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ABSTRACT
Non-work destinations refer to the locational choices of people regarding where they go for nonwork activity. My exploration focuses on the daily trips with a primary purpose of shopping,
entertainment, dining and refreshment in Singapore. The uniqueness of non-work trips,
compared with home-to-work commuting trips, is that we do not observe the spatial tractability
of the alternatives (home and work locations are known). Travelers have flexibility in location
and schedule for non-work destination choices, and such selections repeat day after day. The
flexibility to choose a non-work destination turns the modeling and forecasting of these trips into
a complex task because a combination of factors, including the location of the supply of nonwork activities, the activity pattern of the traveler, and the cost of traveling, affects the selection
of non-work destination alternatives.
This thesis utilizes a spatial-temporal scanning tool on cellphone-locational data to improve the
spatial representation of places with high concentration of human activity, and use these places
as a proxy of non-work destinations. Then, a clustering algorithm characterizes the spaces at the
interior of those previously identified places by the geometry, diversity and density of the
commercial establishments that they contain. Finally, the results of two statistical models that
estimate housing price and destination choice indicate that the characterization of places capture
additional information, which are useful in identifying the characteristics of neighborhoods (or
space) and representing the destination alternatives of non-work activity. The model of
destination choice shows the potential of the method to construct richer spatial nested structures
of destination choice to what is currently in the literature.
The main contribution of this thesis is the systematic development of measures that are useful to
urban planners in characterizing places. These measures can help us to improve our
understanding of non-work destination travel behavior.
Another finding is that the spatial organization of the offer of non-work activities in Singapore is
reminiscent of Central Place Theory. The spatial structure of non-work activities is highly
monocentric, supplemented by additional facilities spread across clearly defined satellite
suburban places. Three places in Singapore emerge as the top non-work destinations: Bugis,
Orchard Road and Downtown. The distinctive attribute of these three places is that they
comprise a diverse and dense number of patches or sub-spaces catering to various audiences.
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Chapter 1
Introduction
The objective of this dissertation is to contribute to a deeper understanding, a better modeling and an
improved representation of the locational choices that people make for non-work destinations.
Specifically, our interest is to measure the degree to which characteristics of the built environmentsuch as transportation infrastructure and land use-affect those destination choices. By non-work
destinations, we refer to the daily trips that have a non-home, non-school and non-work destination.
The scale of analysis is the city, and Singapore is our case study; we restrict our exploration to trips
within the urban space of the city-state. Non-work destinations can have various purposes, although we
are primarily interested in those that involve a shopping, entertainment, and dining and refreshment.
The study of non-work destinations is relevant to the following four academic fields. First, it is important
to transportation, as an accurate modeling of non-work trips is critical for making better predictions of
travel demand, especially for activity-based models. Second, it is relevant to land use and transportation
models of microsimulation in order to inform a more realistic representation of the behavior of the
agents choosing non-work destinations in the geographic space. Third, it matters to real estate
economics to forecast demand for new retail or leisure establishments. Fourth, it is important to urban
planning because planning decisions can affect the characteristics that make a place more or less
attractive as a non-work destination, which in turn will have an impact on transportation and cost of
land. In the following text, we elaborate on these four areas of contribution and conduct a literature
review of the topic.

1.1. Background and Motivation
According to the 2009 National Household Travel Survey (NHTS) data, in the United States households
complete an average of 457 annual trips in vehicle to-or-from-work, 468 for shopping and 436 for socialand-recreational activities. The amount of average trips for non-work purposes is twice as high as
commuting trips. According to the same survey, the average annual vehicle miles traveled (VMT) per
household is 5,513 miles with a to-or-from-work purpose, compared with 2,979 miles for shopping and
4,842 miles for social-and-recreational. Therefore, households travel, on average, almost the same
distances to social-and recreational activities as to work, and they travel shorter distances for shopping
than for the other two. The average number of commuting trips has remained stable since the 1970s,
but the average number of trips for shopping or recreational activities has doubled in the same period.
The large increase in non-work trips took place mainly around the late 1980s and early 1990s (Santos,
McGuckin, Nakamoto, Gray, & Liss, 2011).
In conclusion, non-work trips represent an important share of the total number of trips. An accurate
estimate and forecast of these trips is relevant to anticipate travel demand. Since a large fraction of nonwork trips occur off-peak and congestion occurs mainly during peak hours, transportation planners have
focused on work trips. However, non-work trips are increasing in share and the proximity of non-work
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destinations can affect housing prices, vehicle miles traveled and even the social segmentation of the
urban space. The increase in the number of non-work trips reflects the fact that cities are today complex
places-complex in the sense that they have a heterogeneous offer of leisure that caters to people with
various lifestyles, a recreational offer that spreads across different zones of the city and is no longer
strictly concentrated in downtown areas. Today, there are numerous sub-groups of people with specific
lifestyles, such as soccer-moms, suburbanites, cougars, among many others (Penn & Zalesne, 2007).
There is an offer of services and non-work activities to serve those particular likings of consumption or
lifestyles, which deploy on the urban space making locational choices. Increased car ownership and
increased mobility are important pieces to explain those societal and spatial changes in our cities in the
past decades in terms of mobility and destination choice (Sheller & Urry, 2015). In fact, we anticipate
that non-work trips will become even more significant in the future as cost of travel declines, after
electric and autonomous vehicles become widely available to the public. Consequently, a good
representation of the spatial choices of non-work destinations is critical to forecast travel demand
across transportation zones.
The uniqueness of non-work trips, compared with home-to-work commuting trips, is that we do not
observe the spatial tractability of the alternatives. Travelers have more flexibility in location and
schedule for non-work destination choices, and such selections repeat day after day. By contrast, the
election of home and work locations is not a short-term choice that happens on a daily basis. The
flexibility to choose a non-work destination turns the modeling and forecasting of these trips into a
complex task because a variety of factors can affectthe non-work destination choice, such as the built
environment, the location of the alternatives and their accessibility, socio-demographics and lifestyles as
well as planning decisions altering urban form (Huang & Levinson, 2015). A better understanding of the
nature of these forces and interactions that affect non-work choices is paramount to transportation
demand and to activity-based travel modeling.
A critical element in destination choice is the composition of the set of alternatives. For non-work
destinations, the places that a traveler considers as suitable options to conduct the activity constitute
his or her choice set. Defining a choice set is not a trivial task-it entails at least two problems described
next.
First, the urban space is continuous, but transportation models (and humans' minds presumably too)
consider discrete places as the alternatives in the choice set. Thus, the degree to which statistical
representations are able to categorize potential spatial destinations as discrete places, with defined
geographical boundaries, affectsthe quality of a behavioral model representing those selections. In
general, this is not only a problem for non-work destinations but for any locational model that intends a
representation of the continuous space through a set of discrete elements.
Second, alternatives in a choice set vary in both time and space; they are not static. The composition of
the choice set varies not only across activities but also through time. For instance, suppose a person is
considering a shopping trip. His or her choice set would be different on a Monday compared with a
Saturday, reflecting the different activity tours that people have on weekdays and on weekends. On
Monday, the choice set would be constrained by the location of the workplace, home and the schedule
of activities. By contrast, on Saturday, he or she would have a more flexible schedule and the removed
constraint from the workplace location. Even if this hypothetical person considers the same destination
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for shopping, the geographical boundaries associated with the same place could differ depending on the
selected day.
In summary, the spatial dimension of the non-work choices is the hardest for behavioral models to
represent. Furthermore, we almost never have the data with the level of richness to make an accurate
depiction of the behavioral process of selecting a place. Moreover, a variety of factors influence the
choices of alternatives. The elements influencing the choice are not only distances, attributes of the
person or characteristics of the destination-those three factors blend in complex ways. Urban planning
is important to destination choice because land use and transportation policies affect the built
environment, which in turn affects accessibility and attraction of a destination. Essentially, planning
affects non-work locational choices because people have the flexibility of choice for this type of trip.
There is a gap in how current Land Use Transportation Interaction (LUTI) models handle spatial choices,
including non-work destinations. State-of-the-art LUTI models of microsimulation build on Random
Utility Models (RUM) and economic theory (Adnan, Pereira, ... , & 2016, 2015; Hunt, Kriger, & Miller,
2005; Rinzivillo et al., 2012; Systems, Salvini, & Miller, 2005; Waddell, 2002, 2011). In their
representation, agents in the model make various behavioral choices in the simulated space. For
instance, agents choose where to live, where to work, how to travel, and where to go for leisure. A
number of these decisions have a spatial representation. In other words, elections of alternatives of
where to go, for instance, where to move for a housing relocation simulator, or where to go for nonwork destination in a transportation simulator, are locational choices in the urban space. In the case of
non-work destinations, the locations considered as potential destinations are places, and can assume
various geographical representations ranging from a shopping mall to a region.

&

One gap in the RUM and LUTI models is that they make a crude simplification of locational choices on
the space. On the one hand, these models rely on preexisting administrative polygons, such as
Transportation Analysis Zones (TAZ) or Census Tracts, to define what a place is and what its boundaries
are. The problem is that such definition of places does not truly reflect the activity of the people or the
geographical boundaries enclosing their own definition of potential travel destinations. This can
exacerbate the Modifiable Areal Unit Problem (MAUP), which is a geographical distortion of an
underlying pattern in space by its representation through discrete spatial units (Monmonier, 2014). On
the other hand, when the set of locational alternatives is copious-for instance, when agents consider
housing units for relocation or individual stores forshopping destination-these models do a random
sampling of the alternatives to make the estimation computationally tractable (Castro, Eluru, Bhat,
Pendyala, 2011; Waddell, Bhat, Eluru, Wang, & Pendyala, 2007). Statistically, the sampling is a valid
method to estimate RUM. However, it fails to make a behavioral representation of the alternatives in
the choice set. People are not equally likely to consider every store or every housing unit as a potential
election. When making locational choices, we tend to start by considering one or more possible regions
or neighborhoods that represent broader areas of the urban space.
A contribution of this dissertation is to demonstrate that new large-scale datasets, such as from
cellphones or transit, could improve our spatial representation of locational alternatives, especially for
non-work destinations. In the near future, it is unlikely that we will have an ideal dataset with revealed
preferences of the alternatives considered for destination choice, along with the mental maps of the
geographical boundaries people trace of those places. However, new types of data recently available
can help us improve the way RUM and LUTI characterize locational choices.
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The representation of non-work trips is relevant to real estate and consumer-retail studies as well. To
the best knowledge of this author, the literature has barely explored the linkage between
shopping/leisure trips and destination attraction, which is a rich area of intersection between the
disciplines of transportation and real estate. Thus, better forecasts of destination choice in the urban
space could also help to improve predictions of consumer attraction to planned leisure facilities in the
city. This will also allow the exploration of the impact of proximity to leisure spaces on land cost.
The next section conducts a literature review of non-work destination choice in the transport literature
and in geography. The following section presents the research question, hypothesis and scope of this
dissertation.

1.2.

Literature Review

Literature on Non-Work Trips
Fotheringham (1988) developed a classic behavioral framework to portray consumer choice for
shopping. It builds on economic theory, assuming rational individuals who maximize their utility by
selecting the alternatives with the highest utility. The model accommodates the choices of brands and
stores. We start our review with this model because its framework has been widely used to model the
choice behavior of competing destinations in space, including non-work destinations for leisure and
shopping.
Fotheringham relies on random utility theory to derive a spatial choice model, which considers an
individual located at a place iwho is faced with choosing a retail outlet jfrom a set J, each of which will
generate a certain level of utility, conditional to the sociodemographic attributes of the individual and
the attributes of the alternative. This framework has been extended to model non-work choice
destinations in general, beyond store or brand choices exclusively (Thill & Horowitz, 1997).
According to the same author, there are three types of spatial location choice processes, which we will
describe next. We rely on Fotheringham's typology because he is one of the few authors, a geographer,
to conceptualize the inconsistencies in the depiction of spatial destinations in Random Utility Models
(RUM) that we have described before.
1.

Simultaneous evaluation. Under this theory, every potential destination is an alternative in the
choice set. Under Fotheringham's case of consumer choice, the alternatives are a combination
of brands and spatial destinations-for instance, the brand GAP and the Downtown location
would be an alternative amongst thousands. Individuals evaluate every alternative to select the
one with the highest utility. A multinomial logit is the approach to estimate this type of model,
where Maximum Likelihood gets the estimates of every alternative. The literature considers this
approach as unrealistic from a behavioral perspective because people cannot evaluate every
available alternative. People typically make a decision from a constrained set of options and
take information shortcuts. Moreover, this approach violates the principle of Independence of
Irrelevant Alternatives (IIA) given the spatial nature of non-work destinations: alternatives that
pertain to a same neighborhood might not be independent.
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2.

Hierarchical evaluation with known choice set membership. This process consists of a
hierarchical stepwise evaluation of the alternatives through a nest structure. Suppose a person
selecting a non-work destination for shopping. He or she would first consider a choice set
exclusively within the zones of the city, evaluating the utilities that each zone yields to choose
the best alternative. Say the person picks downtown as the best option. Then, within a second
nest, he or she would consider a new choice set conformed by the shopping stores only within
downtown to select a new alternative of location. A nested logit estimated through Maximum
Likelihood is the statistical representation for this approach. The literature considers-at least
theoretically-that this approach is the right behavioral representation of individual decisionmaking. However, this evaluation process has two problems that make its estimation infeasible
with data from typical transportation surveys.
The first problem is the one referred above: The discretization of a continuous urban surface
onto categorical locations. Places in the choice set are discrete alternatives, while the urban
space is a continuous surface. On a continuous surface representing the city, how do we identify
a place and draw its geographical boundaries? There is a vast and ancient literature in
Geography about mental maps that depict sectorial representations that people make of the
city (Gould & White, 1986; Johnston, 1972) on how our mind defines locations, discretize the
space and trace mental boundaries. Unfortunately, these approaches are mostly theoreticalthey have only permeated marginally other disciplines such as transportation.
Typically, to discretize space and define destinations, transport modeling relies on Traffic
Analysis Zones (TAZ) or similar administrative areal units as the spatial representation of the
alternatives in the choice set. The assumption is that people define a place in the same way as
those administrative jurisdictions define it, which is inaccurate because this would bias the
results.
A second problem is that people structure the hierarchical arrangement of the nests in different
orderings. For instance, assume a person that considers, in his or her upper hierarchy,
alternatives of chain restaurants. Then, in a second nest, considers available locations for the
chain selected before in the upper nest. By contrast, another person could consider location
alternatives in the top of the hierarchy, and the restaurant chains in a second nest. Moreover,
the same person might consider a different nest structure in different day schedules or for
different activities. That is to say, there is a large number of potential representations of nested
structures of alternatives for non-work destinations. The biggest challenge is the lack of data
and information regarding such nesting of alternatives. It would be infeasible in typical
transportation surveys to ask the respondent for such level of detail. In an ideal world, survey
respondents would describe their alternatives fora non-work destination and the mental maps
tracing the boundaries enclosing each locational alternative. Additionally, they would describe
the cognitive process detailing the sequences of alternatives in each nest until a final choice on
destination is made. Despite the lack of appropriate data to calibrate this type of models, the
hierarchical evaluation with known choice set membership is considered the most robust
approximation of destination choice. However, it has been barely implemented in real life due
to lack of appropriate data.
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3.

Hierarchical evaluation with unknown choice set membership, also known as the competing
destinations evaluation. This approach develops a practical solution to the problems inherent to
the two previous models. First, it eliminates the hierarchical nested structure of the choice sets,
proposing a multinomial logit where every alternative is considered. Second, an individual does
not evaluate each alternative equally-a gravity factor determines their weight and utility by the
size of the amenity and its distance to the current location of the traveler. A measure of place
attraction (e.g. number of jobs, surface area for retail) over frictional distance from itoj is the
weighting factor of the utilities. Thus, more attractive or closer places to i receive a higher utility
evaluation when considered as alternatives for destination choice.

The competing destination approach is the workhorse for non-work destination modeling because it is
practical. Its estimation requires only a transportation survey detailing activity, as well as arealaggregated data on land use or employment (Huang & Levinson, 2015; Newman & Bernardin, 2010;
Plant, 2002; Sevtsuk, 2014; Seyedabrishami & Shafahi, 2013; Veenstra, Thomas, & Tutert, 2010). The
problem is that this approach does not solve the problem of discretizing the continuous urban space to
represent discrete alternatives in the choice set. Moreover, it does not have a hierarchical structure of
nests, which would be a more accurate representation of the behavioral process behind non-work
destination choice. The weighting of places by the gravity measure could be misleading because place
attraction might relate to factors other than proximity or size of the amenity.
Huang & Levinson (2015) have posed the challenge of what new methodologies and new insights on
non-work trips could be developed from innovative datasets. The authors used GPS in-vehicle data to
suggest a novel method for generating the choice sets for destination models. This dissertation aspires
to contribute with solutions to the challenge in Huang & Levinson. The objective of this dissertation is
exploring new methodologies that enable the generation of spatial choice sets of non-work alternatives
in transportation modeling, providing a method that makes a better representation of discrete places in
the urban space, and which is suitable to represent a nested structure. Overall, we suggest the usage of
new data from novel sources such as cellphones or transit ridership to gain a better understating of the
non-work destinations and of the behavioral process behind individuals deciding over those
destinations. The ultimate goal is to see whether the built environment has an impact on how people
evaluate alternatives.
In brief, random utility models misrepresent the generation of spatial choice sets with typical data
available from transportation surveys. The incorporation of space in these models requires additional
thinking about the discretization of the options and the nests. In the remainder of this literature review,
we examine literatures from economic geography and urban economics, which have important
arguments regarding the representation of space in non-work destinations.

Agglomeration and Urban Form
&

A portion of the literature on transportation has looked at the impact of urban form and agglomeration
effects on non-work trips (Boarnet & Sarmiento, 1998; Handy, 1994; Rajamani, Bhat, Handy, Knaap,
Song, 2003). They criticize that gravity and destination choice models ignore agglomeration effects
because travelers often choose clusters or groups of nearby destinations that can be visited in a single

22

tour of chained trips. Thus, the alternatives depend on each other, and the choices depend on the
sequences of activities. A proposed solution has been to identify places that attract or repel visitors
based on the two digit Standard Industrial Classification (SIC) of the businesses (Bernardin, Koppelman,
& Boyce, 2009) to adjust the weights and alternatives in the spatial competition of destinations. The
point to remark is that the location of home, work and amenities affect choices of non-work
destinations because travelers enchain trips in an activity-based pattern. As a result, we need to
consider the influence of urban structure on activity based scheduling of trips because the two elements
would affect non-work destination choice. In conclusion, there is flexibility in the selection of non-work
destinations. However, the activity schedule, the mode of transportation and the location of anchor
activities in such scheduling affect the alternatives that travelers consider as potential destinations.
Distance is frictional. Then, we could expect a higher offer of non-work activities in proximity to areas
where works and homes concentrate.
A pertinent question is why jobs and activities do cluster together. First, there is an economic reason for
the agglomeration, known as agglomeration economies. In general, firms and individuals cluster
because they perceive an economic and/or social benefit from getting into geographical proximity
(Duranton & Puga, 2004; Fujita & Thisse, 2013). The spatial location of jobs and services is a product of a
complex mix between land use regulation and agglomeration economies (Scott, 1980, 1988). Similarly,
economic forces and land use regulation together shape the location of retail, shopping and leisure. A
well-known and simple model is that of Hotelling, which points out that retail establishments increase
their market share by locating in proximity to each other (Hotelling, 1929; Marianov & Eiselt, 2016;
Williams & Senior, 1977). Thus, we expect jobs, commercial establishments and leisure facilities that
attract non-work trips not to distribute uniformly in the urban space, but to be concentrated onto
pockets or discrete places. The challenge lies in identifying those pockets or places and tracing their
boundaries-a task that we will attempt in the following chapters.
Similarly, residential location follows a spatial locational pattern-population density and housing prices
distribute neither randomly nor uniformly on space. A rent gradient is there to remind us that
infrastructure and zonal characteristics modify the desirability of a place (Alonso, 1967; Wheaton, 1998).
For the vast majority of workers, place of work and home have different locations in space because of
the spatial clustering of jobs, forcing people to commute. The commuting trip and the location of both
work and home determine their scheduling of activities, which includes their choices of non-work
activities and the alternatives that they consider as suitable non-work destinations.
An important point is the significance of urban planning on destination choice. We have mentioned
already the flexibility for selecting non-work destinations, which we do not observe for work-related
trips. Moreover, accessibility and agglomeration economies affect locational choices of non-work
destinations. As a result, any planning decisions altering the location of residences, jobs, land use and
accessibility have an indirect influence on non-work choice destination. The location of jobs and
rent/density gradients are the skeleton of urban morphology. Additionally, urban form is dynamic-it
changes both in the long and short term. In the long term, factors such as transportation technology,
infrastructure, economic change, population change, and land policies modify location and shape
boundaries for the centers of human activity (Anas, Arnott, & Small, 1998).
In the short term, places exert an attraction of non-work trips through an offer of services, amenities
and a relative accessibility from the stops in the activity schedule of travelers. As a result, boundaries of
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activity centers or places collapse and expand as activity schedules and offer of amenities vary over
time. Therefore, urban form might differ between weekdays and the weekend. An academic tradition
that has looked at the spatial distribution of services and retail in the city is that of Central Place Theory
(Brian J L Berry & Garrison, 1958). It states that commercial establishments have a spatial hierarchy,
where the degree of specialization of the service along with the spatial distribution of its consumer base,
define such hierarchy. The result is to have a concentration of specialized services at certain locations,
where they locate to increase the consumer base.
In summary, places exhibit seasonal and permanent spatial-temporal variation in their geographical
boundaries and the activities that they contain. This spatial-temporal variation is something that typical
destination choice models overlook, and that disciplines other than Geography barely consider (Kwan,
1998, 2013). Traditionally, in transportation modeling effort, a destination alternative is fixed and its
geometrical boundaries do not change to reflect such seasonal variations.

Literature of Time Geography on Spatial-TemporalScales of Human Activity
In Geography, the task of discretizing a continuous urban space to construct spatially discrete
alternatives that we call places is not a trivial task. A place is something to which we give meaning and
attachment to (Tuan, 1977), and define some geographical boundaries. To avoid the problematic
definition of what a place is, we could instead focus on individuals and consider their stops throughout a
day of activity as points that form part of a trajectory along space and time. In the 1960-70s,
geographers studied the relationship between temporal and spatial scales of human trajectory, coining
the concept of spatiotemporal prisms of activity (Hagerstrand, 1967; Carlstein, Parkes, & Thrift, 1978).
According to this body of research, each person possesses a bundle of activities, where each activity
takes place at a specific location and time (e.g. home in the morning, then go to work, go for dinner
after work and then return home). Locations in this context represent not places but only points in
space. We could trace the trajectories of people in three dimensions: latitude, longitude and time. In
this literature, places are not discrete elements with defined boundaries and it does not deal with choice
sets but only explores the nodality of the elements connected in space and time through daily routines.
The main criticism to this literature has come from economics and transportation with the argument
that it is exclusively a geometrical representation without a behavioral model behind choices made. This
is a conundrum because transportation models do not consider space as part of destination choice,
while time-geography considers spaces but it ignores the decision-making-behavioral component of the
locational choices.

Spaces of Activity
An interesting research trying to reconcile destination choice, time-geography and utility models is
found in the classic work of Harton & Reynolds (1971). The authors differentiate between three types of
spaces that individuals build from their locational choices for daily activity: a) objective spatial structure,
b) action space, and c) activity space. The objective spatial structure refers to the locations with all
potential activities in the urban space. The action space is a subset of the objective spatial structure-it
is the collection of locations in the choice set. These places from the action space are in the choice set
because the person possesses enough information on them to evaluate their utility as potential
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destinations. Likewise, the activity space is a subset of the action space. The activity space consists of
the places chosen and visited from the choice set (Horton & Reynolds, 1971). This piece of work from
the seventies is a landmark theoretical construction to reconcile two literatures. The problem is how to
implement it and how to discretize space onto separate places with defined boundaries. At the time, the
authors proposed as a solution what they called as a generalized surface. This surface is a continuous
map of utility that represents the preference associated with each point in space and time. This
approach is infeasible in real life and it does not make an accurate representation of the behavioral
process of destination choice.

Social Fabric of Cities
Let us explore another perspective to the places that concentrate a large proportion of non-work trips.
Edward W. Soja (1986) has called urban nodalities to the spaces of social life. These nodalities are
nothing more than places of activity. For the author, a nodality is a region of encounter where people
are attracted and have a chance to meet. If we consider the city to be a huge network, the nodalities are
the attractors of people (Moraes Netto, 2016); the trips are the edges in this network. An interesting
approach of this literature is the switch from individuals to places as element of analysis, while
considering places as the emergent structure of individual trips. This is equivalent to arguing that a large
network comprises activity spaces and time-geography of the individuals in the city. This is important for
urban planning because mobility and accessibility-in other words, planning decisions-alter the
structure of those nodalities and their role as attractors of non-work trips.

Summary
The workhorse to study non-work destinations has been discrete choice random utility models (RUM).
However, modeling spatial destination choices with RUM presents two problems. The first one is the
lack of information regarding the hierarchical structure of the alternatives. A practical solution to this
problem is the competing destinations model, although it is an inaccurate representation of the
behavioral process of decision. Second, it discretizes the continuous urban surface to make a categorical
representation of places as alternatives.
Even if we could pose an acceptable solution to the problem of discretizing the space, there are other
embedded problems to the definition of destination alternatives-the spatial-temporal variation of
locations is one of them. For instance, people consider different choice sets for non-work destinations at
distinct stages of their daily schedule. Moreover, people conceive different geographical boundaries for
a place depending on the day of the week or time of the day. For a specific given activity, the choice set
of the same person on a Monday morning could be different from that on a Friday evening or Sunday
morning. To gain a deeper understanding of non-work destination choice, we need to develop new
methods and models that reflect such complexity. In the past decade, there has been a number of
efforts to represent, at least theoretically, the complexity on destination choice and activity. However,
those efforts have failed to get into the details of proposing a workable technical solution with the
typical data that we count on. For instance, in transportation surveys, we do not observe the action
space of travelers; we are able only to reconstruct their activity space based on the places that they
visited. Moreover, transportation surveys do not contain a spatial and temporal resolution sufficiently
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detailed to identify the nodality of the non-work destinations and trace the boundaries of such nodes. It
is crucial to have a deeper knowledge of such nodality of trips, places visited, and activities in order to
make accurate representations of destination choice for non-work trips. We are certain that new
techniques of spatial data analysis and machine learning, combined with large-scale datasets, could
contribute to the representation of non-work locational choices.
We have presented concepts such as nodalities, regions of encounter or agglomeration economies. The
important part of that discussion is that, regardless of the theory that we count on, either for social,
geographic or economic reasons, a limited number of places with clear defined geographical boundaries
concentrate the bulk of activity in the city. Consequently, in some degree those places concentrate a
large or small number of non-work trips' arrivals. The goal of this dissertation is to identify these places,
explore their characteristics, trace their geographical boundaries, measure the density of non-work
trips, analyze the attributes that make them very attractive and observe the profile of their visitors. This
is important for urban planners because of the relevance of non-work trips and the importance of their
accurate representation to forecast travel demand.

1.3. Research Questions and Case Study
In this section, we present the research questions guiding the exploration of non-work destinations. A
first set of questions intends to clarify a method to identify and characterize non-work destinations of
travelers in the cities, systematically and from data. How can new sources of data contribute to such
effort? How can we include the temporal dimension of activity in destination choice? Could such
method make a more behavioral representation of discrete spatial alternatives?
A second set of questions seeks to exploit the potential of our richer characterization of place, as
defined in the preceding set of questions, in order to identify the attributes of place that appeal to the
non-work visits. How relevant are the distances to home, to work, or to locations of daily activity when
choosing a non-work destination? What attributes of places appear to attract a large number of nonwork visits exhibit? Why are these places very attractive? What elements define a place that is
successful attracting non-work visits?
Singapore is our case study, a city-state of 5.5 million inhabitants in the Southeast Asia region. The
combination of specific policies of land use and transportation make it an exceptional case for exploring
our subject. The government has implemented a number of plans for land use and transportation
policies to incentivize a transition from a monocentric morphology to a polycentric one. Today, the city
has a polycentric structure, although its old core center is still predominantly for commercial activity,
and it concentrates a large fraction of jobs in finance and banking. The city has a large transit network,
supplemented by car infrastructure as well. In general, every corner of Singapore is accessible by public
transit. The regional sub-centers of activity resulting from such effort of decentralization of activity
contain a mix of residential, retail, amenities and jobs. The city has control of the land, which allows it to
implement policies of ethnic and socio-economic integration to prevent the emergence of ghettos or the
split of the city onto ethnic or economic quarters. In summary, Singapore is unique for exploring nonwork destinations because people have a wider offer of alternatives spread across the city, not only in
the central area. Barriers to mobility are low. Alternatives of consumption disseminate across a number
of sub-centers in the city.
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The next chapter revisits in more detail this special arrangement in land use, housing and transportation
in Singapore. Additionally, the Singapore-MIT Alliance for Research and Technology (SMART) made
available for this project high-resolution locational data from cellphones, transit usage, and a detailed
transportation survey for exploring the questions raised before. Data with high temporal and spatial
resolution enables the development of methods that we mentioned for exploring new directions of
research on the subject.
The dissertation structures into two large theoretical components that agglutinate the chapters. The
first one is an exploration of the demand of the non-work destinations, exploring transit ridership to
non-work destinations and the profile of the travelers. The analysis of an origin-destination travel survey
supplements such exploration. The second component is the analysis of the supply of non-work
activities, by characterizing the commercial clusters in Singapore, and measuring their impact on
housing prices.

1.4.

Dissertation Contribution

This research attempts making five contributions to ongoing discussions in urban planning and
transportation.

Contribution 1: Urban Planning.
In Singapore, there is a new trend to plan for developments denominated "work + live and play"
communities. A landmark project of this type is being built in the neighborhood of Woodlands, following
principles of the new urbanism and mixed uses (Katz, Scully, & Bressi, 1994; Talen, 2002). The objective
is to inspire sustainable developments where people need to travel fewer miles as their home,
workplace and leisure options are in close proximity to each other. The point is that a precise
investigation on the characteristics that make a place attractive as a non-work destination is needed for
exploring the impact of this new type of developments on the non-work trips of residents, visitors and
workers. A question that we seek to answer is if non-work destinations are just a matter of physical
proximity or if there are any other attributes inherent to the place that make a potential destination
more attractive.

Contribution 2: Land Use and Transportation Policies.
Transportation infrastructure and land use have an effect on accessibility and on the characteristics of
the urban space. Thus, this study contributes to unveil elements that scenario planning should consider
forecasting non-work trips, in order to make a more realistic representation of the places as potential
destinations for subgroups of the population.

Contribution 3: Representation of Spatial Choice Sets.
Relying on administrative jurisdictions or boundaries as the solution to discretize space and form the
spatial choice sets is inaccurate because it does not reflect preferences of individuals. In an ideal world,
we would have information of mental maps drawing the boundaries of what people define as a specific
place. Instead, as a suitable solution, we suggest relying on data from cellphones combined with a
space-time detection algorithm to detect spots with high concentration of activity. This will help define
the boundaries of places based on activity itself. This is a bottom-up approach where the boundaries
emerge from the activity combined from several individuals at such location at a time. This is a novelty
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to solve the problem of forming spatial choice sets of destination, and it could be extended to any
locational models besides those of non-work destinations.

Contribution 4: Transportation Demand.
A more accurate formation of the spatial choice sets for destination election, along with a better
representation of the attributes of each of those alternatives in the choice set, will contribute to better
transport demand forecasting of non-work trips. We have mentioned that a large fraction of trips are
non-work, thus a better forecasting of these destinations could generate a major impact on
transportation planning. Additionally, a better understanding of the characteristics of places attracting
many trips will become very relevant in the years to come, as locational decisions in the city are more
complex. Autonomous vehicles promise to reduce the cost of travel. Thus, if cost of travel decreases and
people gain in mobility and accessibility, it is essential to determine what type of attributes people look
for at places for non-work activities, particularly for leisure or shopping.

Contribution 5: Real Estate.
Finally, if specific physical characteristics of a location matter to people to select destinations for leisure,
and real estate could influence a number of those same characteristics, then those elements can make a
place more or less desirable as a non-work destination. For instance, a particular geometrical
deployment of retail or the mix of commercial establishments with anchor stores can make a location
more attractive as a destination amongst other similar alternatives in the city. Then, models of non-work
destinations can simulate anticipated demand for new real estate commercial developments given the
predictors of non-work trips.
The following chapter describes the first step, which is a method to identify the nodalities or the places
attracting a large density of non-work trips. It uses cellphone data and relies on a technique of pattern
detection from machine learning to achieve such purpose.

1.5.

Dissertation Outline

Chapter 2 defines our unit of analysis and proposes a systematic and replicable method to identify
places of non-work activity, utilizing locational requests from cellphones and a pattern detection
algorithm. The method identifies a range between 80 and 90 places in Singapore with high
concentrations human presence. Chapter 3 conducts a test of internal validity of the places identified in
Chapter 2 as suitable unit of analysis to aggregate non-work trips. The analysis explores spatial
differences across Singapore in the aggregated choices by place of workers, residents, and visitors.
Chapter 4 systematizes the analysis of non-work travel using a transit data ridership. This analysis
employs principal component analysis and k-means clustering to construct a typology of place by the
aggregated trips of non-work activity. Four places appear as the largest attractors of non-work activity in
Singapore. Chapter 5 utilizes the latitude, longitude and type of the commercial establishments within
the places to build a systematic and replicable method to characterize those places in a meaningful way
to explore non-work activity and built environment. For instance, this typology classifies patches as
shopping malls, commercial strips, food markets, mixed retail or plazas with supermarkets, among other
possibilities. Chapter 6 tests the internal validity of this characterization by exploring the association
between classification of commercial patches and price of housing. Chapter 7 reproduces one of the
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classic models of non-work destination choice in the literature of transportation to test our definition of
place from Chapter 1, and the characterization of these places from Chapter 5. Finally, the last chapter
summarizes the analyses and results and draws conclusions regarding our research questions and the
main contributions of this dissertation to urban studies and planning..
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Chapter 2
Characterization of Non-Work Destinations
in High Density and Transit Oriented Urban
Areas
2.1. Introduction
Enhanced mobility, rich lifestyles, and dispersed location of opportunities enable the formation of rich
non-work destination choice sets. A deeper understanding about the influence of urban structure and
mobility on the choice sets is critical to build better activity-based models in transportation.
This chapter identifies places that concentrate a large proportion of activity in Singapore and explores a
methodology to discretize the space onto place-alternatives for destination choice. The methodology
utilizes a spatial-temporal algorithm of pattern detection based on cellphone data aggregated into a
"SpotRank" measure of hourly relative frequencies within 100x100 meter cells. The Skyhook Company is
the proprietary of the SpotRank data (Skyhook,2012) . After identifying spatial-temporal clusters, we
explore a selection of six popular places to recognize attributes that will be relevant in subsequent
chapters to our effort of characterizing non-work destinations. Our study shows a rich variation across
these six cases, in the spatial and temporal scales of activity and in the internal distribution and mix of
activities. Identifying and characterizing 'non-work destinations' demands the consideration of several
dimensions and scales. Places with high concentrations of urban activity in Singapore offer a mix of
dwellings, jobs and commercial engagement, although in different blends. This blend and spatial
structure provides rich information about the character and location of non-work trips.
The objective of this chapter is to propose a meaningful and replicable method to identify and
characterize non-work destinations. It intends to draw boundaries around what people consider a place
in a nest structure of spatial alternatives for non-work activities. These choices are conditional on
lifestyle and demographics, location of activities and characteristics of the places where the offer is
located. A combination of the attributes of the place and the attributes of the individual affects the
choices, in addition to the time and cost of transportation from the ending point of the previous trip.
Any enhancement of mobility in dense urban areas has an impact on the access people have to
opportunities of consumption and employment. Evidence suggests that saving time and costs on
transportation motivates people to travel further to seek those opportunities that yield them higher
utility payoffs, and it also encourages them to visit places of lower accessibility that otherwise would not
be considered (Golob, 2000; Maat, van Wee, & Stead, 2005).
Likewise, the geographical location of jobs, consumption and facilities across the urban space influences
the choices people make for non-work destinations. Suppose we consider three archetypes of urban
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structure: monocentric, polycentric and scattered development. Research has found that cities do not
conveniently fit into a single archetypical definition of structure. They instead tend to combine elements
of those three types: a predominant center with significant activity, a number of satellite sub-centers
spread across the metro area, and facilities or services scattered everywhere (Angel & Blei 2016).
A combination of lifestyle and demographics influences the following nested elements: the choice set of
possible activities, the mode of travel to engage in those activities, and the choice set of specific
destinations for the selected activities. For instance, a car sharing option might be more appealing as a
mode choice to people from a particular lifestyle or demographic, pursuing a particular activity at a
given destination (Walker & Li, 2007).
Therefore, a combination of urban structure, plus increased accessibility to places scattered across the
urban space, produces an environment dominated by complex locational choices, where elements other
than exclusively distance affect the decisions of where to go, especially for non-work choices. These
other elements refer to the utility payoffs people obtain from choosing a specific location for an activity
among several alternatives. This chapter develops a method for identifying and characterizing spatialtemporal clusters of places that provide attractive non-work destinations.
The structure of the chapter is as follows. First, we describe the unique combination of urban structure,
mobility and lifestyle that we find in Singapore-our case of study. Next, we propose a method to
delineate urban structure and non-work destinations. Finally, we discuss the validity and extension of
the findings.

2.2. Singapore as a Case Study
Singapore has an exceptional combination of a polycentric structure, high mobility and diverse lifestyles,
which offers an opportunity for exploring the impact of such particular combination onto both the
characteristics of non-work destinations and the choices people make over those destinations. In this
section, we will describe the spatial arrangement of those elements in our case study.

Urban Structure
The economy and built environment of Singapore evolved from a trading post of activities located in the
old port. Historically, the enclave around the port concentrated the harbor facilities and was the core of
the town. The physical built environment consisted mainly of two or three story residential buildings
with commerce and firms in the ground floors. Between 1968 and 1977, the Urban Redevelopment
Authority launched a program of renovation to double the square footage of space dedicated to
shopping, office and hotels in the central area. Since then, it has remained as the Central Business
District (CBD) (Alatas & others, 1989).
Planning, as a tool to alter urban structure, has a long history in the city-state, dating since the Jackson
Plan of 1822 implemented by the British colonial authority. Subsequent master plans such as those from
1952 and 1971 were very influential and reinforced the monocentric structure of the city. The CBD
concentrated most of the jobs and financial activity for the second half of the twentieth century. In
general, plans from the period between independence in 1965 and 1991 attempted to decentralize
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housing, while concentrating jobs in the center at the same time. The urban morphology during that
time reassembled a concentric circle structure (Dale, 1999).
The Concept Plan of 1991 was a turning point in the history of planning in Singapore. This plan
suggested the transition towards a polycentric structure, as a measure to alleviate congestion in the
center and to guarantee sustainable growth of the city in the years to come. The innovative aspect of
this plan is that it outlines, for the first time, not only the decentralization of housing as previous plans
suggested, but also the decentralization of jobs out of the CBD. The goal was transforming the urban
form into concentric circle structures of corridors, in order to decongest the central area of the city. The
plan suggested the creation of ten city towns with mixed uses, four new regional centers and two
corridors connecting a number of areas in between. It also laid down the location of business parks,
manufacturing and industrial facilities along the corridors. State land ownership of about 80 percent of
the land granted the state legal rights to undertake a substantial transformation of the morphology of
the city (U. R. Authority, 1991b; Dale, 1999).
Currently, evidence suggests that the city is polycentric, although with a central area still having an
important role as trip attractor and job concentrator, especially for the finance industry (Zhong, Arisona,
Huang, Batty, & Schmitt, 2014a). The structure of the city is between monocentric and polycentric,
moving towards the latter. Neighborhoods in Singapore offer at least a minimum level of accessibility to
transportation, jobs and services (Haila, 2016; Huat, 2011; Soh & Yuen, 2011a).

Transportation and Mobility
Singapore levies high taxes on car ownership. There are about 0.8 million cars for a population of 5.3
million, with 63 percent mode share for transit during peak hours. A rail network extends for over 153
km, with 140 train stations in service and 22 bus interchange stations (L. T. Authority, 2012). These
facilities spread across the territory, providing easy and inexpensive access to almost everywhere. The
rail network enables not only fast commuting to the CBD, but also connections between sub-centers. A
fleet of 27,000 taxis supplements the transit network (L. T. Authority, 2012). Recently, app-based taxi
hailing services such as Uber or Grab have gained market share. Thus, mobility is high and most places
are accessible through transit from all parts of the city. Mobility will continue to improve, as the
government is currently building two more subway lines and is exploring options to offer a pioneering
service of car sharing with autonomous vehicles (Transport, 2017).

Lifestyle
Singapore is a diverse community: foreigners represent about a quarter of the population (both low and
high skilled) (Ye, 2016). A majority of the citizens and permanent residents have Chinese, Malay or
Indian ethnic background (Singapore, 2016). The government has been active in forcing ethnic mixing
through its housing policy. Residential segregation is low thanks to government intervention in the land
market. Planning guarantees a mix of housing in new towns and redeveloped areas, catering for various
cohorts, lifestyles, and income levels (Soh & Yuen, 2011a). The country has the fourth largest per capita
income in the world, of which households spend an average of 30 percent on food, shopping and
recreation (Singapore, 2013).
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This particular combination of elements of urban morphology, lifestyle and mobility suggests that the
country is a suitable case to study its influence on the locational choices of households pursuing
alternatives of consumption, and on the characteristics of the places attracting such visits.

2.3.

Methods

Our method seeks to identify places with the highest concentration of activity in Singapore with the two
following purposes. On the one hand, several places with peaks of activity are popular non-work
destinations. On the other hand, places with peaks tell us not only if the city is polycentric or not, but
they also provide us with information on the scale of activity. Once the peaks are identified, the next
challenge is applying the data to differentiate non-work from work and residential places that might also
host high concentrations of people.
In our method, accounting fortemporal variation is important because a distinction between peaks in
the morning versus in the afternoon is relevant to set a profile for non-work destinations. Another
important feature of our method is its capability to draw boundaries of places with peaks, without
relying on predetermined administrative boundaries. The chosen data showing such time-space
variation is a 'SpotRank' measure of the relative concentration of personal activity within 100x100 meter
grid cells during each hour of the week. The method consists of a space-time detection algorithm for
extracting clusters from the SpotRank data. The following two subsections describe the dataset and the
scanning algorithm.

Data
The SpotRank dataset we use summarizes locational requests of cellphones during the period of January
1 - July 31, 2012. It reports them as a space-time score of the number of requests from 100x100 meter
grid cells during each hour of the week. The dataset aggregates the request by time and place of
occurrence, reporting the score by time slot and cell grid. It then normalizes the number of requests by
the total number in the metropolitan area, reporting them as a score. Thus, it normalizes the scores by
the total activity at that particular slot of time over the entire grid. The dataset contains data from the
total number of users with cellphones and locational services that used software provided by the
Skyhook company. At the time (2012), Skyhook provided location-finding services' for the majority of
cellphones in Singapore. The data is proprietary; the Singapore - MIT Alliance for Research (SMART)
acquired it and made it available for this project.
The data is reported as a spatial grid with temporal resolution. The grid for Singapore has 30,649 cells
with a spatial resolution of 100x100 meters each. The 168 slots of time represent the 24x7 hours in each
week. Thus, the dataset contains 168 scores for each cell, representing the average cellphone activity in
that place, at that particular time, during the six-month period of data collection. The score ranges from
0-9, where zero is no location requests and nine is many. Skyhook, the company that collects and owns
the data, normalized the number of requests for the six-month period to generate the 0-9 index for the
time slots of a week. For instance, a given score for time slot Monday 9-10 am for cell 1 represents the
1 The Skyhook estimates of cellphone location are generally more accurate than the typical CDR-based cellphone
traces based on cell tower connections. The Skyhook estimates use onboard software that interpolates location
based on any location tools that are available in the phone, including WiFi and/or cell tower triangulation and GPS.
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average of the requests during that hour for that cell over said period, normalized by the total number
or requests in Singapore. Even if data are biased towards a specific population of users, it is a proxy of
human concentration in the city, given the already high market penetration of smartphones in
Singapore in 2012. Figure 1 shows the grid forthe city.

Figure 1. SpotRank Grnd inSingapore, 1X0x100 meter cells. Empty space corresponds to water cat chment areas and natural
reserves.

Detection of Space-Time Clusters with Peaks of Activity
A space-time statistic based on the normal probability model is the method to detect places and
schedules with peaks of activity (Kulldorff, Huang, & Konty, 2009). The tool works on the score from
T"
SpotRank as the input measure. The software used is SatScan (Kulldorff, 2010), an open source tool for
anomalous pattern detection. The method consists of a cylindrical scanning window in three
dimensions: latitude, longitude and time. The moving window tests different radiuses and heights to
detect unusual low and high records of the SpotRank score in the grid. The radius varies continuously
from zero up to an upper limit, in our case set to 1 Km. We set the threshold to 1 Km because our
interest is to characterize places at the scale of neighborhoods, and a 1 Km diameter is a reasonable
upper limit for a walking distance between places in Singapore. We also set the temporal window of
scanning to intervals of 2 hours.
SatScan calculates a log-likelihood ratio test from a likelihood computed under the null hypothesis (of no
spatial-temporal clustering) and an alternative. The tool examines several radius and heights of the
cylinder, computing a ratio test for each combination. Under the null hypothesis, all observations come
from the same distribution. Under the alternative, there is one cluster location at circle z where the
observations have either a larger or a smaller mean than outside of that cluster. We restricted the
search to only concentrations of high values.
The log-likelihood under the null hypothesis is:
InL0 = -Nin(V2)

-

Nin(oe)

-

L

2a 2

(1
34

N is the number of cells in the grid; xi are the observed values in the centroids of each cell in the grid.
Under the null hypothesis, the maximum likelihood estimates of the mean and variance are [t =

-

N

and

where X is the sum of all observed scores. The statistics in the null depend on the values

02

of the entire grid.
While under the alternative hypothesis, the log-likelihood is specific to each cylinder z tested by the
scanning algorithm:
InL 1(z) = -N1n(V2) - Nln
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Where oz2 is specific to each cylinder z, defined as:
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Where pz represents the average score inside of the cylinder z, while yz is the average score outside of
it. Their computation is with the following formulas: pz = L and Yz =
nz
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The method returns a statistical significance test based on a number of likelihood tests computed from a
Montecarlo permutation of the data. For each potential cluster, the method reproduces a large number
of random data sets by randomly permuting the observed values across the grid. For each random
dataset, the log-likelihood In L(z) is calculated for every cylinder. It identifies the most likely cluster and
records its log-likelihood ratio. Then, it compares the likelihood of the most likely cluster against the
likelihoods from the random datasets to compute a significance level. The advantage of this procedure
of randomization-permutation using the same observed scores in the grid-instead of drawing random
values from a normal distribution-is that the results are valid even if the SpotRank scores do not come
from a normal distribution (Kulldorff et al., 2009).
To operationalize the analysis, we split the 7 days of SpotRank data into files for each day, running the
algorithm separately on each. The purpose of analyzing the data by day is twofold. First, it is
computationally more manageable as it takes several hours to complete only a single day of scanning.
Second, we expect systematic differences in daily patterns, and the results across days allow for the
comparison between the locations that the algorithm identifies.
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2.4. Results
Table 1 summarizes the results across the 7 days: the number of detected clusters or cylinders, their
average radius and the number of these clusters occurring in the morning, evening and night shifts.
Number of
statistically
significant clusters

Average Radius
(Km)

Number of clusters
before 4 pm

Monday
Tuesday
Wednes day

106
128

0.42
0.36

32

0.34

39
32

66

127

64

Numt er of
cluste rs after
9 pm
21
23
31

Thursda y

138

0.34

38

76

24

Friday

137

0.32

37

75

25

Saturday

145

0.31

48

77

20

Sunday

125

0.37

86

25

14

Number of
clusters from 4
to 9pm
53

Table 1. Summary of results ofScanning Algorithm in SatScan with the SpotRank Data for Singapore

The number of clusters is stable from Tuesday to Friday. Monday is an atypical day because it has a
fewer number of clusters but a larger average radius. A possible explanation for this pattern is that
people concentrate around fewer but wider areas on Mondays. It could be that, on Mondays, people
prefer going home after work, or doing after work activities closer to their home or work place.
Saturday records a jump in the number of clusters, indicating that people concentrate more around
more specific and narrower areas than on weekdays.
Sunday also exhibits a very different temporal and spatial pattern. People concentrate around fewer
clusters with wider areas than on Saturday; the peaks of activity on Sunday contrast with other days,
even with Saturday, because the peaks are in the morning.
Regarding the temporal boundaries of the peaks of activity, Table 1 shows that the greatest number of
peaks occur between 4 and 9 PM. These peaks reflect a combination of the peak hour of departure from
work, and the non-work activity happening after hours. The clusters after 9 PM correspond mostly to
areas with concentration of non-work activity, such as Bugis or Geylang. Meanwhile, the clusters before
4 PM correspond to areas with high concentration of jobs, such as downtown; the time frame of these
peaks is coincidental with either the peak hour of arrival to work (8-10 AM) or with lunchtime (12-2 PM).
illustrates the boundaries of the clusters detected in SatScan on Tuesday and Saturday. To make
the map more readable to the viewer, we only show two days of activity.
Figure2
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SpotRank places on Tuesday

0

SpotRank places on Saturday

0o

Figure 2. SpotRank Comparison of Clusters between Tuesday andSaturday

From Figure 2, the reader could notice that the clusters' boundaries and radiuses fluctuate. A number of
them become wider, others disappear or shrink, and new ones emerge, while others remain unchanged.
For instance, note the reader how a cluster in the central area along Bukit Timah and Stevens MRT
station fades on Saturday. This area consists mostly of office space and high income residential. By
contrast, a number of clusters appear on Saturday along the East Coast Park, which is a popular
destination on the weekends. This is an indicator that places, that is the spatial discretization of the
urban space expressed through places, is not fixed over time. It fluctuates, and the same occurs with the
urban form and centers of activity.

Validation with the Household Interview Transportation Survey (HITS) 2012
To measure the validity of our results in identifying places with high concentrations of activity, we
compared the boundaries of the clusters against a transportation survey from 2012. The HITS of 2012
reports travel logs of 35,714 individuals during a day of activity, summing up to 70,987 trips. Each trip in
the HITS reports an origin and a destination by postcode. In Singapore, a postcode roughly corresponds
to a building in the densest urban areas. For each trip, it also details the type of place visited (e.g.
airport, restaurant, work place, among others), and the purpose of travel (e.g. shopping, education,
dinning, among others). Identifying non-work trips is a combination of both purpose and place.
From the 70,987 trips, we filtered those that had a destination falling within the boundaries of the
SpotRank clusters from Monday to Friday. Thus, we found 60,765 trips within a SpotRank cluster, which
represent 85.6% of the trips. In summary, our method is effective in identifying and drawing the
boundaries of the places of activity-it discretizes the urban space onto categorical places that absorb
more than four fifths of activity. More than 200 combinations between type of place and activity exist in
HITS; Table 2 summarizes some of the most typical ones.
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Type of Place

I
Purpose/Activity

# of Trips
in HITS

# trips of
HITS within
SpotRank
Clusters

Shop/shopping center

Accompanying

_________________someone

Percentage
within
SpotRank

99

98

99.00%

Food ce nte r/restaurant

Dining, refreshment

1,274

1,165

91.40%

Shop/shopping center

Dining, refreshment

618

611

98.90%

School

Education

8,819

7,593

86.10%

Residential (yourhome)

Household activities

35,137

30,779

87.60%

Office

Pick-up Drop Off

513

433

84.40%

Park/open space

Recreation

236

176

74.60%

Food center/restaurant

Shopping

1,270

1,148

90.40%

Shop/Shopping center

Shopping

1,867

1,825

97.80%

Hospital

Working for paid

679

612

90.10%

Industrial/factory

Working for paid

3,167

1,538

48.60%

Food center/restaurant

Working for paid

501

447

89.20%

Office

Working for paid

9,688

8,318

85.90%

Shop/shopping center
Working for paid
1,554
1,446
93.10%
Table 2. Comparison of the trips in HITS by type of place and activity declared at the destination. Percentage of those trips that

fall within the SpotRank clusters
From Table 2, it is remarkable that the clusters capture not only non-work destinations, but also
residential, commercial and work locations. The tool captures every spot in time and space that exhibits
an unusual high peak of smartphone usage. However, the proportion of non-work destinations for
shopping or dining that takes place at shopping centers or food centers is close to the 100 percent
within our clusters. Practically, every trip to a shopping mall, regardless of its purpose, happens inside a
SpotRank cluster. The only low values are for low-density workplaces, such as the industrial/factory and
park/open space.
The comparison between the purpose and activity of the trips in HITS and the SpotRank clusters
suggests that a majority of the clusters attract a variety of trips: trips with different purposes, visitors
searching for leisure activities, workers coming to their jobs, residents reentering home and residents or
workers searching for leisure. Reality is complex in Singapore because places congregate a plurality of
activities and trips with different purposes. Characterizing these places or clusters from the data of
SportRank allows us first to discriminate exclusively residential or work places; second, to build a
typology of those places that encircle non-work trips. The question is what data do we need to
approximate such task? With this purpose in mind, we took a deeper exploration into the geometry of
the clusters and then focused on six of them using different data sources.

2.5. Geometry of the Clusters
Recapitulating, we ran the scanning algorithm separately for each of the seven days of canonical data.
As a result, the tool generated a set of cylinders for each day that contains an unusually high level of
people concentration compared with what a uniform distribution would yield. For our purposes, a
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cylinder is a spot in which activity takes place. The variation of the boundaries of these spots across the
seven days of data provides valuable information about the human activity in place within the circles.
For our objective of discretizing the space onto categorical places, this variation is a problem because
the boundaries are not stable over time. Therefore, a "place" can have different boundaries depending
on the day of the week or hour of the day. That variation is what we expect to result from the
interaction between human activity and places. As time elapses, the variation in activity modifies the
boundaries and definition of what a place is. In addition, a place can have different audiences of visitors
at different times, whose mental maps draw the boundaries of the place differently. For instance, a
place such as Orchard Road attracts visitors who are immigrant workers, but it also attracts high-income
individuals. Visitors arrive at different times and use different sub-spaces within the cluster.
Consequently, the urban morphology of the cities is not static; it has cycles and systematic changes in
time. The variation in structure is problematic because, for instance, two places could merge into a
single one on a Sunday morning, due to activity ongoing in a street market. However, the challenge is
drawing the geographic boundaries of these 'places'. To gain a better understanding of the variation of
these potential geometries, this section explores the geometries of the output circles, comparing
boundaries across days and across places. Through this comparison, over the seven days of data we
identified 98 discrete places in Singapore. Similarly, 20 of the 98 places were personally visited to
conduct an observational study.
A majority of the places exhibit cylinders detected by the scanning algorithm on both weekends and
weekdays. Recreational places like the zoo or the beach resort of Sentosa have clusters only on the
weekend. In general, most of the 98 places have similar boundaries from Monday to Thursday; most of
them show the same boundary also on Friday; and a much-reduced number has similar boundaries the
seven days of the week. The day the boundary of a circle shifts entails important information about land
use and activity patterns in the area. For instance, a shift of the cluster boundary on a Friday night is an
indicator of the popularity of the place as a destination for leisure.
In the remainder of this sub-section, we present the most common geometries of the resulting
SpotRank cylinders, using representative cases of the 98 places. For every place, we draw the clusters
for each day. A color code differentiates the clusters Monday-Thursday, Friday, and Saturday-Sunday.
The reader will find a legend at the right of each map indicating the corresponding colorcode for the
circles.

Boundaries with a large degree of overlapping from Monday to Sunday
This first geometry corresponds to places in which clusters from SpotRank present a high degree of
regularity in the geographic boundaries of the circles. Figure 3 presents the cases of Ang Mo Kio and
Clementi.
Ang Mo Kio offers the most regular boundaries in Singapore because the seven circles or clusters from
each day totally overlap. The picture only shows the purple circles for Saturday and Sunday because
these superimpose on the others.
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Figure 3. Daily clusters from SpotRankforAng Mo Kid (left) and Clementi (right)

In Clementi, the overlapping of the circles is not as sharp as in Ang Mo Kio, but their boundaries still
show a high degree of overlapping. The boundaries in Clementi turn slightly wider on Friday, while they
shrink on Saturday. The extreme regularity of the boundaries of Ang Mo Kio is unique. The pattern of
Clementi is common to other cases, such as Toa Payoh, Bedok, Vivo City, Sin Ming and Hougang.

Boundaries with regularity but with some shifts
The pattern of regularity in the boundaries of this group is comparable to the previous case of Clementi.
The difference is that the shifts in these clusters are more pronounced, and the degree of overlapping is
lower. Figure 4 shows three emblematic cases: Orchard Road (left), Tampines (center) and Marine Parade
(right). The legend at the top right of each map indicates the color code for the circles.
On Orchard Road, the boundaries of the clusters in a weekday (orange) shift south, reflecting the activity
at job locations in that zone. From Friday to Sunday, the clusters slightly displace towards the north. The
reason of the displacement can be the increased activity in the north area and/or the lack of activity in
the office locations of the south on weekends.
We could observe a similar pattern in Tampines on Saturday and Sunday-not on Friday-of a shift
towards the east direction. Marine Parade has a very regular pattern that could easily fall in this group
or in the previous category of almost perfect regularity.
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Figure 4. Daily clusters from SpotRankfor Orchard Road (left), Tampines (center), and Marine Parade (right).

The pattern of regularity with a minor shift over the weekend is common amongst the 98 places of
SpotRank. It is a minor shift because the area of the circles still exhibits a high degree of overlay when
considered together. Other places with this pattern are Sembawang, Senkang, Woodlands, Choa-ChuKang and Geylang. In general, places with this and the previous pattern of regularity are the easiest to
characterize, and the easiest to discretize because the geometric limits of the circles show stability
through time. The patterns that we review below have intricate variations in radius and location,
especially on Friday, Saturday and Sunday.

Circles that turn wider on the weekend
This pattern consists of circles with regularity on weekdays, but circles enlarging to cover a wider area
on Saturday and/or Saturday. Places that display this geometric pattern are Jurong East, Kovan, Yishun,
Pasir Risk Park, Marsiling and Mountbatten. Figure 5 shows the clusters for three of these places.
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Figure 5. Daily clusters from SpotRankforiurong East (left), Kovan (center), and Yishun (right)

In Jurong East (left pane), the boundaries of the clusters tend to be consistent from Monday through
Saturday, though the cluster expands and shifts northwest on Sunday. The new area to where the
Sunday cluster expands corresponds to high-density social housing. There are several reasons that could
explain the shift, from amenities such as street markets to people heavily using their smartphones from
home. We need further exploration of these movements. The expansion and shift of a Sunday cluster is
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even more dramatic for Kovan (center pane), whose Sunday circle enlarges to encompass an area of
high-density social housing.
Finally, the clusters from Monday to Thursday are identical in Yishun (right pane), while the cluster
shrinks to a smaller area on Fridays. The zone in which this place reduces to is a commercial mall and
retail area outside of a train station. The clusters at Yishun on Saturday and Sunday expand to cover a
broader space of high-density social housing. In fact, a common element of places with this geometric
pattern is that the enlarged circle over the weekend tends to comprise dense residential areas of social
housing, presumably with activities or amenities for the residents who stay in the area during the
weekend.
In general, for the geometric patterns that we review, it is hard to identify the activity causing the shift
of the boundaries without more data. Three elements seem important to explain that shift: 1) the land
use mix; 2) the spatial structure of retail, but also of jobs and housing; 3) the trips of people traveling
from/to those transition zones.

Regularity from Monday to Thursday with a shift on Friday
This is an atypical pattern with only two cases observed in Singapore. We describe them because they
correspond to iconic places in the city: Downtown and Bugis. The pattern consists of having regularity in
the boundaries from Monday to Thursday, on Saturday and Sunday, but not on Friday. Friday is atypical
because the cluster shifts to another place within Downtown and it splits in Bugis. Remarkably, Saturday
and Sunday have regular boundaries, comparable to those from the weekdays, but with different peak
hours. We will see in other patterns below that the atypical cluster is generally on Saturday or Sunday,
but not on Friday. This is a unique feature of Downtown and Bugis. Figure 6 shows the clusters for these
two places.
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Figure 6. Daily clusters from SpotRankfor Downtown (left), and Bugis (right)

Two clusters emerge in Downtown on Friday, overlaying a portion of the circles from the other days, and
at the same time encompassing a wider area not contained in the clusters of the days before. The Friday
cluster at the bottom of the figure has peak hours from 12 to 2 pm, reflecting the morning work activity
of the financial district. In the meantime, the circle at the top of the figure has a peak of activity
42

occurring in the evening at 6-8 pm; its core is at Clarke Quay and extends up to Dhoby Ghaut and the
City Hall, which are popular areas with a large offering of leisure. On Friday, two distinct clusters-or
places-emerge in Downtown, each one catering to different audiences and at different hours.
In Bugis, it is on Friday at 7-9 pm that the cluster shifts towards the North. This occurs because there is
much ongoing activity on a corridor that extends from the core of Bugis up to Little India. The scanning
algorithm selects that unusual activity and shifts the cluster towards such direction. Interestingly, the
peak of activity in that corridor happens only on Friday, reflecting leisure human activity in that
schedule.
The type of pattern in Bugis challenges our static conceptualization of places as stationary spaces in
time. It raises the problem of discretizing the urban space onto categories or 'places'. If we take the
results from SpotRank as our proxy to define places, then Bugis, the City Hall and Suntec would all form
a 'place' every day except on Friday evening, while Bugis, Little India and Bendemeer become a single
'place' on Friday evening only. Activity on Friday through a corridor connects areas or zones that would
otherwise remain independent or grouped with other places, as they actually do on days other than
Friday. This is interesting because it means that discretizing space onto places relies on the temporal
variation of activity.

Regularity from Monday to Friday with a shift of circles on the weekend
The pattern of this cluster shifts on Saturday and/or Sunday but not on Friday. Figure 7 presents the
clusters of Bedok Reservoir and Serangoon as representative places of this type.
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Figure 7. Daily clusters from SpotRankforBedok Reservoir (left), and Serangoon (right)

Bedok Reservoir (left pane) is an interesting case because the clusters from Monday to Thursday are
consistent and enclose an area that represents a mix of residential dwellings and warehouses. On Friday,
Saturday and Sunday, the clusters shift towards the right, moving away from the area of the warehouses
but still capturing a portion of the residential zone. This shift to the right is towards the core of the
Malay heritage neighborhood of Geylang, which is a popular food and leisure destination during
weekends.
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Serangoon (right pane) is an interesting case because the clusters of Monday, Wednesday, Thursday,
Friday and Saturday overlap almost perfectly. However, the cluster of Tuesday is larger and extends
towards the south, to an area of low-density upscale housing. The reason Tuesday is different from the
other days is not clear, but it reflects a shift of activity in such a direction and/or a lack of activity from
where it shifted. By contrast, the cluster moves northeast on Sunday, which is an area of low-density
upscale housing too. In this last case, there is evident reason explaining the shift of the circle: a sports
stadium and a park in the new area.

Regularity from Monday to Friday with a split of circles on the weekend
Holland Village presents a pattern worth reviewing because it is exceptional. The clusters of this place
comprise a mix of land uses of residential, commercial, and office; their boundaries have a large degree
of regularity from Monday to Saturday. The place encloses an area between the stations of Holland
Village (commercial/leisure and residential) and Buona Vista (commercial and office/business). The day
when the boundary splits is Saturday. As a result, three distinct clusters emerge in the area where there
was a single cluster on weekdays. The first one at the zone of Buona Vista station, with an activity peak
around 1pm. The second one at Commonwealth, with a peak also at 1 pm. The third one around the
Holland Village station, with a peak at 8 pm. It is curious that the cluster on Sunday is again more similar
to the clusters from the weekdays, but it is smaller, as it excludes the zone of Buona Vista. The scanning
algorithm only detects unusual high activity in the zone around Holland Village and Commonwealth on
that day.

Figure A Daily clusters from SpotRank forHolland Village

The radius of the circles, the times of the peak and our knowledge of the area give us a clue about the
activity in the zone. From Monday to Friday, the place encapsulates an area delimited by the stations of
Holland Village, Commonwealth, Buona Vista and a portion of One-North. There is important activity
ongoing in the corridor between these four places on weekdays, in such a way that we can consider this
entire area to be a single "place". This place would be a zone where workers, visitors and residents mix,
including for non-work activities.
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On Saturday, the place transforms or splits into three separate spaces: the zones of bars and restaurants
around Holland Village station, with more activity towards the evening and night; the
commercial/residential around Commonwealth; and the residential/commercial/business between
Buona-Vista and One-North. On Saturday, the corridor between these areas is no longer present
because people do not connect the three places with their activity and trips. By contrast, the three
spaces seem to cater different schedules and activities on this day.
Sunday is interesting because the cluster includes both Holland Village and Commonwealth; the cluster
on this day encompasses both a residential area and the zone of bars and restaurants, but it does not
contain Buona Vista. Buona Vista does have a large offering of dining and lunch options, and the place is
at the intersection of two major transit lines. However, the places do not attract a sufficient density of
visitors on Sundays to be picked by the algorithm 2 . The offering of shopping and dining at Buona Vista
caters mainly to people on weekdays and Saturday arriving for dinner, social or shopping. These people
could be workers or students in the vicinity or residents of housing projects in the area. The next chapter
will conduct an exploration of who these visitors might be.

Regularity on weekdays, but boundaries shrink on the weekend
A noteworthy geometry in places such as Upper Beauty World, Kent Ridge, Lakeside and Stevens occurs
when the weekend clusters shrink, becoming restricted to a smaller area. It is the opposite case to
previous examples of clusters expanding to broader areas on the weekend.

Figure 9. Daily clusters from SpotRankfor Upper Beauty world

Figure 9 presents the case of Upper Beauty World. The background map illustrates the stations of Beauty

World and King Albert Park for reference of the reader, although these stations were inaugurated after
the SpotRank data was collected in 2012. The tool algorithm did not identify clusters at this location
neither on Wednesday nor on Friday. Meanwhile, the clusters comprise both a residential area and a
commercial zone around the current location of the Beauty World train station on Monday, Tuesday and
Thursday. This commercial area forms a rectangular shape corridor of retail and restaurants extending
2The

circle line stop at Bueno Vista only opened in 2011 and there has been important development since that

date.
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to the residential zone. There is also a shopping mall in the district. On the weekends, the place splits
into two separate and restricted areas and two smaller clusters emerge: one where the commercial
zone is located, another tiny one where private condominiums with commercial activity in the first floor
is established.
The neighboring place of Sixth Avenue exhibits a similar pattern. In general, places with this geometric
pattern correspond to a mix of residential with some commercial, in such a way that on weekdays it is
hard to trace the boundary between the two because people walk and make use of the space in
between for their activities, either residents or workers on their way home. However, on the weekends,
the unitary place from weekday partitions into smaller places of activity, as residents stay home or travel
elsewhere without occupying the entire space.

IrregularBoundaries
Places such as Kallang, Bartley-Joo Seng, Tahah Merah, Joo Chiat, Tiong Bahru, and Bendemeer belong
to this category. This is the most complex geometric pattern because the boundaries of the clusters are
irregular. The unpredictability in the boundaries occurs most of the time on the weekend, but it could be
present also in other weekdays.

Sal-Sun

Figure 10. Daily clusters from SpotRankfor Kallang

Figurelo shows the case of Kallang. The green circle represents the cluster of Friday, which overlaps the
cluster underneath from Tuesday. On Tuesday and Friday, the peak of activity occurs between 5-8 pm.
This new area appearing on Tuesday and Friday comprises high-density residential developments of
private and public housing. By contrast, the clusters from Monday-Wednesday-Friday cover a portion of
residential high-density, residential low-density and office space. The weekend clusters shift towards the
northwest to encompass an area situated at the east of Toa Payoh and Serangoon Rd. This new zone at
the northwest corresponds to high-density public housing. In general, for this group, it is hard to
interpret the shifts of the circles without looking to other data or having a deeper knowledge of the
place. The next two chapters of this thesis attempt to explore further such patterns with additional data.
The next section focuses on a more profound exploration of six places, for which we rely on other
sources of data and fieldwork visits to gain a better comprehension of what the clusters or boundaries
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are representing and especially to associate these findings to our question of non-work destinations.
The goal of the final section of this chapter is to identify relevant data sources to exploit in the next two
chapters. Until now, it is clear that three elements would add information to understand the shifts of
geometric boundaries of activity: land use mix, spatial location of establishments, trips to/from the
changing SpotRank boundaries.

2.6. Exploration of Six Places
A limitation of this study is that our data and method do not hint at any causes of the temporal-spatial
patterns in the data of SpotRank, especially regarding the radius and the shifting of the boundaries
across different days. Motivated by this constraint, we conducted an observational study at six places,
visiting the area within the clusters during the hours with the highest scores, to observe the
establishments and clientele. We walked the area, made observations and obtained photographic
material. We explored the changing boundaries of the clusters by visiting those shifting areas. The goal
of these visits was to observe and learn from the field the type of features that we should look at from
the data, in order to be able to record those variables to characterize the traits of the SpotRank clusters
as non-work destinations. Our conclusions from these six places guide the process of characterizing the
SpotRank clusters in the next two chapters.
The six places or clusters correspond to areas in Changi Business Park, Kathib, Marine Parade, Tampines,
Toa Payoh and Central Business District - Chinatown. The criteria to select these six places is that they
represent well-known communities with different configurations of land use. The sample is not random
as our goal is merely to identify meaningful information that contributes to our effort of characterizing
SpotRank places.
Table 3 summarizes the results from the scanning algorithm for these six places. The first column
indicates the name of the cluster or place. Column 2 reports the radius range of the clusters during the
one week of canonical data. The third column shows the range of days for which the algorithm identified
a statistically significant cluster, for instance m-f means that clusters at this spot were present only from
Monday to Friday. The fourth and fifth column indicate the time when the peak of activity occurred,
from Monday to Saturday and on Sunday. Finally, the last two columns show the range of values of
SpotRank's score both within and outside of the clusters.

Range

SpotRank

SpotRank

unPa

Score -

Score

Weekday

Sunday

Mean In

Mean Out

Peak Time
Days

Pea

Peak rime

-

Radius

SpotRank Cluster Radge

Changi B.P.

0.22-0.24

rn-f

10-13

None

4.10-4.58

0.84-0.87

Kathib

0.15-0.63

rn-sun

18-21

12-14

2.01-5.72

0.84-0.90

Marine Parade

0.76-0.92

rn-sun

18-20

13-15

2.62-3.28

0.84-0.90

Tarnpines

0.97-0.99

rn-sun

18-21

12-14

2.44-2.71

0.85-0.90

Toa Payoh

0.97-0.98

m-sun

17-19

12-14

2.51-2.77

0.84-0.91

Chinatown

0.97-0.98

rn-sun

12-14

13-15

3.51-4.80

0.84-0.91

Table 3. Summary of Results of the Scan Statistics of SpotRankfora Selection of Six Places
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Parallel to the visits to these places, we explored the following five datasets to grab a handle on the
dynamics behind their spatial patterns of activity. First, a synthetic population of residents by building,
including variables such as age, educational attainment, income and ethnicity. Second, a synthetic
population of jobs by building and square footage of commercial establishments, detailed by industry
type. Third, a synthetic population of residential units with data on type of unit, size and price per
square meter (Zhu & Ferreira, 2014, 2015). Fourth, trips in transit from EZ-Link, with information of time
and distance traveled, boarding and alighting station. Finally, data from Google Place API with latitude
and longitude of commercial establishments. We computed an entropy diversity index using the Google
API information of commercial establishments for each cluster, to have a measure of mix.
Figure 11 shows the dissolved clusters for the 7 days of activity at each place. The black polygons
represent the footprints of the buildings. The red triangles are the MRT stations, and the blue dots
correspond to commercial establishments from Google Place API.
Chmngi
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Figure 11. SpotRank clusters from 1 week of activity; buildings'footprints; commercial establishments (blue dots);Subway
Stations (red triangles)

In summary, we explored more than 50 variables from such rich datasets and completed fieldwork visits
to understand what the scores and geometrical boundaries reflect, and how these elements could relate
to non-work destinations.
Let us review the descriptive statistics from the scanning method for the six places in Table 3. Changi
place corresponds to a business park and to some presence of commercial establishments, but with no
residential dwellings. The score of activity reaches a top in the morning, when workers arrive to their job
place. No clusters are present in the weekend as there is no work activity. The radiuses of the circles
restrict to a small area from Monday to Friday. These characteristics suggest that the area enclosed by
the cluster represents a place that is primarily a location for jobs. We will need to explore other data of
retail and transportation-as we do in the next chapter-to find out what kind of trips had a destination
to this location, especially to know the origin of those trips.
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Kathib is a residential area densely populated with commercial and retail space; the number of jobs is
low when compared with the number of residents. The highest scores of SpotRank occur in the evening,
when people commute back home. These high scores could reflect either people arriving home or
people stopping for leisure before going home, or both. Interestingly, Friday night at Kathib is different
from the other days. On Friday night, the score within the cluster jumps to 5.7, a very large number
considering that the typical peak value is 2.5. On this day, the cluster of Kathib congregates a large
number of people. Again, we do not know if this peak of activity represents the activity of residents or
visitors.
Marine Parade, Toa Payoh and Tampines are communities that balance commercial, residential and
office space. These places actually exhibit similar scores and temporal patterns in the SpotRank data.
Toa Payoh differs from the other two places in its peak of activity happening early in the evening,
around 5 pm, while the other clusters record it after 7 pm.
The cluster of CBD-Chinatown encompasses the Chinese heritage neighborhood, the financial district
and the Clarke Quay. The latter corresponds to a zone of bars and restaurants popular amongst locals,
expatriates and tourists. This cluster has some pricey high-density residential space, although most of
the space is primarily dedicated to commercial and office. The peak of activity in these clusters during
weekdays happens between the morning and noon, reflecting the arrival to work and lunchtime. On the
canonical Saturday, the peak is registered at 6 pm, reflecting a different pattern of activity from the
visitors. The area possesses a wide offer of amenities to attract visitors looking for leisure activities, both
during weekends and on weekdays. The next conclusions describe what we have learned from the
method and visits to attempt our characterization of the non-work destinations in subsequent chapters.

2.7. Conclusions
We have a replicable and reliable method to identify clusters of activity in Singapore from the SpotRank
data, and have identified 93 spots of activity in the island. The beauty of the method is that the
boundaries of the places emerge from the activity itself. This approach does not rely on preexisting
administrative units from the census or transit zones. These spots of activity are the cornerstone of the
dissertation; the successive chapters rely on these boundaries and clusters to combine them with other
data to better understand the locational choices of non-work destinations. These clusters entail our
definition of place and our discretization of the urban space onto categorical alternatives. The
exploration of the SpotRank clusters at the six selected places has the objective of identifying the
information or data that will be critical in the next chapters to build a typology of non-work destinations.
There is no such distinction between non-work and work/residential clusters from the SpotRank data.
From our six clusters, even in extreme cases such as the Changi Business Park without dwellings, there is
a small shopping mall called Changi City Point next to the business park, which attracts non-work trips
from workers and other visitors. Generally, a combination of different land uses and activities embed
within the same clusters where there is office or commercial space. A majority of the places attract at
least a few visitors for non-work purposes.
Likewise, in a predominant residential area like Kathib, we find a mix of land uses and activities. Despite
being a residential area, it also attracts a number of non-work trips. Two things were remarkable in the
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field visit to this location: first, most of the establishments are restaurants and grocery stores. During
peak hours, what seems to be a combination of residents of the area and visitors from neighboring
places crowd these establishments. Second, the place encloses a major community sports field at the
center of the SpotRank cluster, surrounded by establishments. This sports field could be the reason the
cluster has an unusual high peak of activity on Friday nights, when games usually take place.
In the six visited places, the combination between leisure activities, jobs and dwellings define the
character of the place and seem to define the type of people patronizing the establishments, whether
they are residents or workers in the area or visitors from elsewhere. It is not the case that these places
attract people from the entire city as we assumed would be a characteristic of Singapore. Distance is still
frictional. Despite Singapore's high mobility and its neighborhoods being accessible from everywhere,
the data from transit and the field visits suggest that people commonly choose a location close to their
work or home place as a preferred non-work destination. For instance, a majority of customers in
Tampines or Yishun at 8 pm seem to be either workers in the area or residents who live in the vicinity. It
is not that everyplace attracts people from the entire island forleisure purposes. It happens, but only
the CBD from the six cases explored exerts such powerful attraction, and it occurs at specific times or
days of the week. Similarly, the accessibility to a place seems relevant to the number of visitors that they
attract. For instance, Toa Payoh and Tampines have a train stop and a bus interchange station; visitors at
the peak hour seem to stop for dinner or shopping at these two places when coming from their work,
changing buses or modes, and then continuing with their journey home.
Another remarkable element, noticeable from the data and field visits, is the different spatial
configurations of stores in the six visited clusters. The density of amenities and their spatial
configuration appeals to an audience and attracts them for non-work activities. For instance, the
audience that a commercial strip of restaurants caters is different from the audience attending a mall.
The CBD-Chinatown is the densest commercial area of the six places explored. The CBD is a mass of
retail that seems to have something to offer for everyone, ranging from children's stores to nightclubs.
Again, the CBD-Chinatown is a very complex area. During the morning peak, around 20 percent of the
trips in all Singapore arrive at this cluster delimited by SpotRank data. Establishments are everywhere
and such density of establishments is proportional to the density of visitors that the area welcomes
every day for work, although many of the workers also spend leisure time in the area after hours.
In contrast to the CBD, the cluster of Kathib has only one commercial area surrounding the sports field,
and then a residential complex surrounding those establishments. In Kathib, the offer seems to cater
mostly to residents from the same neighborhood. This place does not have many workers and does not
have an attractive offer to lure visitors from distant places. It will be critical to our exploration of nonwork destinations to conduct a more profound analysis of the spatial configuration of retail and mix of
establishments in the SpotRank clusters to understand the non-work trips.
A good example of amenities supplemented by a wide offerof leisure is Marine Parade. Marine Parade
is interesting in that the density of establishments is much lower than in the CBD, but it seems to have
something to offerto a variety of lifestyles. In Figure 11, the white area at the bottom of Marine Parade's
cluster corresponds to the East Coast Park, which is a major attraction in the city. Several malls and
other leisure offerings in the area supplement the attractiveness of the park. Despite not having an MRT
station and as a result of a poor accessibility, the number of people arriving in transit to this zone
duplicates on Sundays.
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Tampines is a good example of a balance between residential, commercial and office space. The area
has people arriving and leaving the entire day, which includes residents, workers and visitors. From the
fieldwork visits and the transit data, it is hard to make a clear profile of who are residents, visitors or
workers. The place has a wide range of leisure offerings to cater different lifestyles and socio-economic
profiles: stop and grab food for people changing buses, retail adjacent to social housing projects, big-box
malls catering to the middle class, and upscale malls with more boutique type of retail.
The Google Place API data shows what seems to be an internal structure operating at a very granular
scale in the location of establishments within the six clusters of study. Excluding the CBD, establishments
concentrate at specific blocks (which may or may not be shopping malls), or along commercial strips and
corridors. An important characteristic related to such internal structure is the different audiences that
sub-clusters appeal to. This is something hard to grasp from the data, noticeable only throughout the
visits of the author to the field. The different sub patches of establishments inside a larger cluster have a
distinct combination of businesses catering to people with various social profiles or lifestyles. The
clearest example is at Marine Parade, where a strip with bars and restaurants in two-story old shophouses serves a clientele of youths and expats. In the vicinity, we could find a food market and a middle
class mall with affordable restaurants and departmental stores. There is also an upscale mall with fine
dining and shopping options. This large variety of distinctive places in Marine Parade occurs in an area of
only one-kilometer of radius, although the places have clear boundaries between each. Tampines
exhibits a similar pattern to Marine Parade in this same venue.
The exploration of retail suggests that there are two types of places or SpotRank clusters. On the one
hand, we have simple ones such as Yishun, Kathib or Changi Business Park, where the character of the
cluster is entirely residential or of a workplace. Therefore, the offer of non-work activities in these cases
is limited, catering predominantly to workers or residents in the area. On the other hand, we have
complex places that attract non-work trips from various lifestyles, and from various parts of the city,
because either the place is accessible, the offer is good, or both. However, it is not that these complex
places combine different types of establishments in all sections of a particular spot, but rather the
establishments are organized in some sort of internal structure of sub-clusters taking the shapes of malls
or corridors, each one catering to a different audience.
Another conclusion is on the multiple geographical scales of activity and urban form. Recapping on the
study by Zhong et al. (2015) and Sun, Jin, Axhausen, Lee, & Cebrian (2015), the authors used transit data
with a network-community detection algorithm to identify 4-5 large regions in Singapore. The
researchers take this as evidence of polycentricism, which is correct. However, our exploration shows
that activity does not uniformly distribute within those larger regions. Regions have an internal structure
in the location of activity at the scale of neighborhoods or regions: activity concentrates at specific
patches. Interestingly, there are atypical places that violate such scale patch structure, such as the CBD,
where a uniform high dense locational pattern is noticeable across scales. Likewise, the spatial and
temporal scale by which we define urban structure is relative. In our case, our algorithm identified
around 100 places, which change their boundaries across days.
The policy implications and ultimate goals of this research is to construct more realistic choice sets of
non-work destinations that allow us to better forecast transportation demand. Thus, the next two
chapters take a deeper look at two critical elements in the SpotRank clusters, which we identified
through the data and fieldwork visits as very important to define the type of non-work trips coming to
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the area. The first element refers to data on transportation that allow us to identify the origin of nonwork trips to the SpotRank clusters, data to answer the questions of which proportion of non-work trips
at each place came from home versus from work, and how long people had to travel to get to their
destination. Thus, we need to be able to identify the SpotRank clusters that are large attractors of
certain profile of non-work trips, in order to create a typology of these places. The challenging part is to
classify non-work trips from bulk data of transit. The second element is the offer of activities at
commercial establishments and their geometrical agglomeration in the urban space. A deeper
exploration of the origin of the trips, the balance between residents and workers, the accessibility of the
place, and the commercial offer in the area would allow us to identify differences in the choice sets for
non-work destinations, to see the distinctive character of the one hundred discrete alternatives that we
have. The next two chapters delve into these explorations using data on transit and retail.
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An exploration of non-work destinations
using transit data
This chapter builds on the boundaries of the SpotRank places from the preceding section. From now on,
we will refer to the circles of SpotRank simply as the spots or places. The goal of this section is exploring
transit ridership coming from and going to these places, in order to identify differences in the patterns
of non-work trips across places. Likewise, this exploration helps us understand the type of activities the
boundaries are enclosing within the SpotRank places.

3.1. Introduction
In the previous chapter, the validation of the spots with the transportation survey demonstrated that
the boundaries comprise the destinations for the vast majority of the non-work trips, but it also
captures a large number of high density residential and office zones. Moreover, most of the places
combine office and residential space together with amenities attracting visitors for non-work purposes.
Very few places of the 93 spots are completely non-work areas without housing or office space (e.g. the
zoo or a ferry station).
The characterization of a place is more difficult when we bring time in. The occupancy of a place has
temporal cycles that reflect the sequences of human activity. For instance, the downtown area is
regularly a work destination on weekdays, while it is a predominant non-work destination on Friday
nights and over the weekends. However, there are also non-work trips to downtown on weekdays, and
people still working in the place during the weekend. This inherent complexity of the urban space turns
the identification and characterization of non-work destinations into a challenge.
In this chapter, we focus on analyzing transit trips to the SpotRank spots, exploring the construction of a
typology of non-work destinations from travel patterns. For the analysis, we disregard the temporal
component of the spots, focusing exclusively on the spatial boundaries of the SpotRank circles. We defer
a further exploration of the transit trips, considering also the temporal dimension of the SpotRank
places to future work. The benefit of relying on transit data for this exploration is that it contains a large
number of cases to observe different pair combinations between places of origin and destination. The
limitation is that transit data provides neither the demographics of the traveler nor the purpose of
activity of the trip. In addition, transit data are incomplete because many trips are unobserved. The
following two sections describe the data and explain our assumptions to handle such complex dataset.
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3.2. Data: EZ-Link ridership
Public transit riders in Singapore use the EZ-Link card to pay the fare. As distance traveled determines
the fare, riders 'tap in' and 'tap out' both when boarding and alighting. The card is multimodal for bus
and train services; users can transfer between the two modes and the fare will adjust to count it as a
single trip.
An EZ-Link dataset with 35 million records from a week of travel-April 11-17, 2011-is available to this
project through the Singapore-MIT Alliance for Research (SMART). Each EZ-link card has a unique card ID
to trace the journeys by rider during the week of observation. The data does not contain any
demographic information other than if the rider is an adult, a student or a senior. However, it records
transfer station, boarding, alighting station, travel time, distance traveled, embarking/disembarking
time, card ID and trip ID. A trip ID has a unique card ID, while a card ID can have multiple trip IlDs in a
single day and over the week.
The EZ-Link data have two limitations to our purposes. First, information regarding the activity purpose
of each trip is missing. Second, the data are biased as they contain trips by bus and train only, but no
information of trips in other modes. The first problem has a solution that we will present in the next
section. The second problem is a limitation that we should bear in mind to our analysis: having merely
transit trips is a bias against non-work trips by walking, and against long commutes to leisure locations
by private car. As we mentioned before, the goal of the chapter is exploratory to understand how well
the SpotRank places represent non-work activity. It is not our goal to infer causality or predict market
shares for non-work trips from this dataset.

3.3. Identifying non-work destinations with EZ-Link data
The EZ-Link data comprise the trips from Monday to Friday, April 11-17, 2011. The number of records
approximates 100 million, where each tuple corresponds to a trip segment or transfer. According to LTA,
two segments are deemed to be a transfer (with reduced total cost) instead of two trips if the time
difference is short enough and the travel is in the same direction. Travelers can make up to five transfers
within a single journey; there is a 45-minute time allowance between each transfer (L. T. Authority,
2018).
The first step was to preprocess trips with multiple transfers, in order to generate a new dataset with a
row per trip. This dataset tags the station where the trip started as the origin, and the final stop as the
destination. It registers total traveled time and distance, and contains 24.4 million records for the seven
days of data. Figure12 shows the distribution of trips per hour of arrival to the final destination, across
days.
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Figure 12. Histogram of number of trips by time of arrival with pre-processeddataset of EZ-Link

In general, the number of trips from Monday to Thursday stabilizes around 3.9 million daily. Friday sees
an increase to 4.2 million. 3 By contrast, Sunday has the lowest number of trips to a minimum of 3
million. The number of unique Card ID users during the entire week of activity adds up to 3.3 million. In
weekdays, there are two peaks of activity: the morning, when people arrive to work/school and the
evening, when workers get off from work.
Table 4. Summary statistic of the total number of trips by unique users compares weekdays versus the
weekend. On average, the 3.3 million of unique riders traveled 6.7 trips from Monday to Friday, which
represents less than two trips per day. The average number of trips is low because the most typical
behavior noted from the data is that riders do not use transit every day, and if they do, they combine it
with other modes. A low number of travelers have a very large number of trips, skewing the distribution
to the right. During the weekend, the average number of trips per rider is three.

3

Friday April 15, 2011was not a holiday; it was regular working day.
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M
I 1st Qu
1.00
3.00

Min
1.00

1st Qu
2.00

Monday to Friday
Median
Mean
3rd Qu

Max

6.00

55.00

6.76

10.00

Saturday & Sunday
3rd Qu
Median
Mean
3.00
3.01
4.00

Max
22.00

Table 4. Summary statistic of the total number of trips by unique users

The median travel time for trips is 21 and 20 minutes, during weekdays and weekends respectively. Of
the 3.3 million of EZ-Link holders, 80 percent are adults, 12 percent students, and 8 percent seniors.

Spotting anchor stations for each card user
To overcome the problem of identifying non-work trips from a dataset not containing information on
activity, a first step is to isolate the trips of a pool of users, for which we could confidently establish their
work and home location based on their weekly log of trips. Before continuing with the methodology, it is
worth taking a moment to explain the motivation for attempting such task. We could instead use a
transportation survey that contains purpose of trip, origin, destination and demographics of the
respondent, avoiding the problem of the EZ-Link biased data. The problem of the survey is its sparse
spatial and temporal resolution; it would not contain enough cases to identify patterns of activity for
each of the SpotRank places. By contrast, the EZ-Link data do have the spatial resolution needed for
exploring every SpotRank place, but it does not detail activity. We will never get detail information of
activity for the EZ-Link trips, but at least we could make an educated guesstimate of which had a nonwork purpose, in order to explore whether those trips came from home, work or from another nonwork destination. As a result, we could be able to explore spatial variations in the distribution of nonwork trips to the SpotRank places.
After identifying the two anchor stations of home and work for the EZ-Link riders, we could explore the
trips to non-home and non-work destinations. The boarding and alighting stations, and the time of
occurrence of a trip, are precious information regarding the location of home and work. Our analysis
considers adults only. We exclude students and seniors because their schedules are more irregular,
hindering the task of identifying the anchor stations of home and work. For our exploratory analysis, we
have a large enough pool of riders to make the decision of sacrificing a number of cases in order to gain
accuracy in tagging the home and work stations for the riders.
The first trip of a person in the morning is the most reliable information to identify the transit stations
closest to home and work locations of the same rider. We developed a rule-based algorithm that
records and tracks the boarding and alighting station of each trip for a given individual, the time of
occurrence of each trip, and then it selects the most likely stations to be home and work based on the
mode. Figure 13. Pseudo-code of the algorithm to identify home and workplace transit stations for EZLink riders describes the rules to recognize 'Home' and 'Work' stations. These 'Home' and 'Work'
locations represent the stations or stops presumably in closest proximity to the real home and work,
where people normally board and get off when commuting in transit. It is not a precise site of place of
work and residence but a spatial approximation to them. The algorithm follows a simple rule: foreach
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card ID, it looks at the first trip of every weekday. If at least three times in different days such trip
started in the same boarding station, and the alighting was before 11 am, it tags that station as 'Home'.
Then, if at least forthree weekdays the same first morning trip from 'Home' ended at the same station,
then it tags such alighting station as 'Work'.
Pseudo code
For each EZ-Link CARD ID:{

For each day of the wee k:{
Look into the firsttrip of every weekday, if it occurs before 11 am, keep track of its boarding and
alighting stations.}
-

If at least three times in the weekday, that trip before 11AM, started in the same boarding
station, this is the 'Home' station.

-

If at least three times in the weekday, that firsttrip before 11 am ended in the same alighting
station and started at 'Home', this is a 'Work' station.

-

Create a dictionary where each entry hasthe CARD ID of each userand a listwithall the boarding

-

and alighting stations and theirfrequencyof visits during the entire week.
Exclude the 'home' and 'work' stations from the list in the data dictionary, then extract the three
most visited stations. I
Selecta subset of CARD IDs with a valid 'home' and 'work' stations, and with at least a trip to a
different station.

Figure 13. Pseudo-code of the algorithm to identify home and workplace transit stations for EZ-Link riders

Once, the algorithm identifies 'Home' and 'Work', it lists and sorts in decreasing order the three other
stations with the largest modes during the week, if there were any. From such list of stations, if the
most visited non-home and non-work stop has a frequency greater than three times, it labels it as 'Max
1'. If the second and third most visited stations-if any-had more than two visits, it labels them as 'Max
2' and 'Max 3'. If a station in the list did not meet the criteria of the minimum number of visits, the
algorithm labels them as 'Other'. In summary, the algorithm classifies every station as 'Home', 'Work',
'Max 1', 'Max 2', 'Max 3' or 'Other', for a subset of cases, where the last four labels correspond to
presumably non-work destinations that could be either common or infrequent in the trip pattern of
activity for the transit rider.
Finally, the algorithm selects a subset of riders with a valid 'Home' and 'Work' station, for which we
observe during the week at least one trip to a non-work destination. In total, 564K adults out of the 3.3
million users fulfill these criteria, totaling 8.2 million of trips during the seven days of data. About
138,034 travelers had an identified home and workplace but did not record at least a non-work
destination in the week of activity, which we exclude them from the analysis. The algorithm implements
a restrictive rule that excludes the majority of the riders. It is a cost to assume for having a reliable
subset of users with a 'Home' and 'Work' location that we trust, which is critical forexploring the spatial
distribution of non-work trips. To our benefit, the database is big enough to preserve a large number of
trips arriving and leaving from each SpotRank place.

Table 5. Categorization of visited transit stations of EZ-Link riders summarizes the rules of the algorithm
to tag each station in one of the six categories: 'Home', 'Work', 'Max 1', 'Max 2', 'Max 3' and 'Other'.
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Definitionrule

Type

The traveler started at least three trips from this station, which were

4.1.

Home

thefirst of the day and before11 am, Monday to Friday.

4.2.

Work

At leasithree of the trips with a boarding at'Home, before 11 am,
ended at this station.
The most visited station, foreither boarding or alighting from

4.3.

4.4.

Max 1

Max2

Monday to Sunday, visited three times at least, and it is not 'Home'

or 'Work'.

The second most visited station foreither boarding or alighting from
Monday to Sunday, visited twice at least, and it is not 'Home', 'Work'
or 'Max 1'.
The third most visited stop for either boarding or alighting from
Monday to Sunday, visited at least 2 times, and it is not 'Home',
'Work', 'Max 1'or 'Max 2'.

4.6.

Other

Any other station that does notfall in the previous categories.

Table 5. Categorization of visited transit stations of EZ-Link riders

In this typology, every boarding and alighting station of each trip belongs to a category determined by
the activity routine of the rider over the week. In this set of 564k riders, everyone has a 'Home' and
'Work' stops, while 538K have a 'Max 1', 502K a 'Max 2' and 453K a 'Max 3', and 417K an 'Other' station.
There are two intrinsic problems to the rules of the algorithm. First, there is a potential failure to
identify the correct 'Work' station. For instance, think of a traveler dropping his or her kid at daycare
before heading to work. In this case, the algorithm would wrongly tag the daycare as the 'Work' station,
and the correct workplace as a 'Max 1' stop. To measure the magnitude of this problem, we explore the
length of the stay for trips arriving at 'Work' in the morning, with a succeeding trip departing from the
same station. If the length of the stay were lower than an hour, it would indicate that this 'Work' place
might be misclassified. By contrast, a stay of 5-8 hours in the spot would suggest that it is a true 'Work'
place. In total, 2.2 million trips have a destination to a station tagged as 'Work' and register a
subsequent trip leaving from the same 'Work' station. The subsequent trip is needed to compute the
stay length at 'Work'. On average for these trips to 'Work' and with a subsequent transit trip, the stay
length was about 9 hours. The first quantile is of 8.7 hours. Table 6. Summary statistics forlength of the
stay at a 'Work' station shows the distribution of the time of stay in hours.

Min
0.3

1st Qu
8.71

Stay length (unit=hours)
3rd Qu
Median
Mean
9.32
10.95
9.83

Max
19.00

Table 6. Summary statisticsfor length of the stay at a 'Work' station

Only three percent of the 2.2 million of these trips had stays shorter than an hour, and 88 percent
remained there longer than 5 hours. In conclusion, the method could potentially be wrongly classifying
only a small fraction of the trips. Overall, the data in our subset shows that a few commuters make
halfway stops on their way to work, or if they make them, they do not rely on transit. Anecdotal
evidence mentions that for the school commuting of young kids, Singaporeans prefer modes other than
transit-chief among them are school buses and private cars.
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In any case, the algorithm does not have a hundred percent accuracy; it has a degree of error, especially
in the tagging of the 'Work' stations. However, the distribution of stay lengths at 'Work' is as expected,
giving us certainty on said procedure. Our unit of analysis in this chapter and on the next one is the
places of SpotRank. Thus, we assume that the error distributes randomly across places. As we will look
at aggregate trips by place, rather than to individual trips, the large n will override the small fraction of
misclassified stations in the global statistics of the places.
A second problem is the misclassification of 'Max 1', 'Max 2', 'Max 3', and 'Other' as distinct destinations
from 'Home' and 'Work'. A feature observed persistently in EZ-Link is that riders generally have more
than a single 'Home' and 'Work' anchor stations. For instance, suppose a person having two transit stops
in proximity to his or her residence, using one on weekdays and another on weekends. The problem is
that our algorithm should tag the two stations to be 'Home' and it does not do it. Likewise, this
hypothetical traveler can rely on a station to arrive to work in the morning, and on a different one at the
time of leaving in the evening. A solution to this problem is to compute the Euclidean distance of each
boarding and alighting station to the anchor stops, but also between the 'Home', 'Work', 'Max 1', 'Max
2' and 'Max 3' themselves. Then, to use a threshold of 300 meters to reclassify problematic boarding
and alighting stations: if the point is at a shorter distance than the threshold from 'Home', 'Work', 'Max
1', 'Max 2' and 'Max 3', we re-assign it to such anchor label. We followed this approach, and it resulted
in about 15 percent of the 8.2 million of the trips having a boarding or alighting station re-tagged to the
'Home' category from one of the non-work and non-home labels. Similarly, the 12 percent of the trips
had a recoded boarding or alighting station labeled to 'Work'. About 16 percent of the trips had a
recoded 'Max 1', 'Max 2', 'Max 3' or 'Other' boarding or alighting station re-tagged with non-work and
non-home labels; the most common case was the 'Other' stations recoded as 'Max 1' or 'Max 2' labels.
This solution could not fix every misclassified case, but it was useful to reduce the bias introduced by the
duplicity of 'Home' and 'Work' stations.
Lastly, we decided to combine 'Max 1', 'Max 2' and 'Max 3' categories into a single 'Max 1' to reduce the
number of pair comparisons. In a first iteration of this study, the large number of pair comparisons was
problematic for the principal component analysis of the next chapter. Thus, in the final dataset for the
analysis, every station is one of these four categories: 'Home', 'Work', 'Max 1' or 'Other'. 'Max 1' and
'Other' represent non-work destinations. The only difference between the two is that the rider visited
an 'Other' station only once, in transit, during the period of observation. Thus, 378K travelers have at
least a trip with a 'Max 1' station and 479K have at least a trip to 'Other'.

Merging trips to the clusters from SpotRank
To this point, we can rely on a typology of stations to look at non-work destinations. A next step is to
attach to them the corresponding SpotRank place. This procedure consists of a spatial join that merges
the SpotRank cluster, based on the day of the trip, to each boarding and alighting stations in the
database of trips. 4 The objective is to generate a dataset that includes place of origin and destination for
every trip into a SpotRank, and provides details on whether that trip came from 'Home', 'Work', 'Max 1',
'Other' and went to 'Home', 'Work', 'Max 1', 'Other'. This dataset seeks to explore the counts across
places, for instance, the number of non-work trips in Bugis on a given weekday that come from 'Work'

4

A 40 meter offset was selected for the spatial join of stations to SpotRank places.
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and then had 'Home' as a subsequent destination. This is to see what fraction of non-work trips each
place attracts, and where those trips come from, either from'Work', 'Home' or from another non-work
stop. Knowing which places attract a large fraction of non-work trips is a first step to differentiate
amongst the SpotRank places.
In a first exploration, we filtered the trips to adjust to the temporal peaks of activity of SpotRank. For
example, if a given place on Monday had the peak of activity occurring between 7-9 pm (by the scanning
algorithm on SpotRank), then we kept only the trips to that place in such time window. There were two
problems with this approach. First, it dramatically reduced the number of trips to consider. Second, it
was throwing out relevant information to understand the places at other times of activity.
Consequently, we decided to rely exclusively on the spatial boundaries of the scanning algorithm of
SpotRank foreach of the 93 places, across the 7 days, ignoring the temporal window of the peaks. Thus,
suppose Orchard Road had a cluster with a peak of activity from 7-9 pm on Monday, then we do the
spatial join to every trip falling within the boundaries of such cluster on that day; not only for the trips
between 7-9 pm. This is a valid approach because exploring the pattern of the trips during the entire day
(before and after the peak of activity) is critical material to understand the character of a non-work
destination.
About 89 percent of the 8.2 million trips (as defined in the previous step) had both a boarding and
alighting station matching to a valid SpotRank cluster, on the day of the week of the trip occurrence.
Therefore, the space-time scanning tool on SpotRank is accurate in capturing most of the destinations
also for our pool of transit users and not only for the HITS 2012 as shown in the previous chapter.
As a result, we have a final and unique dataset to explore non-work trips at a very fine spatial resolution.
Moreover, our exploration does not rely on administrative areal units such as census tracts or
transportation zones, but on the places themselves, for which we derived their boundaries from data on
truly human activity. These boundaries adapt and shift to changes in human activity across the days of
observation. This allows us exploring which places emit and attract non-work destinations, and exploring
the patterns of how far people need to travel for such non-work activities. Before analyzing our data, it
is necessary to fix another source of bias in the data.

Generating unobserved trips
Another source of bias to our data is the unobserved trips of daily activity schedules. They are
unobserved because they occurred in a different mode than transit, therefore they do not show up in
the EZ-Link data. However, we know that the trips did happen because the riders appear in a different
stop from the station where they alighted in the previous trip. For example, suppose the first trip in the
morning of a person was from home to work. This trip shows up in the dataset, though the subsequent
trip does not show because the person walked or took a taxi to a restaurant after hours. However, the
person took transit again from such place to home after dinner, and this trip does show in the data
again. In this hypothetical case, we can infer for the rider that the individual traveled from work to the
restaurant, and we have the information to recreate such non-work trip to the restaurant to add it to
the records.
As our focus is on non-work destinations, we explored the unobserved journeys only to destinations
'Max 1' and 'Other'. By comparing the alighting station of a given trip and the boarding station of its
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succeeding trip (for the same person), we identified 984K missing segments, which represents eleven
percent of the trips we already had. A solution to this problem consisted of using the information
contained in the preceding and subsequent trip to the missing one to recreate these unobserved cases.
These synthetized trips augment to the journeys of the corresponding traveler, to end up with a final
dataset of 9.2 million trips for the week.
Table 7. Frequency of unobserved sequences generated illustrates the combinations between anchor
stations of origin and destinations, only forthe synthetized trips to non-work destinations 'Max 1' and
'Other'. The most frequent pair missing combination is from 'Work' to 'Max 1' with 400k cases. It is a
common trait among riders to take a different mode other than transit from 'Work' to a non-work
preferred location, do any given activity at such place and then take transit again from there to 'Home'.
Unobserved trip

Number of trips

Percentage

Work -> Maxi

404,488

41%

Other-> Maxl

294,943

30%

Work -> Other

150,157

15%

Maxi -> Other

106,316

11%

Home -> Maxi

15,101

2%

Home -> Other

13,665

1%

Total

984,670

100%

Table 7. Frequency of unobserved sequences generated

Next, we describe the assumptions to reconstruct the unobserved trips of the data. First, the boarding
station of the unobserved trip is the alighting station from the prior one for the same traveler and in the
same day. Similarly, the alighting station of the unobserved trip is the boarding station of the ensuing
one. Second, a trip is not considered unobserved when the Euclidean distance between the preceding
alighting and subsequent boarding stations is less than 300 meters. Third, to assign the travel time for
the missing trips, we computed the median travel time from the observed trips in the entire dataset of
EZ-Link for the pair of stations whose value needs imputation, generating travel times for93 percent of
the unobserved cases. The median travel distance of these trips is 7.1 kilometers and its average is 9.7;
only 6 percent of the unobserved trips involve a distance below 1 kilometer. The assumption that trips
below 1 km would have a mode of transit might be unrealistic because those trips actually could
potentially be occurring by walking mode. However, this 6 percent will represent about 0.6 percent in
the final dataset that combines observed and unobserved trips, minimizing their impact on the average
statistics that we will compute for the SpotRank places by aggregating the trips (more onto this
discussion below).
The remaining 7 percent corresponds to unobserved combinations in EZ-Link between pairs of stations;
generally, these are stations in close proximity to each other but at a distance beyond the 300-meter
threshold. We accounted for those cases by computing their Euclidean distance and assuming a travel
speed of 20 km/hr to generate a travel time for these trips. We assume that these trips occur by a
motorized mode, as they were not observed. As we want a final dataset that compares only travel times
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in motorized modes of train and bus, we do not assume that these trips occurred by walking. Otherwise,
it would distort the average travel times by SpotRank place. Thus, assuming travel time by transit does
not really represent a bias of the measure that we need to develop, as we are mainly interested on a
measure of proximity between boarding and alighting station. This measure of proximity is travel time.
After we imputed a travel time, we computed the alighting and boarding time of the unobserved trips,
taking the times stipulated by the preceding and following trips of the same rider as a guide, and the
average length of stay forthat combination of anchor stations in the observed trips.
This final dataset has all the pieces in place for exploring the sequences of trips for the SpotRank data
and already includes the unobserved trips. The remainder of the chapter analyses the patterns observed
in these data across the SpotRank places in Singapore.

3.4.

Descriptive Statistics

Table 8. Most prevalent sequences of daily journeys displays the most observed combinations of sequences of
trips with the four-anchor-stations categories for riders. The pattern is stable from Monday to Thursday:
the sequence 'Home' to 'Work' and 'Work' to 'Home', which is the back and forth commuting without
any other travel, comprises around 41 percent of the trips. Sequences are more heterogeneous on
Friday, where the back and forth commuting is less dominant than from Monday to Thursday. Riders on
Friday in our sample either use modes other than transit or do other activities after work using transit,
or most likely a combination of both because there are 300k more trips on this day than on any other
weekday. This is in accordance to the unusual Friday behavior in the evening that we found in SpotRank
places such as Bugis or Downtown. Friday registers two thousand more different sequences of trips than
any other weekday. Though the bulk of these sequences have merely a few cases, they do include at
least one non-work destination in the daily schedule.
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Al

Sequence of trips

Mon

Tue

Wed

Thurs

Fri

Home -> Work ->

42%

41%

41%

41%

32%

Sat

Sun

Home-> Work->

16%

11%

4%

4%

Home5

Home
Home-> Work ->
Maxi

Sequence oftrips

->

10%

10%

11%

11%

9%

Home-> Work->

Max16
Home-> Work->

10%

9%

9%

10%

8%

Home -> Other

4%

3%

4%

5%

5%

5%

5%

Home -> Other->

4%

5%

Other-> Other

2%

4%

Number of differen t

7,854

5,754

58%

59%

I

Home

Other
4%

4%

4%

4%

4%

Number of different
sequences

4,214

4,063

4,101

4,332

6,442

Proportion of trips

84%

Home -> Work ->

Home -> Max1 ->

Home

Home

Other-> Home
sequences
85%

85%

84%

77%

Proportion of trips in

in the first 20 most

the first 20 most

common sequences

common sequences
Table 8. Most prevalent sequences of daily journeys

During the weekdays-omitting the first sequence with the back and forth commuting trip 7 -the two
most observed schedules of daily activity are: 1) 'Home' to 'Work', then from 'Work' to 'Max 1', then
from 'Max 1' to 'Home'; 2) 'Home' to 'Work', then from 'Work' to 'Max 1'. In this latter sequence, the
'Max 1' to 'Home' or to other place is not observed. The large diversity in the observed sequences is
because the number of segments and stops involved in the daily activity pattern. For instance, we
observe a sequence with few cases of travelers who make two -or more- non-work stops after work,
following this this sequence: 'Home'->'Work'-> 'Other'->'Other'->'Max 1'. We also observe patterns
such as the traveler who returns to work after a non-work stop (perhaps after a trip for lunch): 'Home'>'Work'->'Max 1'->'Work'->'Home'. The large number of sequences reflects the diversity in daily activity
patterns. There are trips that chain even 4 or 5 non-work destinations between home and work, and
with different sequences.
In the weekends, the back and forth commuting sequence is the most frequently observed too, but it
represents a smaller fraction of the total (16 percent on Saturday and 11 percent on Sunday). The main
characteristic during the weekends is the enormous heterogeneity in the combinations: from riders
doing a single trip to others with more than 12. Nonetheless, sequences of trips with an origin at home
prevail on these days regardless of the subsequent daily activity tours.

s This sequence considers 'Work' if the trip had a destination to the workplace, but it does not consider the time
spent by the traveler at her work location. Therefore, this sequence represents cases of workers who have to work
on weekends, workers who select a non-work destination in the same area (less than 300 meters) from where they
work, and workers who need to pick something up at the office.
6 In this sequence, the arrival to 'home'is not observed and it was not synthetized, as it does not involve a nonwork destination. In this case, the traveler could have taken a different transportation mode from 'Max 1' to
'Home', alternatively it could have traveled after midnight to 'Home'.
7 Such sequences are not of interest to our cause, as they do not contain a non-work destination.
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In summary, sequences of trips or activity schedules exhibit regularity from Monday to Thursday;
Saturday and Sunday have very different patterns of activity schedule compared with the weekdays,
which is consistent with the SpotRank geometries explored in the previous chapter. The sequences on
Friday are not as regular as in other weekdays, but they are neither as heterogeneous as on the
weekend. Friday is different from the rest of the weekdays in that people travel more and many of these
trips have a non-work destination; however, at the same time it is similar to weekdays because the
commuting trip has an enormous weight on the schedule of activity and tours made. Presumably, those
additional trips on Friday do not distribute uniformly across the island, but they tend to concentrate at
specific spots that concentrate a particular offer attracting such trips or at places accessible to where
people live and work.
In the following sections, we select five iconic sequences of trips with non-work destinations and with a
large number of cases each for exploring their spatial distribution across the SpotRank places. Two
sequences are from weekdays and two from the weekend, and a last one on Friday evening at Bugis.

Sequence 1: weekday - home to work, work to max 1, maxi to home
This is the typical case of a rider stopping at a non-work destination after work and before heading to
home. As it is a 'Max 1' station, the rider stops at this location at least a couple of times during the
weekly activity schedule. This sequence represents 10 percent of the trips in our sample.
The attractiveness of this sequence is that both the trip from 'Work' to the non-work destination and
from that place to 'Home' appear in the data; therefore, we could calculate the average length of the
non-work stay by place to compare. In this exploration, we also seek to compare the travel time from
'Work' to 'Max 1' against that from 'Max 1' to 'Home', because a puzzling question is whether the nonwork location choices tend to favor destinations nearby the home versus the work location for people
actually traveling from home to work. In this exploration and in the rest of the chapter, we aggregate
the trips by the SpotRank place, grouping by the 'Max 1' station in the sequence, computing the median
of the variables above referred.
The median arrival time at 'Max 1' is at 6:30 pm, with a median length of stay of 45 minutes. What
activities occur during those 45 minutes before heading home? We could speculate that they involve
shopping or dining, but we do not have data to confirm it. If we look at the places, the median length-ofstay across them ranges from a minimum of 15 minutes at Harbourfront to up to 2.5 hours at Dempsey
Road. Meanwhile, the range of average arrival time across places is from 4:30 pm to 7:30 pm.
Regarding the travel time of the non-work stop from home and work, 'Max 1' stations are on average
closer (measured as travel time) to 'Work' than to 'Home'. Travel time from 'Work' is 14 minutes, while
it is of 28 to 'Home'; it is twice as long to home as to work. Nonetheless, average travel time from/to the
anchor stations varies across places. In general, places fall in one of these two cases: a) spots whose
average travel time of 'Max 1' trips arriving is substantially smaller from work than to home, and b)
spots whose average travel time of 'Max 1' arrivals is similar from work than to home.
Figure 14. Average travel time for sequence 'Home'->'Work' -> 'Max 1'-> 'Home' compares travel times,
grouping the trips by the SpotRank place of the 'Max 1' station. The horizontal and vertical axes
represent average travel time from 'Work' to 'Max 1' and average travel time from 'Max 1' to 'Home',
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respectively. The circles correspond to the SpotRank places, where the radius symbolizes the total
number of 'Max 1' landings of this sequence. The color code indicates the ratio between numbers of
'Max 1' landings over number of riders with a 'Work' or 'Home' station of a given spot. Thus, the radius
of the circle shows the magnitude of the non-work visits, while the color code normalizes such
magnitude by the number of people who either work or live in that place. The normalization is needed
because the SpotRank spots encompass dissimilar areas, and we want to differentiate the places that
attract a large number of visitors according to the number of people who have to be in the area because
they work or live there. There is a 45* degree line to facilitate the comparison among travel times; places
along of it have comparable travel times from 'Home' and 'Work' to the non-work 'Max 1' station, on
average. For the dots below of the line, the visitors to those places have average travel times from
'Work' to 'Max 1' greater than from 'Max 1' to 'Home'. The dots above of the line are the opposite case.
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'Max 1'->'Home' on weekdays.

Bugis, Downtown and Orchard Road are the largest attractors of non-work trips (for this sequence and
on weekdays including Fridays). Meanwhile, Jurong West - Boonlay, Hougang, Senkang, Tampines,
Woodlands and Bugis have the largest proportion of visitors in relation to the number of workers plus
residents in the area. 8
Let us briefly summarize forthe reader the neighborhoods that Bugis, Jurongeast-Boonlay, Tampines
and Senkang comprise. Bugis is a historical heritage neighborhood in the central part of the city, close to
the financial district. It is popular for its wide offer of restaurants, cafes, nightlife and retail. In this
sequence of daily activity, riders stopping at this location after work come from surrounding areas
because they travel an average of merely 10 minutes to get to Bugis. These visitors need to work in the
proximity and live far away because they travel an average of 30 minutes to reach home afterthe non-

Number of workers and residents is calculated from the same EZ-Link data. That is the number of riders in the
560K sample with a 'Home' or 'Work' anchor station at this spot.
8
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work stop in Bugis. This is valid fortransit users and it does not exclude that a large number of visitors
living in the proximity come to Bugis and take other modes of transportation to home.
Jurong West -Boonlay is a regional sub-center in the west and is an important hub of activity on that
side of the island, having a large shopping mall and a wide leisure offer. Likewise, the place is popular
amongst immigrant workers mainly from India and Bangladesh, who congregate every evening atthe
public space outside of the metro station (Ye, 2013a). The zone has a combination of industry, office,
and residential land uses; multiple bus routes and a train stop provide accessibility to the area. Travelers
to 'Max 1' destinations in Jurong ride an average of 20 minutes from 'Work', which is twice the value of
what we have in Bugis. After the stop in the non-work destination, the average travel time to 'Home' is
still 27 minutes, analogous to that from Bugis. Visitors come from distant areas; perhaps this occurs
because the offer of leisure in the extreme West of the island is limited, while accessibility is lower than
in central Singapore, thus workers travel up to 20 minutes to reach this regional hub for non-work stops
before going home.
Tampines is also a regional sub-center and hub of activity located in the East of Singapore; the average
travel time from 'Work' to 'Max 1' and from 'Max 1' to 'Home' is equivalent for the two lengths: riders
travel an average of 21 minutes from 'Work' and for another 21 minutes to 'Home'. This is atypical for
this sequence and is a unique trait for this place. Tampines has a bus interchanges station and a metro
station on the line crossing Singapore from East to West. The area has a number of patches with
commercial activity and malls, office spaces and headquarters of multinationals, along with a mix of
private and social housing.
Finally, Senkang is an outlier in Figure 14 because visitors stopping at this location with a non-work
purpose face an average commute to home of barely 13 minutes, although they have to travel an
average of 27 minutes to have reached this spot from 'Work'. This atypical behavior is a result of the low
accessibility of the area. Senkang is at the North corner of the island; it is primarily a residential
neighborhood with low access to jobs and is very distant from central Singapore. Stoppers at this spot
are residents in the area who take the long journey from work and then make a stop for dinner or
shopping at a location nearby to their residential location.
Two other outliers are worth mentioning: Kent Ridge and Vivo City. Kent Ridge is a hub enclosing IT jobs,
a business park, a hospital and the main campus of the National University of Singapore (NUS). It is a
place with good access to buses and trains. Stoppers to this spot with a 'Max 1' destination are workers
in the area who live far away; they travel an average of 8 minutes from work and then 35 minutes to
their 'Home'.
Vivo City is a popular box-mall with the largest surface retail area in Singapore; the SpotRank place
boundary encloses the mall and no other adjacent zone. It is located in the central part of the island, but
not precisely on the CBD. The place has good accessibility because it is at the intersection of two major
metro rail lines. Visitors to Vivo City after 'Work' travel an average of 25 minutes to reach this
destination; then they travel, on average, another 35 minutes to get 'Home' after the stop. It is an
outlier in the sense that it is very unusual to have such big average travel times for both lengths of the
trip, from work and to home. The place attracts workers from distant places. Such uniqueness makes
Vivo City an interesting desirable location that is worth further exploration in order to understand what
attributes the place offers to visitors to attract them from distant locations.
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The exploration of the trips in this sequence across SpotRank places suggest two relevant patterns. On
the one hand, practically every SpotRank place registers at least a few 'Max 1' destinations, although a
few places have a large number of these visitors. A potential explanation of why a few places
concentrate a large number of visits could be that these places have a combination of good accessibility
from jobs with a wide offerof amenities. On the other hand, the bundle of amenities between place of
work and place of residence could affect destination choice of 'Max 1' in this sequence. It is hard to
know exactly how such bundles affect destination choice because it is a counterfactual situation of
potential outcomes. For instance, we observe that those who stop at Senkang for'Max 1' tend to be
residents of the same zone. However, we do not know how many of these stoppers would pick instead a
non-work destination in downtown if they were working in the CBD.
We do not have the counterfactual, but intrigued by this pattern of travel time from/to the destination
choice we take a deeper exploration to a selection of trips from this same sequence. First, we pick a pool
of 59k trips of riders with morning commutes to work longer than 25 minutes, whose workplace is less
than 5 kilometers (Euclidian distance) from the CBD. Second, we select another pool of 85k trips with a
morning commuting trip to 'Work' longer than 25 minutes too, but with a job location further than 5
kilometers from the CBD. The goal was to compare in these two sets of trips the relative travel time
from 'Work' to 'Max 1' and from 'Max 1' to 'Home' for travelers facing a similar commute, but with a
different offer of amenities at their work location. Please, keep in mind that the central area is relevant
because it concentrates the largest offerof amenities, restaurants and shopping in Singapore.
In this comparison, median travel time from 'Work' to 'Max 1' is of 6 minutes for those who work in the
CBD and of 15 minutes for those who do not. Figure 15. Travel time from 'Work' to 'Max l'compares the
density distribution of travel time for the trips split in the two groups. The densities represent the trips;
they do not represent aggregated trips by SpotRank place as the previous plots. The green line
corresponds to riders not working in the CBD; the red line represents trips of travelers working in the
CBD. The green curve has a smaller density for short distances, a taller density for travel time, and a
wider tail, implying that, on average, workers that are not in the CBD travel more to reach the non-work
'Max 1'stop than workers in the CBD. An Ordinary Least Squares (OLS) model regressing distance from
'Work' to 'Max 1' (using trips as unit of analysis) over distance of the workplace to the CBD is statistically
significant, although with a poor fit of only 3 percent variance explained. In conclusion, travelers in our
subset of data who work in the CBD are more likely to choose a non-work destination close to their
workplace, as compared with travelers who do work not in the CBD, with ceteris paribus time of
commute from 'Home' to 'Work'. However, there are many other elements affecting such destination
choice, which is why the fit of the OLS is poor when using distance of work to the CBD as the only
predictor of the travel time to 'Max 1' location. We need further exploration of those other elements.
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Let us explore another dimension in this same trip sequence, by looking now not at individual trips but
at the aggregates of trips by the SpotRank places. Figure 16. Average ride time for residents and workers
in the SpotRank spots compares the travel time of 'Max 1' locations by place to both 'Home' and 'Work',
and also the distance of the place to the CBD. The goal of the plot is to show how residents and workers
of a place, on average, face travel time to 'Max 1' destinations after work. The question motivating this
comparison is how different is the average travel time of the trips from 'Work' to 'Max 1' for someone
working, for instance, in Bugis versus someone residing in the same place but working elsewhere.
Therefore, the grouping to generate the average travel time by place is done by the 'Home' and 'Work'
location of the sequence (not by 'Max 1' as in prior figures).
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Figure 16. Average ride time for residents and workers in the SpotRankspots

The left pane of Figure16 compares the average ride time from 'Work' to 'Max 1' and from 'Max 1' to
'Home' for the residents. The right pane does the same comparison but for workers. Color code
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represents the Euclidean distance of the centroid of the SpotRank circle to the CBD. The two plots show
interesting patterns-let us go over a few cases for the reader.
Residents of Stevens and Orchard Road have a very specific pattern: they 'Work' and have 'Max 1'
destinations in the same area. Residents of these two places travel an average of only 5 minutes from
'Work' to 'Max 1', and an average of 10 minutes from 'Max 1' to 'Home'. Orchard Road and Stevens are
zones where land is the most expensive in the city. The travel time of residents contrasts with that from
the workers. In general, workers of these two areas do not live nearby, although they have a 'Max 1'
destination in the area as they travel less than 5 minutes to reach it. Nonetheless, these workers after
the non-work stop still need to commute for another 27 minutes to get home.
Residents at places such as Bugis, Bendemeer, Downtown and Kallang also travel for less than 5 minutes
to the non-work destination, then face commutes of 15-20 minutes to 'Home'. In general, residents of
places at distances greater than 12 km from the CBD face a greater average travel time from 'Work' to
'Max 1'. This means two things. First, despite Singapore being a polycentric city (Zhong, Arisona, Huang,
Batty, & Schmitt, 2014b), the central area still concentrates an important fraction of jobs, and an even
higher fraction of non-work activities. Second, people living in the suburbs and not working in the
central area on average travel more from 'Work' to a frequent non-work destination stop in the weekly
activity than people living and/or working in the central part of the city.
The destination choices of workers exhibit more heterogeneity than those from the residents. For the
residents, it is very clear how distance to CBD splits the observations in two groups and it correlates with
the two axes. By contrast, forthe workers, distance to CBD seems unrelated to the travel times the axes
represent. For instance, workers in Tiong Bahru, Quenstown and Bukit Merah stay in the area for nonwork activities; they do not travel a long distance to 'Max 1', despite having a long commute of 30
minutes to 'Home' after the stop. Likewise, Beauty World, Pasir Ris Park, Tampines and Bukit Panjang
represent three non-central locations where workers stay in the area for non-work destinations at
nearby locations before heading home. Why do they stay at those locations? For Pasir Ris Park it is
evident that those who stay for non-work activities are those who also reside in the area, but it is not
that clear for the other three cases. The question is what type of amenities or accessibility attracts
workers in non-central areas to stay for non-work activities?
The cases of Tiong Bahru and Upper Beauty World deserve special consideration because the patterns in
destination choice between residents and workers are strikingly different. In Upper Beauty World, an
area that mixes commercial with social housing, landed properties and condominiums, residents in the
area for some reason select 'Max 1' locations in the same places where they work and not in here,
facing then long commutes to their homes. However, workers in Upper Beauty World do the same: they
stay in the area for 'Max 1' destinations, and then undertake a long commute back home. A possible
explanation could be that the Upper Beauty World area encloses the Ngee Polytechnic-the Singapore
Management University is not far from the area. As a result, the type of establishments in the area
mostly cater to an audience of students and workers, but not residents.
Tiong Bahru is similar to Orchard Road in that residents both work and have 'Max 1' destinations in the
same place; By contrast, workers stay in the area for 'Max 1' choices and then undertake a long
commute back home.
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The exploration up to this point signals that the most common non-work sequence in a weekday is that
with a non-work destination along the way to home after hours, which is frequented at least a couple of
times in the week. The decision making process of choosing an alternative for a non-work destination in
such sequence of daily activity is a complex task, which takes into account several pieces of information,
and where travel time is frictional. These pieces of information refer to the bundles of accessibility and
offer of non-work activities available to the decision maker mostly at the home and work locations, and
along the way between the two anchor places. Moreover, other popular destinations not necessarily
along the route from home to work are attractive, such as Vivo City, which is a place that attracts visitors
from further away. As we mentioned, distance is frictional and we can generalize that Singaporeans
using transit would prefer non-work destinations in closer proximity to their workplace than to their
home location, everything else remaining constant.
The next sequence explores the off-hours trips to 'Other', which is the non-frequent stop observed
during the week of activity.

Sequence 2: weekday - home to work, work to other, other to home
The difference with the previous sequence is that in this one the non-work destination is to an 'Other'
station instead of a 'Max 1'. Recall that the 'Other' category corresponds to a non-frequent stop in the
weekly pattern of activity forthe transit rider. Similarly to the first sequence, median time of arrival is at
6:30 pm, but median length of the stay is 15 minutes longer. Figure 17. Average travel time for sequence
'Home'->'Work' -> 'Other' -> 'Home' compares the average travel times on weekdays by place, and
grouping by the SpotRank place of the 'Other' station of trips' arrival.
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From the plot, the reader can see that Orchard Road and Bugis have the greatest proportion of nonwork visits to the number of residents and workers in the area, and the greatest gross number of trips
too. These two places champion by their enormous attraction of riders. Visitors stopping at these two
locations travel an average of 15 minutes from their 'Work' place, stop for 60 minutes on average, and
then travel again for an average of 30 minutes to 'Home'.
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Downtown also records a large number of visits, but not as large as the number of workers the area
receives every weekday. These three spots in the central area of the island concentrate a majority of
'Other' visits.
A remarkable difference with the previous sequence is the higher number of spots that we find below
the 45-degree line. This indicates that riders, who visit a non-work destination only once a week, in
places below of the line, travel on average more from 'Work' to 'Other' than from 'Other' to 'Home'. For
instance, visitors to places such as Pasir Ris, Punggol, Woodlands, Yishun or Tampines travel an average
of 30 minutes from 'Work' to reach these spots, after, they travel for another 20 minutes on average to
go home. Such long travel times from 'Work' to 'Max 1' were unthinkable in the previous sequence. If a
rider visits a place with a non-work purpose at least twice a week, it could be part of a routine. If it is a
routine, then it is most likely that the place will be a convenient stop along the route from work to home
or it could also be closer to work. Activities that could fit in this routine are grocery shopping or a regular
dinner. By contrast, an infrequent stop that occurs only once a week could be an activity that is not part
of a routine, for instance, meeting with an acquaintance or celebrating a special occasion in a weekday
and after work. Again, the EZ-Link data is biased and it only represents the activity of one week, but the
travel times for this sequence permit this type of hypothetical interpretation of the underlying activity
patterns.
Vivo City is an interesting case because it attracts again a very large number of 'Other' visits to the
number of residents and workers in the area. It attracts people who travel an average of 25 minutes to
this location, and then face a long commute of 35 minutes to their 'Home'.
Figure 18. Average ride time for residents and workers in the SpotRank spots replicates Figure 16. Average
ride time for residents and workers in the SpotRankspots but for the current sequence of trips. We compute the
average travel time from 'Work' to 'Other' and from 'Other' to 'Home', grouping the trips of residents
and workers on weekdays by their SpotRank place.
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Figure 18. Average ride time for residents and workers in the SpotRank spots

The left pane of the figure is the plot of the trips of the residents; the right one is the plot of the trips of
the workers. The axes represent the average ride time from 'Work' to 'Other' (x-axis) and the average
ride time from 'Other' to 'Home'. The radiuses correspond to the number of residents and workers,
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while the color code illustrates the Euclidean distance of the place to the CBD (in meters). The grouping
of the trips is by place.
In the plot of the residents, it is worth noticing that places close to the CBD are in the quadrant close to
the origin of the axes. There is a clear distinction between red and blue colors of the places across the
two dimensions in the axes. Overall, places closer to the CBD have the shorter average travel time from
work to non-work destinations, and from non-work destinations to home. This is only a static picture of
an activity that we do not observe, although it is telling us two things. First, that transit users living in
the central area of Singapore tend to work not farfrom their residence. Second, that transit users living
in the central area tend to have non-work destinations in the same delimited space of activity where
they reside and work. A transit user resident in Orchard Road or Stevens most likely works and does his
or her non-work activities in the same neighborhood, unless trips to other places occur in transportation
modes other than transit. In general, the central areas exhibit a similar pattern as Orchard. The average
ride time from 'Work' to 'Other' does not vary much across places; its range is of 12-20 minutes, which
is barely an 8-minute difference. By contrast, the ride time from 'Other' to 'Home' ranges from 15 to 40
minutes. Residents of Woodlands face the longest average commuting time from the 'Other' destination
to 'Home'. Woodlands is a regional sub center; despite its wide offer of services and commercial
establishments, the residents do not seem to pick infrequent non-work destinations in Woodlands or
the vicinity.
On the side of the workers, Bugis, Orchard Road and Downtown differentiate from the rest of the
places; on average, riders working at these three central locations have the shortest trip from 'Work' to
the non-work destination, but then the journey to 'Home' takes around 25-30 minutes. The distance to
CBD does not seem to affect the travel time of workers as it does to residents.
In conclusion, the comparison of the two sequences of trips on weekdays, previously described, add
important information to understand non-work destination choice. Table 9 summarizes our
interpretation of the plots presented. Recall that the two sequences correspond to the non-work
destination of the worker after hours and before continuing the journey to home, which is the most
typical pattern of activity observed in the EZ-Link data.
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Live in the central area

Work in the central area

Work

Transit users residing in places at the
central area, where land is the most
expensive, most likely will have a work
location notfarfrom their residence.

This configuration is infrequent in the
EZ-Link data. It is hard to see a clear
pattern on this configuration from the
data aggregated by places. We need

Their non-work destination choices

more research and data to understand

relying on transit wouldfavor locations
in the same area. They might explore

non-work destination choice for such
combination.

in the periphery

further non-work destinations, but
those trips do not seem to occur on
transit.

Live in the periphery

Table 9. Summary

Very typical case. Complex decision-

Typical case too. Also with a complex

making processes behind the selection
of non-work destinations under this
spatial configuration. Generally, people
select a location in proximity to their
work location, and then undertake a

decision-making process behind the
selection of non-work destinations. We
need more research and data to
understand how people evaluate
alternatives. EZ-Link data suggests that

longer trip to home. Although, this is
not a rule. The reason forfavoring non-

travel time, and the offerof amenities
at various locations, including at the

work destination in proximity to the

workplace, home, and at other places,

workplace is that the central area
concentratesmore jobs and amenities.

affect the choice.

of non-work destination choices for cases who live and work in the central area
the sequence of trips 'Home'-> 'Work'-> 'Max 1'/'Other'->'Home'.

versus in the periphery, for

The following two sections dedicate to the exploration of a pair of sequences commonly observed
during the weekends.

Sequence 3: weekend - 'Home' to 'Maxi'
The diversity of sequences of trips is higher on weekends than on weekdays because people chain the
anchor stations of origin and destination in more combinations of daily activity. As a result, each
observed sequences of trips on Saturday and Sunday only represent a fraction of the total number of
trips. The distinctive trait of the weekend is the high number of sequences starting from 'Home'. In this
section, we explore those trips that have a tour from 'Home' to 'Max 1', regardless of the other tours of
the rider in the same daily activity pattern. Our pool of trips has 260k cases for both Saturday and
Sunday. Average arrival time to 'Max 1' is at 1:45 pm, with an average stay length of 1 hour and 40
minutes (an hour longer than on weekdays) and an average ride time of 23 minutes to reach such nonwork stop. The grouping of the trips is by the SpotRank place of the 'Max 1' station.
Figure 19. Ratio of 'Max 1' trips to number of 'Homes' compares four dimensions of travel. The axes
represent the ratio of number of arrivals of 'Max 1' trips over number of 'Homes' (x-axis) and the
distance of the place to the CBD. The color code shows the average ride time from 'Home' to the 'Max 1'
locations at each spot. The radius of the dots corresponds to the number of 'Max 1' arrivals.
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Figure 19. Ratio of 'Max 1' trips to numberof 'Homes' and Distance to the CBD (in meters)

A noteworthy pattern in the plot is that the central locations of Bugis, Orchard Road and Downtown
receive both the largest proportion and the gross number of non-work visits from 'Home' during the
weekend. Moreover, the visitors to these places travel an average of 15 minutes to reach their non-work
destination. Exploring the riders who come to these three places on the weekend, we find that about 49
percent actually work at any of the three areas; 30 percent work downtown, 11 percent in Bugis and 9
percent in Orchard Road. Nonetheless, only 5 percent live in the same spots. Thus, half of the visitors
with trips from 'Home' to these three areas actually are familiar with the zone because they travel to it
for work purposes on weekdays. They are not residents of the area but they do not live far away either.
Vivo City represents again an interesting case for two reasons. First, it attracts a large proportion of
visitors although there are very few residents enclosed by its cluster and this is why the proportion is
large. Second, visitors are willing to travel an average of 25 minutes to this place on the weekends,
which is 10 minutes more than to Bugis, Downtown and Orchard Road.
Tampines and Jurong West - Boonlay are relevant cases because they are far away from the CBD, but at
the same time attract visitors from neighboring areas who ride for an average of 15 minutes only. These
two places have a large proportion and number of 'Max 1' visitors. The two places are regional centers
that concentrate large activity in the periphery of the island over the weekend, mostly of people arriving
from communities in the periphery as well.

Sequence 4: weekend -'Home' to 'Other'
Average ride time and arrival time for this sequence is analogous to the previous: 26 minutes and 1:30
pm, respectively. The length of the stay is 40 minutes longer than the prior sequence to 'Max 1'. Figure20
summarizes travel time and number of trips for the current sequence. Once again, the points in the plot
represent the aggregate trips from 'Home' to 'Other', using the 'Other' SpotRank place of arrival as the
grouping element. The x-axis shows the ratio of number of 'Other' arrivals to the number of 'Homes' in
the place. The y-axis represents distance of the centroid of the spot to the CBD. The radius of the point
is the number of 'Other' arrivals to the place on both Saturday and Sunday, and arriving from 'Home'.
The color code of the points illustrates the average travel time of the trips by place. The goal of the
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figure is to compare the four dimensions in a single plot, which are gross number and ratio of non-work
visits, distance of the place to the CBD, and average ride time to reach the destination.
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Figure 20. Ratio of 'Other' trips to numberof 'Homes' and Distance to the CBD. Sequence 4: weekend - 'Home' to 'Other'.

The first remarkable element in Figure 20 is again the distinction of Vivo City, Orchard Road, Bugis and
Downtown from the rest of the places (shown at the bottom right of the plot). The four places are in the
central zone, which is the most accessible part of the island, and the four cases have both a large
fraction and a large gross number of trips. Similarly to the previous sequence, the 44 percent of the
visitors that visit these four places during the weekend also work in the central area on weekdays.
A second feature of this sequence is that places such as Woodlands, Yishun, Tampines and Jurong WestBoonlay, which are located in the periphery of the city, attract an important number of non-work trips.
The interesting part is that Tampines attracts visitors from the communities around, who need to travel
only an average of 20 minutes to their destination. However, Jurong West-Boonlay, Yishun and
Woodlands are different because they attract visitors from far away who need to travel an average of 30
minutes to those locations. From the EZ-Link data, we cannot know what attracts visitors to these
relatively isolated places on the weekends. We need an exploration of other sources of data to
understand the forces driving people to such places. A possible reason could be an especial attraction to
the place or it could simply be people visiting relatives and acquaintances at such highly dense
residential locations over the weekend.
Jurong West-Boonlay was a salient case in the previous sequence because of its large fraction and large
gross number of trips to 'Max 1'. The average travel time of 15 minutes to such 'Max 1' destination
suggested that stoppers were mostly residents from neighboring but not adjacent zones, who stopped
by the place at least twice a week. By contrast, in the current sequence, there is an important fraction of
non-work trips at this same place, but these trips originate at locations farther away. The average riding
time from home is 25 minutes-10 minutes longer than in the previous sequence. Anyway, it is logical
that people living closer on average would stop more frequently by this place than people living farther.
The important thing this pattern is telling us is that Jurong West-Boolay is a complex place because it is
located in the periphery of the city, at the west extreme of the island, but it attracts a mixture of
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residents, visitors from neighboring places, and visitors from further away who arrive for non-work
activities on the weekends. It is a regional hub on the weekends. The question is what attracts such a
diverse audience to this place?

Sequence 5: Friday - Any trip arriving to Buqis after 6 pm with a non-work purpose.
We have a last sequence of trips to analyze before concluding our exploration. Bear in mind that in
Chapter 2 we identified a shift in the geometric boundaries of Bugis' cluster on Friday evening, when the
scanning algorithm detected an unusual peak of activity at the place. As a result, the tool shifted the
boundary of the cluster towards the north direction of where it was on a typical weekday. The new
boundary comprises the zones of Bugis Junction, Little India, Arab Street, Beach Road, and Lavender.
This cluster is very important for two reasons. First, because we have seen that Bugis is a major attractor
of non-work trips on both weekdays and the weekend. Second, the cluster on Fridays encloses a number
of iconic neighborhoods of the city and emblematic zones for their large concentration of restaurants,
bars, nightclubs, retail and commercial establishments. The purpose of this section is to rely on our
subset of EZ-Link riders to recognize who visits Bugis on a Friday evening. We want to know who are the
visitors making up the pattern that we observe in SpotRank, what fraction of them arrives with a nonwork purpose, and from which part of the city do they come from. With such purpose in mind, we
selected the trips in our subset arriving to a station within the SpotRank cluster of Bugis, filtering by
Friday and between 17pm-12am hours; 31,308 trips meet the criteria.
Let us explore the pair combinations between anchor stations. Figure 21 summarizes the origin and
destination pair comparisons. The vertical bars represent the anchor station of origin of the trip to Bugis:
5 percent arrive from 'Home', 53 percent from 'Work', 20 percent from 'Max 1', and 22 percent from
'Other'. Thus, about half of the trips come from the 'Work' station of the riders. Now we explore the
combination between origin and destination altogether by looking at the split of the vertical bars.
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Figure 21. Percentage of trips to Bugis on Friday evening, combinations of origin and destination (n=31,308). The sum of all the

rectangles add up to 100%06.
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Of the 5 percent of the trips that arrive from 'Home', 4 percent had a non-work destination at Bugis and
the remaining 1 percent arrived for 'Work'. Very few trips arrive from 'Home' and most of these arrive
for a non-work purpose.
The two pair combinations most frequently observed are from 'Work' to 'Max 1 and from 'Work to
'Other', which altogether account for 40 percent of the total. However, not every trip from 'Work'
arrives with a non-work purpose; the 14.5 percent of the trips arrive to 'Home' stations, which
correspond to workers returning to their residence after hours. Interestingly, 30 percent of the total
number of trips to Bugis come from already non-work destinations. In total, if we filter out the trips with
a 'Home' or 'Work' destination to Bugis, around 79 percent of the trips arriving to the place on a Friday
evening had a non-work purpose, arriving to either a 'Max 1' or 'Other' station.
It could seem either that the SpotRank cluster of Friday sees exclusively the activity of the visitors or that
the place only receives people but does not expel them. However, Bugis has a large density of jobs as
well and as proof of this, there are 15,768 trips leaving from 'Work' at Bugis during the same time
window of exploration. Around 30k trips arrive and 15k leave. Therefore, the SpotRank cluster is also
capturing the activity of the workers traveling elsewhere. Bugis is a complex place because it has a
combination of everything: some residents, a large offer of amenities attracting visitors from
somewhere else, a big pool of jobs, and workers leaving or staying to seek leisure options in the same
zone. Next, we explore the spatial location of the places that originated only from the subset of nonwork trips to Bugis.
For this spatial exploration, we consider the 24,470 trips with a non-work 'Max 1' or 'Other' destination
from the prior pool shown in Figure 21. We select these cases in order to focus on that majority of trips
with a non-work destination at Bugis. The origins of the non-work trips concentrate into a few places,
scarcely 29 SpotRank spots record at least 10 cases. Figure 22 presents two plots. In the plot at the left
pane, the axes represent the number of trips to Bugis that arrive from a 'Work' origin, and the average
ride time for such trips. The color code corresponds to the number of trips from 'Home' at each location.
The plot of the right pane compares the number of trips coming from a 'Max 1' station and the average
ride time, while the color code indicates the number of trips from 'Other' station. These two plots
compare the pair combinations between origin and destination for the non-work trips to Bugis, along
with the average travel times. As expected, we find that distance is frictional: locations far away (in
travel time) emit few non-work trips to Bugis. About 34 percent of the trips arriving from 'Home' come
from stations located within same 'Bugis' or from the neighboring Kallang; the rest spreads across other
stations with few cases. Likewise, same Bugis and neighboring Downtown are the main expellers of trips
from 'Work' stations to Bugis. About 73 percent of the trips arriving to Bugis from 'Work', and 66
percent from 'Max 1', have an origin at stations in close proximity. In other words, two thirds of the nonwork trips to Bugis on Friday night are from people who either work in the area or were already there
because of a previous non-work activity. On Friday evening, the place attracts a reduced number of trips
from distant places; the majority comes from the same place and adjacent areas.
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Figure 22. Comparison of trips from 'Home', 'Work', 'Other' and 'Max 1', along with average travel time, to Bugis.

The plot in the right pane shows that those who arrive from a previous non-work destination were
already in Bugis or were in bordering Downtown. If we look at the average arrival time of the trips by
their place of origin, there is no substantial variation in spite of the various distances. However, if we
look at the average arrival time by anchor station of origin, we find variations. For instance, average
arrival time for trips from 'Home' is at 8 pm, while from 'Work' is an hour earlier at 7 pm, and it is at 9
pm for 'Max 1' or 'Other'. There are multiple possible interpretations to this data; this is one: workers
from neighboring areas arrive to Bugis right after work, and they are many. Perhaps they stop at Bugis
for leisure, dinner, or shopping. Meanwhile, visitors from 'Home' come about an hour later and from
distant locations-it could be to meet with someone or fora special occasion, in general, for an activity
that is not part of the common daily routine. Other people, who were already at a non-work destination
in the area after work, arrive around 9 pm to Bugis; they stopped forshopping at some place near Bugis
before and then decided to take a second trip to Bugis to have a late dinner or to go to a bar. For the
latter, the tour of activity is complicated in the sense that the two non-work destination trips enchain to
each other.

3.5. Conclusion
In summary, the EZ-Link dataset is limited, biased, and only contains information for a subset of trips
that used transit in a specific week of activity. However, it is a dataset with a high spatial and temporal
resolution of activity for individual riders, a resolution that we could not find in other traditional sources
of data such as in transportation surveys. Therefore, this dataset could add a unique perspective
regarding our understanding of the spatial distribution of non-work destinations in the city. Our primary
unit of analysis represents the SpotRank places. We spatially joined to each station the corresponding
boundary of the 93 SpotRank clusters as defined in the previous chapter. As a result, about 80 percent
of the trips had both a boarding and alighting station at a SpotRank place, which are the core cases for
our exploration.
We presented a methodology to process the data for a half million subsample of users, for which an
algorithm classified the stations of boarding and alighting of each trip either as 'Home', 'Work', 'Max 1'
and 'Other'. 'Max 1' and 'Other' correspond to non-work destinations; 'Max 1' represents stations
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visited by the person at least two times in the week, while 'Other' are stations visited only once. The
next step was to rely on the dataset of users, along with their anchor stations as defined, and on the
SpotRank places for exploring the spatial distribution and travel times for five different sequences of
trips. These sequences include two on weekdays, two on the weekend and one on Friday at Bugis. The
weekday sequences represented the trips of workers who commute in the morning to work, have a nonwork stop somewhere after work, and then go home. The weekend sequences represents the trips
going from home to a non-work destination. Using those sequences, our analysis focuses on the average
travel times to the non-work destination, and on the density of such trips across of the SpotRank places.
The exploratory analysis of the sequences of trips unveils interesting patterns about what the
boundaries of the SpotRank places represent, how they enclose non-work activities, and what
information could be relevant to characterize non-work destinations. Two elements seem to have a
large effect on non-work destination choice: accessibility of a place, and the offer of non-work activities
of it. In accessibility, two elements matter. First, the absolute accessibility of the transportation facilities
deployed to reach such location is important to determine destination choices. For instance, the cases of
Vivo City or Jurong West-Boonlay. Second, we also need to consider the relative accessibility of a place
for the people whose activity schedule might include a non-work stop. The last point refers to central
locations geographically positioned near where jobs are, attracting visits of workers after hours.
Likewise, regarding the offer of non-work activities, a combination of the density of leisure options of a
place and the options catering to different audiences affects the attractiveness of a place as a non-work
destination.
In general, SpotRank places are complex in the sense that most of them attract non-work trips, but at
the same time have residents returning to their homes, and workers leaving the area to non-work
destinations or to their home somewhere else. In Singapore, there is no such sharp separation between
spaces of consumption, production and residence; everything overlaps in the urban space.
From EZ-Link data, we only obtain static pictures about the underlying dynamics of human activity. By
interpreting these pictures, we can infer several characteristics about non-work destination choice.
Overall, transit users in Singapore, stopping at a non-work location after work and before going home on
weekdays, tend to favor non-work stops located in closer proximity to their workplace than to home.
This is farfrom being a rule and many riders still prefer locations near their homes for non-work
activities in the sequences explored. Remarkably, from the figures that we explored, the reader could
identify a pattern regarding time traveled at a number of places, for instance, Bugis, Orchard Road,
Downtown and Vivo City always stand out from the rest, as is the case for Jurong Boonlay, Yishun and
Woodlands as well. Such distinctive patterns by place indicate that the people either living or working at
a given place consistently face similar tradeoffs for destination choice of non-work alternatives. If this is
the case, then it means that planning decisions that affect the provision of amenities and the
accessibility of a place could also have an impact on the non-work destination choice.
The non-work choices of residents in the suburbs who do not work in the CBD remain unclear. We need
more research and data to understand their non-work destination choices on weekdays. The average
travel times over non-work destinations suggest that those workers sometimes prefer a non-work
location along the way between work and home; other times, they pick a separate third location
elsewhere. In other occasions, they could also select a place nearby either their workplace or home.
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Another finding is that transit riders have longer commutes and more variation in the activity tours on
the weekends than on weekdays. The interesting part is that four central places still attract a large
proportion of sequences from home on the weekend; half of these visitors have a work location also in
the same area; although they do not live in the zone, they do not live far away either.
In the next chapter, we will try to rationalize the exploration of the current one by suggesting a principal
component analysis and a k-means clustering, in order to build a typology of SpotRank places by the
non-work activity patterns of its visitors.
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Chapter 4
Clustering of SpotRank places based on
non-work activity in EZ-Link data
The goal of this chapter is to generalize the analysis of the preceding one from a specific sequence to all
of the sequences. This is accomplished through the development of a method to systematically explore
the differences and similarities in the pair combinations of anchor stations with a non-work destination
across of the SpotRank places.

4.1. Grouping of non-worktrips by SpotRank place using station of arrival.
In our classification of the transit stations of users in the four category-typology ('Home', 'Work', 'Max 1
and 'Other'), there are more than four thousand different sequences observed in the data, each one
representing a different activity tour. The previous chapter explored five of those sequences. The
problem is that it would be unfeasible to review every sequence on an individual basis. The goal of this
chapter is to analyze in a general way the pairwise combinations of origin and destination, using the
four-category typology pairs with a non-work alighting (e.g. 'Max 1' or 'Other'). We concentrate on the
trip segments that ended at a non-work destination, as our objective is to identify common patterns of
locational choices across the SpotRank places.
We grouped the trips according to origin and destination, using the four-category typology of anchor
stations, separating weekends and weekdays from the data. We divide the data into weekends and
weekdays because the SpotRank places do not register the same pairwise combinations of the two.
Additionally, a number of SpotRank clusters emerge because of their unusual peaks of activity only on
weekend or weekday but not both. For instance, the zoo is a place that appears from SpotRank only on
the weekend, but the place does not register trips from 'Work' to 'Max 1' (with 'Max 1' being the zoo)
on weekdays. By contrast, places like business parks (e.g. Changi Business Park) do not record specific
combinations of anchor stations on weekends, for instance, no trips observed from 'Other' to 'Max 1'.
This situation was problematic because it generated null values for unobserved categories if we
considered weekends and weekdays together in the analysis. As a solution, we divide the data in two
pieces to analyze independently the trips on weekends and weekdays. The Friday is part of the weekday
category. The number of dimensions of the data exploded when we considered Friday as a third
separate category of analysis. Therefore, we consider Friday as a weekday and not weekend; this is
because of the enormous weight that the home to work commuting sequence has on this day, exactly as
is the case for other weekdays. Figure 23 illustrates the pair combinations of trips that we consider for
analysis.
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Using the pair combinations that include a non-work destination, we generate statistics of trips for each,
grouping by the SpotRank place of arrival. In other words, we group the trips of every combination of
stations represented in Figure23 for the 93 SpotRank places. Approximately, 86 percent of the trips have
a bus stop or train station of arrival within a valid SpotRank place. This analysis excludes the remainder
14 percent without an alighting station at a valid SpotRank place.
In the grouping, we compute the number of trips from every pairwise category combination for each
place, the median time of arrival of those trips, the median travel time, the median Euclidean distance
of such arrivals to 'Home' and the median Euclidean distance to 'Work'. This resulted in two datasets
with those variables represented. The first dataset is comprised with trips only from the weekends,
while the second one exclusively from the weekdays. In these two datasets, every row represents a
SpotRank spot; there are 89 spots on weekdays and 76 on the weekend. The columns correspond to the
summary statistics by place, of which we have 31 and 44 variables for weekdays and weekend,
respectively. The number of variables is large because we normalize the counts of trips, generating two
variables for each: we normalize by number of residents and then by number of workers. We tried to
normalize them by number of workers plus number of residents, but the results were not consistent as
the method was combining in the same category a place predominantly residential with another mostly
commercial. Thus, a better solution has been to generate for each count two variables: one normalized
by workers and another by residents. The following section details the methods that we apply to these
two final datasets to build a typology of places by their non-work destination arrival patterns. Our
ultimate goal is to identify groups of places in Singapore that exhibit common behaviors in the following
variables by arrival place to a non-work destination: density of non-work arrivals; distance of the nonwork destination from the home of the riders; distance of the non-work destination to the workplace of
the riders; and average travel time to the non-work destination.

4.2. Methodology
The first problem is the high dimensionality and redundancy of the data because there are more than 40
variables represented that describe pairwise combinations of each spot. The problem is that these
abundant variables are highly correlated in several dimensions. For instance, the number of non-work
arrivals from 'Other' is strongly correlated with the number of non-work arrivals from 'Max 1' or from
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'Work'. A clustering method based on distances would produce biased results because of the
redundancy of the variables. Therefore, we need to reduce dimensions while minimizing the loss of
information. A method to accomplish such task is the Principal Component Analysis (PCA). Once we
reduce dimensions, we will implement a k-means clustering on the principal components for exploring
the groupings of places by the non-work destination data represented through said components. Table 10
describes the variables considered for the weekdays in each pairwise combination of stations. As we
mentioned before, the number of trips generates two variables for each pairwise combination: one is
the count over the number of 'Home' stations in the spot and the other is the same count but over the
number of 'Work'. For the weekends, the number of variables is shorter, as it does not consider the trips
starting from 'Work'.
Boarding

Alighting

Variable

'Home'

'Max 1'

1)Number of trips over number of 'Home' stations; 2)number of trips over number of 'Work' stations;
4)average time of arrivalof the trips; 5)average ridership time of the trips; 6)averagedistance to the
'Home' of the riders; 7)overage distance to the 'Work' of the riders.

'Home'

'Other'

8)Number of trips over number of 'Home' stations; 9)number of trips over number of 'Work' stations;
10)average time of arrival; 11)average ridership time; 12)average distance to 'Home'; 13)average
distance to 'Work'

'Work'

'Max 1'

14)Number of trips over number of 'Home' stations; 15)number of trips over number of 'Work'
stations; 16)average time of arrival; 17)average ridership time; 18)average distance to 'Home';
19)average distance to 'Work'

'Work'

'Other'

20)Number of trips over number of 'Home' stations; 21)number of trips over number of 'Work'
stations; 22)average time of arrival; 23)average ridership time; 24)average distance to 'Home';
25)average distance to 'Work'

'Max 1'

'Max 1'

26)Number of trips over number of 'Home' stations; 27)number of trips over number of 'Work'
stations; 28)average time of arrival; 29)average ridership time; 30)average distance to 'Home';
31)average distance to 'Work'

'Max 1'

'Other'

32)Number of trips over numberof 'Home' stations; 33)number of trips over number of 'Work'
stations; 34)average time of arrival of the trips; 35)average ridership time of the trips; 36)average
distance to the 'Home' of the riders; 37)average distance to the 'Work' of the riders.

'Other'

'Other'

38)Number of trips over number of 'Home' stations; 39)number of trips over number of 'Work'
stations; 40)average time of arrival; 41)average ridership time; 42)average distance to 'Home';
43)aver age distance to 'Work'
Table 10. Variables consideredfor each pairwise combination of anchor stations

The Principal Component Analysis (PCA) is an old and widely used technique of multivariate examination
to reduce the dimensionality of a dataset in which there is a large number of correlated variables while
retaining as much as the variation in the data. The method performs a linear transformation of the
dataset into a new dataset with new variables called principal components. These principal components
are uncorrelated and ordered so that the first few components retain most of the variation present in all
of the original variables. The calculation of the principal components consists of the solution of an
eigenvalue-eigenvector for a positive-semidefinite matrix (Jolliffe, 1986). We run the analysis in the
statistical software 'R'. The next two sections describe the results of the PCA for the datasets of
weekdays and weekends.
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PCA for trips in weekdays
To recapitulate, this final dataset contains the set of variables described in Table10 representing the nonwork trips that each place receives. It does not contain null or missing values for any of the
combinations. Figure 24 details the percentage of variance explained by each principal component once
applied to the weekdays. The first two components explain 60 percent of the variance.

40-

Figure 24. Percentageof explained variancesby the principalcomponents on weekdays.

This result confirms that there is much data redundancy and correlation in the variables. The first nine
components capture about 90 percent of the variance in the 59 variables represented. Let us explore
this result to see what each component is representing from the original variables.
It is helpful to start by visually exploring any cluster of places across the two first components. Figure 25
plots the distribution of the 89 spots along the axes of component one and two. For the purpose of
readability in the plot, the labels show the number ID of the location rather than the name of the place.
Three places stand out as outliers in the plot: numbers 17, 18 and 64, representing Changi Airport,
Changi Business Park and Senkang West, respectively. Senkang West has a large value in component
one, while Changi Airport and Changi Business Park on the component two. We will analyze later in this
chapter the variables that each component is representing to interpret the meaning of large or small
values.
The color-code of the points in Figure 25 shows the squared cosine metric (cos2). This metric is the square
of the cosine of the angle from the right triangle made with the origin, the observation, and its
projection on the component. A case with a high cos2 means that the case is highly influential on the
components. The squared cosine indicates the contribution of a component to the squared distance of
the observation to the origin.
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Figure 25. Square cosine and distribution of the SpotRank spots across thefirst two components on weekdays.

As expected, cases near the origin in the two components have a smaller representation, while the
extreme cases are highly influential on the components. Figure 26 shows the matrix of correlation
between the eight first principal components and each of the original variables considered before
reducing dimensions. The color-code represents the degree of correlation: red is negative, blue is
positive, and the intensity of the color shows the magnitude of the correlation.
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The first component represents a piece of almost every variable represented; some variables are
positively correlated with the component, such as the counts of trips normalized by number of homes.
Some other variables correlate negatively, like the counts normalized by the number of work places. The
first component is nicely differentiating in a single dimension places attracting visitors who live in the
area and work far away and places attracting mainly workers in the area who live faraway. The second
component correlates positively with almost every variable, but it does not represent the average times
of arrival and few of the riding times.
Before continuing, let us go over again the outliers from Figure25, in light of the matrix of correlation. In
the previous chapter, Senkang showed up in a trip sequence, it was a remarkable case because visitors
to this place for non-work purposes were mainly the same residents of the area. In the PCA, Senkang is a
case with a high value on components 1 and 2. By the first component, it implies that the place has large
values in the counts of non-work trips to the number of workers in the area, in the average distances of
non-work stops to work locations, and in the ride time. These facts are logical given that it is a suburbia
high-density residential zone. By contrast, the other two outlier places, Changi Airport and Changi
Business Park, stand out for having low values for component one, which means that these places have
a small number of visits in proportion to the number of residents, and that the homes of those visitors
tend to be far away.
The components after the third one correlate to specific groups of variables or cases, but they still
capture important variation in the data. Figure 27 shows with color intensity the degree of contribution
of each variable to each of the first eight components, where more intensity represents a higher
contribution. To the first three components, almost every variable contributes to them by a small
fraction. After the third one, a specific block of variables dominates over the component. For instance,
the fifth component is representing the average time of ride from 'Max 1' to 'Other', perhaps even
capturing an outlier case with a very large average time for this variable.
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Figure 27. Contribution of each variable to the components on weekdays. Variable naming convention: V is boarding station: 'a'
is the alighting station; 1 is 'Home'; 3 is 'Max 1'; 4 is 'Other'.

In summary, the first three components explain up to 70 percent of the variance, although the
components from the third to the eighth still capture important variation from groups of variables and
outliers. The first component is the easiest to interpret and nicely summarizes the main patterns. For
the analysis coming in the next section, we have fixed our cutoff value of variance explained from the
PCA to the 90 percent; we want to avoid throwing relevant information, consequently we preserve as
many components as we can, while still reducing the dimensions. As a result, the clustering exploration
coming after the section of PCA in the weekend will rely on the first eight components.

PCA for trips in the weekend
In this section, we conduct the same PCA analysis for the weekends' dataset. Figure 28 illustrates the
percentage that each component explains. In this case, the seven first components count for90 percent
of the variance, on which we will rely later in the chapter forthe clustering analysis.
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Figure 28. Percentageof variance explained by the principal components on datafrom the weekend

The analysis of the components confirms the greater heterogeneity in the sequences of trips across
places on the weekend. This dataset contains fewer variables, although its first component explains 30
percent of the variance versus the 45 percent that we had for the weekdays.
Figure 29 shows the distribution of the points on the axes along the two first components. The intensity
of the color-code is the cosine squared. We find five places that are outliers in the plot: Changi Airport
(12), Changi Beach (13), Sentosa (55), Singapore American School (57) and the Zoo (76). These places
tend to be spots with atypical patterns of arrival. The irregularity in the non-work arrivals happens
because visitors travel long distances or because the places have a combination between a large number
of visitors and a small number of residents or workers. The bottom left quadrant of the plot contains
high-density residential zones, such as Bedok (3), Bukit Panjang (11), Yishun (75), Woodlands (71) and
Jurong West-Boonlay (31). Meanwhile, Orchard Road (45), Bugis (9), Vivo City (69) and Downtown (18)
appear in the right top quadrant of the plot. The point is that the two components make a good job in
differentiating places in central Singapore versus places in the periphery. Such differentiation was a
relevant feature of places as attractors of non-work destinations, as observed in the previous chapter.
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Figure 29. Square cosine and distribution of the SpotRankspots across thefirst two components on the weekend

Figure 30 presents a diagram with the correlation matrix of the first seven components and the variables
included in the PCA. The color code indicates correlation: positive is blue and negative is red. The
intensity of the color represents the magnitude of the correlation. The vertical bar on the right shows
the conversion of colors to numbers. The first component correlates positively with the counts of nonwork visits over both residents and workers, although it is larger over residents. Moreover, it strongly
correlates with the average time of ride and distance to home. Thus, a large value in the first component
correlates to places with a large number of counts over residents or workers, with a big average distance
to home, and a big time of ride. Our outliers of Sentosa and the Zoo reunite such elements, and this is
why they show on the right of the plot in Figure 29.
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II

The second and third components include relevant information contained in the dataset. The second
one mainly represents a negative correlation with distance of the trips by place to the work location of
the riders, a positive with the home location of the same riders, and a negative with the counts of visits
over workers. In general, places that are predominantly residential, that attract visitors whose work
location on weekdays is far away, but their home location is close by, would have a large value in the
second component. The third component contrasts with the second one because it combines a positive
correlation with the counts of trips over workers but negative with the distance to work locations. A
large value of the third component would embody places with an important presence of both workers
and visitors on the weekend, where a large number of visitors are also workers in the area during
weekdays, such as Orchard Road, Bugis, and Downtown. From the fifth component, one or two variables
dominate the dimension. Figure 31 displays the contribution matrix of the variables to the different
components, which confirms our interpretation of specific variables governing after the fifth dimension.
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variable that is relevant to represent non-work attraction. Second, the components after the fifth or
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sixth one mostly represent a specific variable or an outlier case. Therefore, incorporating those
components after the fifth one for the clustering will guarantee that the outliers would have at least a
large metric in one of the dimensions. This increases the likelihood of the algorithm isolating and
separating an outlier from the main and homogeneous groups.

K-means Clustering of places with trips from the weekdays
For the dataset of weekdays, we run a k-means clustering algorithm with the first eight principal
components. In this algorithm, the user must specify the number of clusters to do the grouping of cases.
To select the appropriate number, we rely on the method of the Elbow diagram. The Elbow method
consists of running the clustering with a ranging number of groups, plotting the cluster sum of squares
and selecting the number where the curve has the inflection point at which it becomes flatter
(Kodinariya & Makwana, 2013). Figure 32. Elbow Diagram of k-means clustering for weekdays shows the
within cluster sum of squares from one to sixty clusters. As the number of clusters increase, the sum of
squares becomes smaller as the members of the group exhibit less within variation. However, the
marginal utility of having an extra group has diminishing returns. Taking this to an extreme, each
observation is in its own group, having as many groups as observations and the smallest within group
variance. However, we want fewer groups than observations because the goal is to summarize the data
by grouping the cases in categories that exhibit commonalities. As a result and according to the plot, the
ideal number of clusters is between 15 and 20 groups.
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Figure 32. Elbow Diagram of k-means clustering for weekdays

We run the k-means for groups between 15 and 20 and explore the results of each iteration. The main
differences between having 15 or 20 groups is in single membership groups that contain outlier
observations. When having fewer groups, the outliers merge onto another category. Besides this
difference, the membership for the medium and large groups is stable between taking 15 or 20 groups.
In the end, we decided to select the results of the 20 groups because, for the exploratory purposes of
non-work destinations, we want the outliers to be separated from the rest of the places. Figure 33
displays the results of the 20 clusters with the group membership. The one member group marked in
color gray corresponds to the observations that have their own group category with a single
observation, which are places with atypical patterns of non-work visits on weekdays, such as the
stadium, the airport, two business parks and three schools.
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Figure 33. K-means clustering results with 20 groups for weekdays

The clustering with the data from weekdays sets in a single group the four central places that always
showed together in the exploration of trip sequences from the previous chapter: Orchard Road,
Downtown, Bugis and Vivo City, and it adds the Harbourfront to it as well. Before describing the group
membership of the places, let us observe the clusters in a map of Singapore. Figure 34 maps the
SpotRank places in the space. The color-coding indicates the group membership, using the same color
codes and group numbers as the categories from Figure 33.
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Figure 34. Map with the SpotRank clusters on weekdays, colored by their cluster category

Below we present a summary description of each of the clusters and their places. For this interpretation,
we rely on two sources of data. The first is the summary statistics of the components by group, along
with the matrix of correlation between components and variables to interpret those components. The
second is the summary statistics of the original variables before of the PCA. A third source of data that
we eventually considered to interpret the results is the SpotRank scores within the places. We also
looked at the composition of residents and workers at each place from the same EZ-Link data with
anchor

stations

of

riders.
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Group 18 (dark purple)

This group is our benchmark to compare other clusters with. It comprises the places of Bugis,
Downtown, Orchard Road, Harbourfront and Vivo City, which have the largest proportion of visits to the
number of residents and workers. The first three places are located in the central area and are obvious
non-work destinations given their enormous offer of leisure. The SpotRank places of Bugis, Downtown
and Orchard Road enclose a big area and contain a wide offer of amenities that caters to various
audiences. For instance, Bugis has restaurants for every budget, shopping malls, commercial strips,
street food and a zone with nightclubs.
By contrast, Vivo City and Harbourfront are adjacent locations to each other and encircle a small area.
Vivo City is a box-mall with an ample offerof food and retail, while Harbourfront is a ferry station with
an offerof food and restaurants. They merge in the same group with the other three locations because
they attract a large number of non-work trips on weekdays. Visitors tend to be workers around the
same area, who make short trips to these destinations and whose home location is far away.
Another distinctive element in this group is that the spots attract an important number of non-work
trips from home in the morning. These trips arrive on average between 9-10 am; these are comprised of
people who travel an average of 30-minutes to reach their destination. It is hard to infer the activity of
these trips from home in the morning, but these places share such feature. This from-home morning
trips can truly be non-work activities or they could be job-related as these spots also concentrate the
largest proportion of jobs and civic buildings in Singapore. The most interesting feature of this group is
that, considering the components that represent the pairwise combinations and arrival times of the
non-work trips by place, the algorithm sets Vivo City in the same group as Bugis, Downtown and Orchard
Road. This is in accordance with the findings from the sequences explored in the previous chapter. The
question is what special arrangement between offer of leisure and accessibility do Vivo City and
Harbourfront have to compete in attraction to much larger places such as Downtown, Bugis or Orchard
Road?

- Group 6 (light green)
The commonality of these places is that they are located in the periphery of the island, except for Sin
Ming, which is not precisely in the central area but not as isolated as other places. The places in this
group have a large number of residents and a small number of workers. The number of workers in these
places is about 9 times smaller than in the places of Group 18. Therefore, the counts of visitors over
residents is low but it is large over the number of workers because there are not many. A large
proportion of non-work trips coming from 'Work' stop at these locations; visitors are mainly residents or
neighbors in the area who live close by and have 'Work locations' far away. These places also have a
large proportion of trips from 'Max 1' to 'Max 1' arriving on average after 7 pm as compared with the
other combinations. This means that many of the non-work visitors at these places make more than one
non-work stop before going home, and such pair of stops are frequent in their weekly activity schedule.
Another trait in this group is a low but consistent number of non-work trips arriving from 'Home' on
average at 2:30 pm, whose visitors come from the surrounding residential areas. The grouping of these
places happens also in accordance to the exploration from the previous chapter.
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The next clusters are more interesting because their patterns were not evident from the exploration in
the preceding chapter.

- Group 12 (dark orange)
These spots correspond to a combination of business parks spread across the island, a port, a hospital
and a university. The radius of these SpotRank spots is of only about 200 meters. They have the largest
density of jobs after those in Group 18, and the lowest density of 'Homes' of all the groups. There is a
small flow of non-work trips to these areas, mainly after hours from the same workers in the area. These
workers stop at these locations, after short trips of 5-10 minutes on average from 'Work', on their way
to 'Home'. Their 'Homes' are very distant from the non-work stops. A majority of the non-work stops
from 'Work' is to 'Max 1'; stops from 'Work' to 'Other' are almost inexistent. SpotRank scores on
average are low at these locations.
Places in this group have two distinctive elements that we do not observe in other clusters. First, a large
ratio of visitors to non-work destinations at these places, who come from 'Home', as compared with
other groups and other pair combinations. These visitors from home are the same workers in the area,
who arrive on average at 8:50 am, and make a stop before heading to their work locations in the same
places. Second, the proportion of arrivals to 'Max 1' doubles the arrivals to 'Other', which indicates that
a majority of the few visitors who stop by these locations do it at least a couple of times in the week for
non-work purposes.
In summary, places of this group have a much higher number of workers than residents. In general, the
proportion of visitors to workers with non-work purposes is low. However, the proportion of visitors to
workers is extremely short. Likewise, a larger ratio of workers arriving from home, as compared with
other groups, make a non-work stop in the morning, presumably before heading to work. The purpose
of such trip is unclear, but we could speculate that it could be to have breakfast or coffee. Visitors after
work are mainly the same workers in the places.

- Group 8 (light red)
The proportions of non-work trips' counts over number of residents and workers for every pairwise
comparison of stations in this group is very similar to that from Group 6 (light green). Equivalently,
places in this group are also in the suburbs, as are those from Group 6. Three are the main differences
between these places and those from Group 6. First, the arrival time of trips from 'Home' to the nonwork destinations at the spots of this group occur on average in the morning around 11 am, instead of 4
pm, as was the case for places in Group 6. Second, average distance of non-work stops from 'Home' is
smaller for these places; visitors live an average of 20 percent closer to their 'Home' than those from
Group 6. Third-and this is the biggest difference-is that non-work stops at these places are about half
the distance from the work location of the visitors, which implies commutes about 8-9 minute shorter
for trips coming from 'Work'.
In summary, these locations are also suburban centers of activity that attract a large proportion of nonwork trips, mostly of workers after hours and on their way home. These are also suburban places, but
they have better accessibility to where visitors live and work than those from Group 6.
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- Group 7 (dark green)
The majority of the places in this group form a corridor extending from the central area towards the
west. Even though, the cluster includes three places outside the corridor, not in the CBD, but in central
Singapore: Tiong Bahru, Stevens and Bandemeer. Places in this group have a large proportion of nonwork visits to both the number of residents and to the number of workers. Nonetheless, places in the
group have a slightly larger number of trips over residents than to workers, reflecting the fact that there
is an average of 30 percent more workers than residents in these places.
The proportion of visitors to the number of workers in this group is similar to Group 18 of Downtown
and Orchard Road. However, places in this group are more residential than in Group 18. Another
remarkable trait of this group is the high proximity of the work locations of the visitors to the non-work
visits at these places. Such small distances impose a commute to the non-work destination of only 10-15
minutes from work. We see such small distances from work locations only in the aforementioned group
of Downtown. However, the distance from these non-work stops to home forthe visitors is about 30
percent smaller than the group of Downtown.
Another relevant trait of places in this group is the high proportion of trips from 'Home' arriving to
'Other' in these places, over the number of residents. Interestingly, those visitors from 'Home' make
non-frequent visits to these places, with an average arrival time at 8:30 am and an average ride time of
30 minutes.
In summary, places in this group are major attractors of non-work trips; they do not compete in gross
numbers with Bugis, Downtown or Orchard Road, but if we look at the proportion of number of visitors
to the number of workers, the two groups do not look very different. However, places in Group 18 have
about 9 times the number of workers of places in Group 7. The trip from work to the non-work
destination is the dominant combination in this group. A benefit for workers stopping afterhours on the
way home at places from this group is that the non-work stop is close to their workplace; they would
have a shorter commute back home after the stop than if they had gone to Downtown or Orchard Rd.
By looking at the average SpotRank scores of these two groups, weighted by area of the spots, Group 7
has about the magnitude of the scores than Downtown, Orchard, Bugis and Vivo City.

- Group 4 (light blue)
We have three iconic places of Singapore in this group: Geylang, Toa Payoh and Jurong West-Boonlay.
Places in this group do not follow a clear geographical pattern of location. The group congregates from a
regional sub-center in the periphery such asJurong West-Boonlay to a central location such as Toa
Payoh.
This group is similar to Group 7 (e.g. Clementi, Holland Village and Tiong Bahru) with two important
differences. In the current one, the proportion of visitors over workers is larger than the proportion of
visitors to the number of residents, reflecting that the places have more residents than workers.
Meanwhile, the opposite was true for Group 7, where the proportion to residents was larger than to
workers because the places had, on average, more workers than residents. However, the attraction of
visits amongst places from these two groups is comparable. A noticeable difference between the two
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groups is the lack of non-work visits arriving from 'Home' to places in the current one. In general, visitors
arrive from 'Work' and a minority arrive from other non-work destinations.
A unique pattern of this group that differentiates it from others is the distance of the non-work stop in
these places from home and work locations of the visitors. There are two characteristics worth
mentioning related to this pattern. First, visitors who stop fora frequent non-work destination 'Max 1'
have their home located at half the distance from their workplace. Second, visitors to 'Other' have their
home and workplace about the same distance from the place of the non-work destination. The
remarkable part is that when comparing the distances from home and work against the places from
other groups, we have that distances in the current group are close to the average. Therefore, places in
this group are neither super far away nor that close from the home and workplaces of the visitors. The
interpretation would be that those who stop after work at these locations, with a non-work purpose,
pick them because they are about the same distance from home and from work, they are sort of
midway stops for the visitors on their way to home.

- Group 9 (red)
Places in this group comprise Ang Mo Kio, Serangoon and Bukit Panjang. This group has a very similar
proportion of visits to the number of residents as places in Group 6 (e.g. Punggol, Woodlands and
Yishun). Actually, the two groups have analogous average number of residents per area. Places from the
two groups are dense residential areas.
A difference with Group 6 is that the places from the current one have fewer workers; as a result, the
proportion of non-work visits to the number of workers is larger. Essentially, we find in this group the
largest average proportion of non-work trips over workers across every pairwise comparison because
there is a considerable number of visitors and few workers.
The trips of workers stopping after hours for both a frequent and infrequent non-work destination are
the dominant sequences, forwhich they need to ride an average of 35 minutes from 'Work'. Workers
stop in the evening, and they are predominantly residents from the same area. Thus, visitors are mostly
the residents who stop here for convenience, which is analogous to the case of Group 6. However, the
workplaces of these visitors are about 40 percent closer to the non-work destination compared with the
cases from Group 6. This last point reflects the fact that the places from the current group possess a
higher accessibility to the work locations of these visitors, as compared with those from Group 6.
Likewise, the group also attracts non-work trips coming from 'Home', which tend to arrive in the
afternoon with an average arrival time at 4:30 pm; these trips correspond mostly to residents from the
same area or neighboring places.
Remarkably, if we observe the average SpotRank scores weighted by the area of the circles, they are
parallel to those from Group 6. In summary, places in the current Group 9 exhibit similar patterns of
attraction of visitors, who are mainly the residents in the area and adjacent zones, like peripheral places
such as Yishun, Kathib and Punggol. The main difference is that the places from the current group have
higher accessibility and fewer workers employed in the zone.

- Group 5 (dark blue)
96

Places in this group comprise East Coast, Marine Parade, West Coast Link and Kallang. This is an
interesting group because the proportion of non-work visitors to the number of residents is analogous
to the referred in Group 9 (e.g. Sengkang, Serangoon, Ang Mo Kio) in the previous point. However, the
density of residents per area in the current group is about one fourth of density in Group 9.
By contrast, the number of visitors to number of workers is much smaller as compared with Group 9,
despite the density of workers per area not being so different between the two groups. Actually, the
proportion of number of visits over workers is comparable to that from the downtown Group 18. This
suggests that the places have a smaller number of non-work visitors than those from Group 9 or Group
18. At the same time, places in this group exhibit a balance between number of workers and residents
on weekdays, and such numbers indicate a low density for both.
This group includes places in the east like the East Coast or Marine Parade, central locations as Kallang,
and a non-central place like Serangoon North or the West Coast Link. Thus, there is not a clear spatial
pattern of geographical location for places in this group.
A distinctive trait in this group is that it has a larger ratio of non-work arrivals from 'Home' to other pair
combinations of anchor stations. There is a higher average proportion of non-work visits to the number
of residents and workers in this group as compared with other clusters. Interestingly, the average time
of arrival of these trips is on the morning at 8:50 am, from visitors with long travel distances of up to 30
minutes; this is equivalent to what we found in Group 7 but in this case with a larger proportion of
visitors from 'Home'. What could be the activity purpose of these morning visitors? We need more
research and data to answer this question.
Workers stopping at this group for non-work purposes travel an average 24 minutes from 'Work', which
is a considerable amount. Thus, visitors are not precisely workers from adjacent areas. Nevertheless,
visitors are in proximity to their home, much more than to their work locations, but without being
exactly residents of the spots or neighbors of the zone. Visitors from 'Work' to 'Max 1' have their homes
only at an average distance of 2 kilometers (3 kilometer for trips to 'Other'). Thus, visitors from 'Work'
are mostly people living in the proximity without being residents. It is worth mentioning that the
distances of the non-work stops to home, that are shorter than 2 kilometers, are only seen in Groups 8
(Pasir Ris, Tampines) and 9 (Serangoon, Senkang). However, Groups 8 and 9 are denser residential
places and with worse accessibility from central Singapore.
It is hard to know from these data why these locations are convenient to those workers who decide to
make a stop in places of this group. Is it that the offer of leisure is not that good in their immediate
neighborhood? Alternatively, is it that it is not good at their immediate workplace? Alternatively, is it
that they simply change modes of transit at these places and decide to make a stop because of such
reason? We need further research into such process of evaluation of alternatives.
Finally, the average SpotRank scores for places in this group are low, reflecting the lower density of
activity amongst residents, visitors and workers. This is similar to what we saw in Group 5.

- Group 10 (yellow)
Places in this group include Dover, Tanah Merah, Upper Beauty World, Ngee Ann Polytechnic and Yio
Chu Kang. For the case of Ngee Ann Polytechnic, recall that our sample of transit riders comprise adults
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but not students. Let us rely on Group 7 (e.g. Clementi, Holland Village, Kent Ridge and Tiong Bahru) as a
benchmark to explain the uniqueness of the present Group 10.
In the current one, the proportions of non-work visitors (in every different category) to the number of
residents and workers are almost identical to those from Group 7. Average arrival times across
categories are analogous for the two groups as well. However, the average area of the circles of the
current group is one third of that from Group 10. Meanwhile, Group 10 has 3 times the residential
density and 1.5 times the jobs' density of Group 7. Thus, to have the same proportion, places of the
current group receive on average more visits per square meter than those in Group 10 and in a
restricted area.
Two are the main differences between Group 10 and Group 7. First, the places of Group 7 are smaller
but have a larger density of activity, which concentrates at a narrower area. Second, visitors stopping
after 'Work' have their home closer and their workplace farther than visitors with the same pattern in
Group 7. On average, the non-work destination of the current group is still closer from the workplace
than to home. Visitors arrive from Work locations that are between 10 and 25 minutes away. The travel
times from 'Work' suggest that visitors are neither workers nor residents of the same area. The
difference with Group 10 is that the distance from work is 30 percent larger in the current group (with
longer travel times from 'Work' too), and the distance to home is about 12 percent smaller.

- Group 11 (brown)
Two spots comprise this group: Dempsey Road and Marina Bay Golf. The first place is a zone of upscale
restaurants and antique shops, while the second one is a golf course. The two places have atypical
patterns from the rest: the largest density of visits to the number of residents in the area. Meanwhile,
the proportion of visits to workers is similar to the one we observe in downtown. Those effects occur
because the group has very low numbers of residents and workers but a considerable number of visits.
The group attracts an important ratio of non-work trips from 'Home' as compared with other pair
combinations of stations. The proportion is analogous to that from Group 5 (e.g. East Coast, Marine
Parade, and Kallang). The trips from 'Home' arrive between 9-10 am after riding 35 minutes, on average,
but with a work location in short proximity to the non-work stop. The average radius of the circles of
these clusters is only 200 meters. In summary, these non-work destinations are popular areas at
narrowed spaces that contain a special attraction, such as a park, and have a small number of residents
and workers. The reduced number of workers and residents, accompanied by the large number of visits,
make the proportions of visits to workers and residents to appear large.
A unique attribute of these places is the equal proportions between the trips from 'Work' to 'Maxi' and
from 'Work' to 'Other'. In every other group, the trips to 'Max 1' are about twice the number of trips to
'Other'. Therefore, as compared with other groups, this one has an atypical larger proportion of
infrequent non-work visits than frequent ones. The majority of workers stopping here after work are
occasional visitors in the week of observation.
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- Group 19 (yellow)
Places in this group are Alexandria, Changi Coast and Haw Par Villa, which display an uncommon pattern
for non-work visits. First, by looking at the following counts of trips: 'Home' to 'Max 1', 'Home' to
'Other', 'Work' to 'Max 1' over the number of residents and over the number of workers, we find that
these numbers are analogous to those in Group 18 (e.g. Downtown, Bugis, and Orchard Road). Actually,
if we explore at the ratio of workers to residents, we find that Group 19 and 18 have parallel
compositions, although Group 18 has much more residents and workers. It is strange.
However, the two groups exhibit important differences across the variables. These differences explain
the distinctive character of the places and the type of visitors who arrive. In the current group, we have
very few visitors arriving in the bundles 'Work'-to-'Other', 'Max 1'-to-'Other', 'Max 1'-to-'Max 1', and
'Other'-to-'Other'. By contrast, these same combinations in Group 18 have two or three times the
proportions than in Group 19. The thing is that places such as Orchard Rd or Downtown attract a large
proportion of infrequent visitors, who stop by only once a week. They also attract a large proportion of
visitors coming from already a non-work destination. In the meantime, the dominant trip in Group 19 is
from 'Work' to 'Max 1', that is of regular visitors, without many other combinations.
Workers arriving with a non-work purpose to Group 19 travel an average of 20 minutes. In Group 18,
workers only travel an average of 5 minutes to the same sequence of non-work stops. The average
Euclidean distance of the non-work stop to 'Work' in Group 19 is five times the same distance for Group
18. Similarly, the average Euclidean distance of the non-work stop to 'Home' in Group 19 is one-fifth
than for Group 18. For Group 18, the distance from home is five times the distance from work; for
Group 19, it is only twice. Therefore, places in Group 19 have visitors who travel further but live closer
than those from the Group of Downtown.
In summary, places in this group have unique traits as compared with other groups. They have a modest
amount of visitors, where the lion share corresponds to workers stopping after hours. There are fifteen
times more workers than residents in the area; the number of residents is very low and the number of
workers is high (the highest density after downtown). Interestingly, the workers do not seem to stay in
the area after hours, but it attracts some workers from elsewhere. A large proportion of the visitors are
frequent stoppers at the same stop during the week of activity. The fascinating element is that the
visitors are neither workers nor residents in the area; workers visiting these places still travel an average
sensible amount of 20 minutes from their work locations. Nonetheless, the non-work stops are still 50
percent closer from work than from home. The question is what makes these three places so special to
attract those non-work stops of workers. In addition, why don't the workers in the area stay after hours
for non-work purposes? Alternatively, do they stay but do not use transit? The average SpotRank scores
of these three places are very low, about 7 percent of those for Downtown's group.
Group 15 (light purple)
Places in this group are Ang Mo Kio Industrial Park, Jurong East, Keat Hong and Joo Seng, among others.
This group has an average of 70 percent more workers than residents. The residential density is similar
to that of Groups 7 (Holland Village, Kent Ridge, Sixth Avenue) and 8 (Pasir Ris, Tampines), while the job
density is equivalent to Group 10 (Dover, Beauty World).
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The oddness of this group is not in the counts or proportion of trips to residents and workers; those
numbers are in the average regarding to other groups. The uniqueness is in the riding times and the
distance of these places from the 'Home' and 'Work' locations of the visitors. For instance, the average
riding time from 'Work' to 'Max 1' is of 12 minutes, and the average riding time from 'Work' to 'Other' is
of 20 minutes. Average Euclidean distance of the non-work stop from 'Work' is 2.4 kilometers and to
'Home' is 3.8 kilometers, which is a 30 percent difference. However, the 2.4 kilometers of distance of
the place to home is a small amount; we only see such short distances of the stoppers from their home
at peripheral places such as Yishun or Punggol; places with large distances from 'Work'. In summary, the
distinctiveness of the place is that visitors from 'Work' are mostly people living in adjacent zones or
neighborhoods to the place of visit and those visitors do not work very far away from there. It will be
relevant exploring what elements attract to these places a profile of workers living in neighboring zones,
whose work location is an average of only 12 minutes in transit, for non-work purposes.

- Summary
The places-not the trips nor the riders-have been our unit of analysis in this chapter. Thus, we cannot
extend our conclusions to riders without falling onto an ecological fallacy. So far, it is not possible to
argue about the tradeoffs that riders make when choosing non-work destinations. However, just by
analyzing the trips aggregated by place, we find interesting patterns on non-work destinations. The
easiest and more predictable patterns of non-work visits by place are those of workers traveling after
hours either to the central area/downtown or at the peripheral suburbs. Places in the central area
attract non-work trips mostly of workers in the same area or in close proximity to it; these places are so
attractive that they also drag trips from every other combination of anchor stations. Equivalently, places
in peripheral suburbs such a Kathib, Yishun or Pasir Ris attract mostly residents of the area or who are
neighbors. In conclusion, we do not know yet the tradeoffs that riders make when choosing non-work
destinations and how they evaluate those alternatives, but we know that when a worker stops fora
non-work visit after hours in a faraway location, he or she most likely is a resident of the same area. If
the stop occurs at a central location, he or she most likely is a worker in the same area.
The most fascinating cases are the rest of the places or groups, places that are neither in the peripheral
suburbs nor in the CBD region-places whose travelers with a non-work purpose are not only the
workers or residents in the area, but workers who had to travel an average of 15-20 minutes from
'Work' orthen have to travel for another 15-20 minutes to 'Home'. These places are very interesting
because despite distance being frictional, for any reason, a large proportion of visitors decide to travel
to these locations. It could be that these places are simply convenient for transit transfers or they could
have an attractive offer of leisure for visitors.
In the next section, we explore the results of the K-Means clustering on the data of weekends.

K-means Clusterinq of places with trips from the weekend
For the weekend dataset, we run a K-Means clustering algorithm with the first seven principal
components, which count for 90 percent of the variance. As in the prior case, we rely on the Elbow
diagram to select the number of groups. The clustering of the places by the variables that represent the
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attributes and combinations of the non-work trips is merely exploratory. Its objective is of grouping
places that share common traits in non-work visits to gain a deeper understanding on non-work trips in
general, as we did with the exploration of the dataset of weekdays.
Figure35 contains two versions of the Elbow Diagram. The two are the same plot but the right one is a
zoomed version, so that the reader can easily identify the "elbow" from the curve.
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Figure 35. Elbow Diagram of k-means clustering for weekends, with zoom in.

The best number of clusters is between 10 and 15. Once more, we tried different numbers of clusters
with the data. Finally, we chose the number of 15 to encourage extreme outliers to stay in separate
categories of single membership and do not distort the summary statistics of the other groups. The rest
of the places that were not outliers had a stable membership with the different number of clusters that
we tried. Before continuing with our exploration, it is worth mentioning that the normalization of the
trips by the number of residents and workers considers as such only the residents and workers from the
EZ-Link data at the SpotRank places with trips exclusively on Saturday and Sunday. For instance, for the
counts of trips 'Home' to 'Other' in Bugis, we count the number of arrivals to Bugis and divide it by the
residents on Saturday or Sunday in the area, not by the residents on weekdays. We do the same to
normalize it by workers. The reason for doing this is that the goal is to divide the number of non-work
visits by the number of people who actually are there because either they work or live in the place.
Figure 36 presents the results of the grouping. The group in yellow titled 1-member group contains the
single membership groups of outliers. The outliers correspond to places with very atypical patterns of
non-work visits, along one or many dimensions of the principal components. We have Sentosa, Senkang
West, Jurong International Business Park, the Zoo and Marina Bay Golf as such cases. Sentosa is the
beach resort of Singapore; it contains attraction parks, public beaches and luxury resorts. Marina Bay
Golf is a golf course. Jurong International Business Park appears on the weekend dataset, unlike other
business parks, because this one receives non-work trips on the weekend. The Zoo is self-evident as
atypical and does not need further explanation. Senkang West is an adjacent area to Punggol; it is high
density residential, with very few non-work visits and almost without any workers. The outliers are
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atypical because they are either non-common amenities or because they are places with only a marginal
proportion of non-work trips. As a result, excluding those groups of outliers, we have 11 functioning
groups.
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Figure 36. K-means clustering results with 15 groupsforweekends.

Figure37 shows the distribution of the groups on the geographical space of Singapore. Similar to the
d~i~tcOil
pattern on weekdays, we can identify a pattern of peripheral places in the suburbs grouped in the same
cluster, and central places congregated in a same color.

Figure37. Map with the SpotRank clusters on weekends, coloredby their cluster category

In the remainder of this chapter, we summarize the profiles of each of the clusters for the weekend.
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- Group 12 (bright purple)
We start with this group because it will be our benchmark of comparison with other clusters. This cluster
comprises Bugis, Downtown, Orchard Road, Dempsey Road and Vivo City. The novelty to what we had
on weekdays is the addition of Dempsey Road to the group. We have mentioned before that Dempsey
Road is a place with antique shops, upscale restaurants and bars. The type of non-work visits to
Dempsey on the weekend resemble more those from the gigantic non-work attractions of Downtown or
Bugis than places of any other group.
Let us review the uniqueness of this group. It registers the greatest proportion of visitors to the number
of residents, along with the largest travel times for those visits from 'Home'. Meanwhile, the proportion
of visitors to workers is in the average when compared with other groups. If we consider that these
places have a large density of workers still on the weekends, then they receive an enormous number of
non-work visits on Saturday and Sunday.
Another distinctive element of this group is the ratio of 'Max 1' to 'Other' arrivals. In the current group,
about 60 percent of the arrivals from 'Home' occur to 'Other' and 40 percent to 'Max 1'. The percentage
to 'Other' in the other clusters is between 70 and 80 percent. The higher fraction of 'Max 1' suggests
that visitors came to these places once on weekends and at least once on weekdays as well.
A very characteristic trait that we do not observe in other groups is the long commutes of visitors
traveling from 'Home' to reach the non-work destinations at the current places: 31 minutes on average
(with an average arrival time at 1 pm). We observe greater average travel times only at Changi Airport
and Changi Beach, which are very distant places from the city core. A second trait is the high proportion
of non-work trips arriving from already prior non-work destinations, which on average have a travel time
of 16 minutes and arrive at 4 pm.
This group records the large density of non-work visits on the weekend, and amongst the lowest
densities of residents. The pattern of distances to home and work is also a defining element. For visitors
arriving from 'Home', their home location is about 10 kilometers from the non-work destinations of this
group. By contrast, the work location for those same visitors (to where they travel on weekdays but not
necessarily on the weekends) is only 5 kilometers. Let us draw a comparison to add some meaning to
the magnitude of those distances. In Singapore, only the visitors to Sentosa and Changi Airport have
their homes at a greater average distance than those to places in the current group. Sentosa and the
Airport are extreme cases because the first one is a major beach resort an attraction park, while the
second one is not properly a non-work destination of leisure.
At the same time, the Euclidean distance between the non-work destination in the group and the
workplace on weekdays is the smallest across groups. The interpretation of these numbers is that, in
general, visitors on weekends live at remote places, although they work in the zone on weekdays. They
do not work on the same spots that they visit on the weekend, but not that far away. There are several
potential explanations to such pattern; it could be a combination between better accessibility to the
central area on the weekend, familiarity of the visitor with the area, and a good offerof activities on
weekends in the central area. Finally, we find in this group the top average SpotRank score weighted by
area among clusters.
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- Group 10 (light pink)
Changi Airport and Changi Beach comprise this group. The two places are in the east corner of the
island. The airport is a major non-work destination in Singapore, although not of the specific type that
we are interested on, whereas Changi Beach is a popular spot on the weekends attracting trips for
recreation mostly. These two spots cluster together because their counts of visits over residents are big
as the places receive a large number of visitors without having numerous residents. They also share the
trait that the number of visits to 'Other' are 3.5 times higher than to 'Max 1', which is an uncommon
characteristic compared with other clusters. This trait indicates that a bigger majority of the visitors on
weekend, compared with other groups, did not stop by these places during the weekdays. Finally, the
two places share the commonality that they impose very large travel times forthe visitors traveling from
'Home'-an average of 42 minutes. Likewise, the workplaces of these visitors are at remote locations
from these non-work destinations, the opposite case to Group 12.

- Group 3 (pale purple)
Botanic Gardens, Farrer Road, Kent Ridge, Sixth Avenue, Stevens, Upper Beauty World, among others
belong to this group. It is remarkable that despite the k-means clustering not considering the radius and
geography of the SpotRank circles, the places of this cluster form a corridor from the central area to the
west, and their radiuses do not exceed the 200 meters.
The average density of residents is the lowest amongst groups, while the average density of workers is
in the mean compared with others. The average score of SpotRank is low. The proportion of visitors to
workers is the lowest, while its proportion to the number of residents is big, when compared with other
groups.
The average ride time of trips arriving from 'Home' is of 28 minutes, which is a considerable travel time.
Even if it is not the 30-40 minutes of the airport orthe downtown group, it is greater than the 20-minute
average time that we observe at other groups. Likewise, the average travel time for those arriving not
from home but from a prior non-work destination is of 19 minutes.
This group exhibits three particular traits with a combination that we do not observe in other groups.
The first one is what we have mentioned before, which is the attraction of people willing to travel from
home, for a half an hour on a weekend, to small specific areas. The second one is the similar distance
between the non-work destinations with the home and workplaces of the visitors, set around 6-7 km.
For instance, in the case of Group 10 (Downtown), the difference in such distances was very sharp: the
home locations were 10 km away and workplaces 5 km. In the other groups that we will review, typically
either the home or workplace are closer from the non-work destination, but they are not at the same
distance. In this group, they are at the same distance. Third, these places have large densities of jobs in
weekdays, when their SpotRank circles also encompass large radiuses. However, on the weekends, the
circles shrink, average SpotRank scores plummet, but a fair density of workers keep coming, and the
places attract a large number of visitors to the number of residents in the area, who come from far away
to such delimited areas.
Our interpretation of those attributes is that these places need to have a sort of singular amenities
attracting people from distant areas, attractions located at very specific narrowed spaces in the spots. It
104

is not like Bugis, Orchard, Downtown, which enclose large areas with a varied offer of non-work
activities. in this case, itis something special, but the attraction is not as powerful as if it were Dempsey
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Road or Vivo City. In the case of the Botanic Gardens, it is self-evident what the attraction could be,
although it is not the case for the other places in the cluster, for which we will need to further
explorations on the next chapter.

- Group 14 (pale green)
This group includes the places of Marine Parade, Serangoon, Kovan and Toa Payoh, among others. The
SpotRank score is in the average compared with other groups. Except for the Singapore Institute of
Management, this group has a bigger density of residents compared with workers. The Singapore
Institute of Management appears in this group because the proportion of visits and travel times share
similarities with the other places in the cluster.
Compared with other groups, the proportion of visits to the number of residents is average, and the
proportion of visits to the number of workers is average too. Visitors from 'Home' arrive at 1 pm, after
traveling foran average of 20 minutes. Their 'Home' location is at an average distance of 4.5 km and 7
km from work. The travel time and the distances from home suggest that these places attract a fair
amount of visitors from the region, neither from distant locations nor from the immediate
neighborhood. It is hard to identify a specific trait on this group; the characteristics of the non-work
visits are in the average.

- Group 11 (dark yellow)
This is the cluster of high residential places in suburbs of lower accessibility. Places such as Kathib, Pasir
Ris, Sembawang, Woodlands and Yishun belong to it. The proportion of visits to the number of residents
in the area is the second lowest among the clusters, and the proportion to the number of workers is
average. These places have the highest density of residents and they still attract a fair amount of visits
to the number of workers in the area on weekends. Average SpotRank scores are medium-high.
Average arrival time of the visitors is at 2 pm forthose coming from 'Home' and around 5 pm for the
ones from a prior non-work destination. Average travel time is 17 minutes from 'Home' and 19 minutes
from 'Other'. Average distance from 'Home' is 5 km, while average distance from 'Work' is of 13 km.
This average distance from 'Work' is the biggest amongst groups, after that of the group with the
airport. Just to dimension the magnitude of distance, the average distance from 'Home' of visitors to
downtown on the weekend is of 9 km. Thus, people who visit Group 9 on the weekend with non-work
purposes are those who really live at the most remote places in the island.
In summary, these places are isolated in the suburbs of Singapore. The profile of the visitors who arrive
on the weekend are people (that use transit) who are not residents of adjacent areas, but visitors who
still need to travel a fair amount to reach these destinations. They are willing to spend up to 17 minutes
on average traveling on the weekends. These visitors work on weekdays at places very far away from
their non-work election on Saturday and Sunday. This profile does not exclude the presence and activity
of residents who might walk or use other modes than transit.
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- Group 9 (green)
This is a cluster with a large number of places; it contains Ang Mo Kio, Bishan, Clementi, Jurong East and
Senkang, among others. It is also a major attractor of non-work trips. The cluster shares many
commonalities with the previous Group 11. These places tend to locate in the suburbs as well, but have
better accessibility to the core of the city. Group 9 has a slightly larger proportion of visits to residents,
and a marginally smaller proportion of visits to workers than those in Group 11. Nonetheless, number of
visits for the two groups is similar; the variation in the proportions reflects the fact that places in Group
9 have a bigger density of workers and a lesser density of residents than in Group 11. A larger
proportion of workers suggest a larger commercial offer in places of the current group. Even the average
SpotRank scores of activity are almost identical between the two groups.
The difference between Group 9 and 11 is at the travel times and distances between non-work
destination from home and workplaces. Average travel time is almost identical, 2 minutes shorter than
in Group 11. Distance from home is 1.5 km shorter than in Group 11. The biggest difference occurs in
distance from work locations: distance in Group 9 is 9 km on average, while it was 13 km in the
preceding group.
In summary, these suburban neighborhoods are also high dense residential areas but with a slightly
larger proportion of commercial. The profile of the visitors are people living in places 15 minutes from
these destinations, who work far from their weekend election. It will be interesting to compare for these
visitors what they value the most to prefer these alternatives for non-work destinations on the weekend
versus another option in the central area.

- Group 8 (orange)
Five places in the suburbs comprise the current cluster: Choa Chu Kang, Jurong West-Boonlay, Pasir Ris
Park, Sembawang Shopping Centre and Tampines. The previous Groups 9 and 11 form the benchmark to
this cluster. In this group, there is a higher proportion of visitors per resident and a higher proportion of
visitors per worker than in Groups 9 and 11. The current group on average contains both fewer residents
and workers for a similar number of visitors in Groups 9 and 11. The average scores of SpotRank scores
are analogous for the three groups.
Regarding travel times and distances from home and work, this group is a mix of the features that we
observed in Groups 9 and 11. Average travel time of visits from 'Home' and 'Other' is equivalent to that
of Group 9, which has a higher proximity by 2-3 minutes to home locations than the one we found in
Group 11. Meanwhile, average distance from workplaces is almost as large as the one we found in
Group 11; the reader can notice from the map that these places are also located at extreme corners of
the island.
Groups 8, 9 and 11 share a large number of commonalities in the aggregated statistics of the non-work
trips that they attract on the weekends. The places of those groups show different proportion of visits
and distinct compositions of densities of workers and residents. However, in general, they tend to be
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locations in the suburbs, whose visitors arriving in transit on the weekend mainly are people from the
region, but not from the I
a
neighborhood of the non-work destination. Those visitors in general
work at far locations during the weekdays, but they prefer for non-work purposes staying in their region
on the weekends.

- Group 5 (pale yellow)
East Coast, Bedok Reservoir, Holland Village, Joo Chiat, Ubi and Punggol are part of this cluster. The
clusters spread across the geography of Singapore without a specific locational pattern. Except forthe
East Coast that has a very small number of both residents and workers, these places have a density of
residents in the average and a low density of workers. The place of Holland Village on the weekends
comprises the high-density residential area of Buonavista.
The number of visitors to residents is among the lowest and the number of visitors to workers is among
the lowest too. These places are not major attractors of trips on the weekend. The average travel time
from 'Work' and 'Other' is 22 minutes, the average distance from 'Home' is 5 km and from 'Work' is 7.5
km. In summary, places in this group exert a low attraction of non-work visits over the weekend.
Regarding the distances from home, work and the travel times, Punggol is an outlier in this group. The
travel times and distances from home and work of Punggol are analogous to those from Groups 8, 9 and
11. However, the proportion of visits to the number of residents and workers in the area are parallel to
the other places in this group.

- Group 1 (blue aqua).
This group contains the places of Bendemeer, Geylang, Kallang, Stadium and Tiohg Bahru, among others.
Unlike the previous cluster, these places are quite homogenous in the variables representing non-work
visits. The places of this group exhibit different balances and densities between workers and residents.
For instance, Kallang South has a large density of residents, the biggest among the places in this group.
Stadium and Mount Batten have a low density of both workers and residents. For the rest of the places,
the density of residents is higher than for workers, but both keep within the average compared with
Singapore. However, in the proportion of visitors to workers and residents, in the average travel times,
and in the distances, these places are relatively homogenous in their composition.
The location of the places of this group is in short proximity to the central area, but without being
properly in the CBD. The proportion of non-work visits to residents is similar to what we had in Group 9
(e.g. Bishan, Clementi, Jurong East), which is within the average compared with other groups. The
proportion of non-work visits to workers is also in the average. The density of workers in this group is
very similar to the one we observed in Group 8 (e.g. Jurong West - Boonlay, Pasir Ris Park and
Tampines). Nonetheless, the proportion of visits to workers is lower than in Group 8.
The average SpotRank score is high; it is comparable to that from Groups 5 and 8. It is amongst the
highest after the group of downtown. However, the current group has a much lower residential density
than these other groups. The score suggests a higher proportion of non-work visits to the numbers that
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we observe from EZ-Link. A potential explanation of such discrepancy could be that a fair amount of
visitors arrives in alternate modes other than transit.
A distinctive trait that we find in this group is the largest proportion of non-work trips for the
combination 'Other' to 'Other', as compared with other clusters. In other words, these are trips of nonwork arrivals coming from prior non-work destination and ending at places of the current group. Thus, a
larger proportion than what we observe at other groups, arrive from preceding non-work destinations.
Finally, average travel time for visitors arriving from 'Home' is 25 minutes and for visitors arriving from
'Other' is 18 minutes. The distance from 'Home' is 6 km for the former, and 4 km for the latter.
Therefore, visitors arriving from a prior non-work destination actually live closer than the visitors
arriving from 'Home'. Distance from 'Work' is around 5 km for every combination of trips. Visitors are
not workers in the exact area but their work location is not at the other side of the island. In conclusion,
the travel time of the visitors from 'Home' is a fair amount, especially compared with the places in the
suburbs that had travel times of 15 minutes on average. The places of this group are not the most
visited on the weekends, but they attract people willing to spend a considerable amount of time to
reach these non-work destinations for some purpose. The question is what attracts them? Is it just their
convenient geographical location in the core of the city but outside of the central area, or is it something
else? The case of the stadium is self-evident, but not for the other places.

- Group 6 (blue).
This cluster contains three places that we could consider as outliers: Haw Par Villa, Nanyang University
and the Woodlands Train Checkpoint. The first one corresponds to a religious theme park, the second is
a university, and the third one is a train station surrounded by commercial establishments. The
characteristic of this group is the high proportion of visitors to the number of residents, the long travel
times of visitors to reach these locations, the high proportion of trips coming from 'Home' rather than
from 'Other', and the lengthy distances of the same visitors from their work locations on the weekdays.

- Group 15 (dark blue)
Joo Seng and West Coast Link form this group. Their idiosyncrasy is that they are tiny places with
radiuses of less than 100 meters and they are at opposite locations in the island, not in the core of the
city. The two places consistently clustered together in different versions of the k-means that we
attempted before this our final version.
Two characteristics that stand out as compared with other groups are a much larger proportion of trips
to 'Other' than to 'Max 1', and a much larger proportion of trips from 'Home' than from 'Other'.
Therefore, the two places attract more non-work trips coming from home and of people who did not
previously stop on weekdays, compared with other places.
Visitors arrive after an average travel time of 17 minutes. Visitors from 'Home' have an average distance
of 3.5 km, while it is of 6.7 km from 'Work'. Visitors in transit are mostly people living in the same region
from surrounding areas, who also do not work far from the non-work destination. It will be relevant
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exploring the type of commercial establishments or activities appealing people to these two places, and
exploring whether the two spots attract or not attract people arriving in other modes.

- Summary
Paradoxically, the exploration of non-work destinations across the SpotRank places on weekends is, at
the same time, simpler and more complicated than on weekdays. On the one hand, it is simpler because
we observe a sharp distinction between four types of places by their patterns of non-work visits on
Saturday and Sunday. The first type of place corresponds to Group 12: Bugis, Dempsey Road,
Downtown, Orchard Road and Vivo City. These five spot are the biggest attractors of non-work trips on
the weekends, from visitors who travel long distances from the periphery of the city to reach these
destinations for non-work activities. The second type represents Groups 8, 9 and 11, which congregate
suburban locations that operate as regional centers of non-work activity on the weekends. The average
travel times indicate that places of this second type mainly attract visitors from their same region, who
work far away on the weekdays. These suburban locations are the second largest attractors of non-work
destinations after Group 12. The third type corresponds to other locations in the core of the city, which
are not in the CBD or zone of influence of Group 12, but attract a modest number of visitors. Examples
of the third type are Groups 1, 5, and 14. Finally, the fourth type corresponds to geographically
narrowed places with specific attractions that appeal a fair number of visits on the weekend. We find
Group 15 (attracting visitors from the same region) and Group 3 (attracting visitors from distant
locations) in this category.
On the other hand, the exploration of non-work trips on the weekend is more complicated than on
weekdays. On Weekdays, the pair combinations of 'Work' to 'Max 1' and 'Work' to 'Other' dominate the
activity; the number of non-work trips arriving from 'Home' is minimal. In such sense, the activity
scheduling is easier and highly constrained by both the work and home locations. However, on the
weekends and in every group, the proportion of trips arriving from 'Other' is larger than the fraction of
trips from 'Home'. Therefore, riders make more complex activity schedules on the weekend; they do
more than one non-work stop, which determines their locational choices of destinations. The clustering
and the aggregates of the trips by place failto represent such richness from the sequences of trips on
Saturday and Sunday and this is a limitation of the previous analysis.

4.3. Conclusions
We acknowledge that the EZ-Link dataset along with our selection of users represent a biased sample of
non-work trips. However, this unique dataset has a vast amount of observations that enable us to
explore the distribution of trips across space and to compare weekends versus weekdays. Doing this
would be unworkable with traditional transportation surveys. The unit of analysis has been the places of
SpotRank, and the goal of the chapter has been to identify specific patterns of non-work visits across
places.
We summarized the non-work trips arriving at each place through a set of variables representing the
counts of visits for pair combinations between anchor stations, the average travel times, and the
distances of the non-work destination from home and work. Because of the high dimensionality of the
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data and the large number of SpotRank cases, it was a challenge to summarize such rich information to
extract knowledge from it. To tackle the problem, PCA reduced dimensions and redundancy, while a kmeans clustering grouped the places onto clusters.
The k-means has been a useful technique to compare across clusters and identify geographical patterns
in the distribution of the places and the type of non-work trips that they attract. The technique is not
bias free, but for our exploratory purposes of comparing places and identify commonalities, it is a good
option. Four are the main findings of our explorations, which we describe next.
First, studying a destination choice on the weekends is more challenging than on weekdays because a
majority of people chain different non-work destinations in their daily activity schedules on Saturday
and Sunday than on weekdays, at least by transit. On weekdays, the predominant non-work trip is the
stop after work, which location is heavily constrained by the work and home locations of the workers.
Only a handful of places in Singapore attract visitors on weekdays from midrange places.
Second, places in the central area, such as Orchard Road, Bugis, Downtown, and Vivo City are major
attractors of non-work trips on both weekdays and weekends. However, the activity schedule of the
visitors is different between the two. On weekdays, the bulk of the visitors are workers in the same
central area, who stop after hours. On the weekends, visitors are residents from distant locations, who
work in central areas, arriving mainly either from home or from a prior non-work destination.
The non-work destinations also partially reflect the polycentric structure of the city with a dominant
center. The regional centers in Singapore are also a major destination for non-work trips. On weekdays,
they attract residents from adjacent areas who stop after work. On the weekends, they attract also
people from the same region. The profile of the visitors is quite consistent for places in the suburbs and
in the central area. The other places that are not in the two referred categories are the most interesting
ones, for which we need more research to understand better whom they attract. Toa Payoh is one of
those cases, a place that attracts people who are going from work to home, a non-work stop to a place
that is not in the immediate vicinity of their homes or workplaces.
Third, we need to supplement this exploration with data from a transportation survey to understand the
locational tradeoff of destination choice for people living in the suburbs. For instance, think of a person
living in suburban Yishun and working in the CBD. From the EZ-Link data, we have an intuition that such
person is likely to choose a non-work destination close to the home or to the work location. However,
how does this person evaluate the two alternatives to prefer one from the other? What type of activity
would persuade such person to the CBD to return on the weekend?
Fourth, the current chapter on EZ-Link data has been exploration of the demand side of non-work
destinations. To have the complete picture, we need to look at the supply side, specifically to the offer
of places to visitors for non-work purposes, especially for leisure or shopping. This is the critical element
to better interpret the trips to some of the clusters, for instance to understand small and attractive
places that are outside of the central area and the suburbs. The next chapter addresses this task.
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Chapter 5
Characterization of the SpotRank Places
using the Spatial Geometry of Points of
Interest and Commercial Establishments
5.1. Introduction
Let us start by briefly reviewing the preliminary findings from the preceding chapters in order to identify
the area of contribution of this chapter. In Chapters 3 and 4, we explored the demand of non-work
destinations, analyzed the arrivals of transit trips by the SpotRank places and identified different
locational patterns of aggregated trips by place. We noticed important differences in the patterns of
non-work arrivals between places in the central area and in the suburbs. During weekdays, the central
area attracted non-work trips mostly from workers in the same zone; during the weekends, it attracted
trips from all around the island, but many of these trips were from workers who actually visited the
central area for work during the weekdays. The hot spots of non-work visits in the suburbs consisted of
regional centers attracting non-work trips from people living in the zone, stopping after work in
weekdays in the way back home. These regional centers attracted also trips from home over the
weekends. Chapter 4 presented a typology of places according to a number of average metrics that
measured the aggregate trips by place of the non-work arrivals (who use transit) across the SpotRank
spots.
The final section of Chapter 2 described the results of fieldwork visits to six SpotRank places; it also used
data from Google Place API to represent the spatial morphology of Points of Interest (POls) inside those
places. A preliminary finding was that the spatial structure of retail within the clusters is important in
order to characterize non-work destinations and to differentiate the social-demographic profile of the
visitors that those places attract. For instance, in places such as Kathib, we find a small buffer containing
a combination of restaurants, street food and grocery shopping without major shopping malls. By
contrast, a place such as Marine Parade spans over a wide area, containing a large number and a wide
combination of commercial establishments catering to several audiences. The establishments of Marine
Parade concentrate in sub-areas or form sub-patches that generally correspond to either shopping
malls, food markets or commercial strips along corridors. It is worth mentioning that these attributes on
the spatial morphology of retail became noticeable to the author only after conducting the fieldwork
visits.
This chapter seeks to reach a data-driven interpretation of the configurations of retail for the 93 spotssimilar to the aforementioned descriptions of Marine Parade and Kathib after the fieldwork visitswithout having to visit every place. We intend to generate a number of variables that represent the
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spatial configuration of retail for every SpotRank place. The objective is to make a systematic and
algorithmic exploration of the spatial structure of points of interest across places. Our goal is to build
typologies of places that allow the comparison of the spatial structure of points of interest against the
typologies of non-work destinations that we derived through Chapter 4.
The SpotRank place of Chapter 2 is still our unit of analysis. This chapter examines the spatial structure
of retail inside every place to identify sub-patches if there were any. Keep in mind that the boundaries of
the SpotRank places reflect unusual peaks of activity that occurred at specific periods of the day,
approximated by the number of locational requests from cellphones. The 93 places that we identified in
Chapter 2 contain various ranges of radiuses from 50 meters up to 1 kilometer. Those boundaries
enclose different geometrical structures of establishments, as retail does not distribute uniformly in the
interior. These structures are relevant information to know the type of non-work activities that take
place. For instance, a small circle might contain a single shopping mall or a strip of retail, which would be
the pole attracting single-purpose trips. However, a large circle enclosing a wide area-such as Bugis or
Orchard Road-contains a number of patches of retail, shopping malls and activities that spread over a
large area and potentially attracts multi-purpose trips.
In Chapter 1, we mentioned that a number of theories have attempted to explain the economic
incentives of commercial establishments to cluster into spatial patches of retail. In general, the
argument sustains that firms receive an economic benefit when clustering together, either through
bigger market shares or economies of scale (Anas et al., 1998; Williams & Senior, 1977). Therefore, we
expect to see an agglomerative structure of patches of establishments distributing in the urban space. In
this chapter, the exploration of the structure of retail will provide additional knowledge about the
spatial configurations that attract non-work trips arriving to our SpotRank places. The ultimate goal is to
generate a typology of patches and places by the spatial structure of retail that they present. This
typology will differentiate patches that are shopping malls versus shops in the streetscape. The methods
that we will use comprise a combination of unsupervised machine learning techniques. The following
section describes our data on commercial establishments and retail.

5.2. Data
Our data consists of a dataset with the records of commercial establishments and Points of Interest
within the SpotRank places. Every record contains an establishment, its name, type of business and
coordinates. Data was collected between February and May of 2017; the source is the Google
Application Programing Interface for Places.
The Google Application Programing Interfaces (APIs) is a set of applications that enables the
communication between third party applications with Google Services to provide functionality such as
analytics, machine learning as a service or access to data. In our case, we make use of Google Place API
from Google Maps to access locational data of commercial establishments or POls in Singapore. The
usage of APIs requires authentication from the Google Authorization Server through a token, which we
requested for this research (contributors, 2018). The Google Place API comprises the data of
establishments and points of interest that are publicly available in Google Maps.
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The implementation of the API requests to Google Place is in the statistical Software of R, through the
Googieway package. The package consists of a script of functions that request data from the API
through the web; it requires the user to enter the token key of the user, the latitude and longitude of a
point in space, a radius of search and the types of establishments to identify. After a request, the API
returns a JavaScript Object Notation (JSON) file that contains the list of points of interests or
establishments found, their latitude and longitude, hours of operation, a rank of the establishment given
by its visitors, name, the type of business and a unique identifier.
Please refer to the appendix for a complete list of the typology that Google Place uses to classify every
point of interest. The user can restrict the search of Google Place to specific types or can retrieve them
from all categories made available by Google. In our case, we restrict the search to retail, comprising
both food establishments and shops, to the following categories: art gallery, bakery, bar, beauty salon,
cafe, clothing store, convenience store, department store, electronics store, furniture store, hair care,
home goods store, gym, jewelry store, liquor store, lodging, meal takeaway, movie theater, restaurant,
shoe store, shopping mall, spa, supermarket. These categories represent an offerof activities and
consumption associated with leisure. The API returns a maximum of 20 places per request for a given
latitude and longitude. If there are more than 20 points, the user can retrieve additional cases via a nextpage-token in subsequent requests.
Implemented in R, we use three nested loops to iterate, first, through the SpotRank places; second,
through the centroids of the SpotRank grid within each place; third, through the next-token requests
inside every cell of the grid if there were more than 20 establishments of the specified types. The
separation between SpotRank cells in the grid is of 100 meters; hence, the radius for each request is set
to 120 meters from the centroid of the SpotRank cell, in order to avoid missing corner points. The
collection of the data took approximately 35 days for the 93 SpotRank spots. After removing duplicated
POls from overlapping circles, we finalized with a pool of 192,007 commercial establishments. It is worth
emphasizing that this number of commercial establishments is exclusively within the SpotRank places
and in the types or categories of Google Place as defined before.
Around 10 percent of the Google Place API establishments had duplicated spatial locations. These
duplicates correspond to points in space, a given latitude and longitude, with more than a single
commercial establishment. Spatially duplicated locations are establishments with different names and
identifiers that share the same latitude and longitude as for Google. The reason for the duplicates is
twofold. On the one hand, it could be an error of measurement. On the other hand, establishments in
multistory buildings might share the same latitude and longitude, while being at different floor levels.
Duplicates in space are problematic because the implementation of the methods of point-pattern
analysis do not allow for duplicates. As a solution to this problem, we randomly shifted the location of
the duplicated cases for 5 meters in longitude and latitude, in order to preserve these observations for
our analysis. 9
Our final dataset of Google Place establishments presents two main limitations. The first one is that the
Google API does not provide the square footage of an establishment. As a result, the dataset represents
a departmental store and a fast food restaurant as two points in space, both having the same weight in

9 We discard these cases to be duplicated establishments with the same name but listed under different types
because Google Place reports a Place unique ID. These duplicated cases in space have unique and different
identifiers as given by the Google Place API.
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the analysis regardless of their very different spatial dimensions. The second limitation is the date of
data collection. The transportation survey, the SpotRank data and the transit data are from 2012.
However, we collected the API data in 2016. In those four years, the spatial configuration of retail has
experienced changes as new shopping facilities have been built. In our analysis, we will consider the
limitations that these biases impose and will try to device methods to mitigate them.
In summary, the result of the Google Place API is a geometry of points with 193k cases that contain the
longitude, latitude, SpotRank place and cluster, type of establishment, its name and unique ID, without
spatial duplicates. This is kept as a spatial data frame. The next section specifies the methods of
exploration of the spatial configuration of these points across SpotRank places. We will refer to these
points interchangeably as Points of Interest (POI) or commercial establishments.

5.3. Methods
We perform a spatial clustering and then a point pattern analysis of these clusters for the 93 SpotRank
places, across four temporal buffers for every place (1.Monday-Thursday, 2.Friday, 3.Saturday,
4.Sunday). In other words, we calculate a number of measurements that represent the spatial structure
of the commercial establishments of each place for the SpotRank buffers in four different temporal
frames of activity, grouping the buffers from Monday to Thursday together, then grouping these
establishments separately forthe buffers from Friday, Saturday and Saturday. The goal of the spatial
clustering is to analyze the internal distribution and spatial structure of the POls inside of the larger
SpotRank places. This analysis will allow us to characterize the spatial structure of the offer of activities
on weekdays and weekends. We merged the buffers from Monday to Thursday because the SpotRank
scores exhibit a large degree of regularity in the four weekdays. In this section of methods, we rely on
the place of Orchard Road, specifically in the area delimited by the buffer from Monday to Thursday, as
a case to illustrate and exemplify the methods that we will describe. We defer to the results' section the
presentation of the findings for the entire set of the 93 SpotRank places.
We have selected Orchard Road as the case to exemplify the methods of analysis for four reasons. First,
it is one of the most popular non-work destinations for leisure in Singapore. Second, it has a complex
spatial structure of commercial establishments that represents various geometrical forms: box-shopping
malls, commercial strips and small clusters of retail. Third, it possesses the greatest density of
commercial establishments in Singapore. Fourth, Orchard Road is a major non-work destination. We
know from Chapter 4 that Orchard Road was a major attractor of non-work trips, together with Bugis,
Vivo City and Downtown. In summary, Orchard Road is a very complex place for the diversity, density,
and spatial structure of its commercial establishments. This place has enough variety in the distribution
of POls to illustrate the quality of the methods to characterize non-work destinations.

Planning History of Orchard Road
Before explaining the methods, let us recount the planning history of Orchard Road. Knowing the spatial
evolution of the place gives us the context to assess the quality of the characterization that we intend to
do. Orchard Road is a popular commercial corridor, but this corridor is not uniform. It comprises a
number of sub-places within, and these sub-places are simply patches of commercial establishments.
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Interestingly, the patches, their location, density and diversity reflect the evolution of the place over
ti me.
The origins of Orchard Road date back to the beginning of the twentieth century; this was the time
when wealthy households moved from the crowded areas in the old harbor to new suburban areas.
They moved searching for bigger homes, proximity to green areas and to quiet spaces. At that time,
Orchard Road was a quiet suburban residential neighborhood consisting of low-rise terrace houses,
located in the outskirts of the urban fringe. The houses scattered through the zone in irregular patterns.
The city has changed-what was a suburb 100 years ago is now at the core of today's city (Dale, 1999;
Soh &Yuen, 2011b).
In the 1950s, private cars arrived to change the conformation of the neighborhood. The lower part of
Orchard Road, next to Dhoby Ghaut, transformed into the motor vehicle distribution of Singapore. Car
sellers selected this location for assembling their showrooms for the geographical proximity of the place
to where wealthy residents lived. As cars became an increasingly popular mode of transportation, the
showrooms were a pole of attraction for visitors arriving from every corner of the island. To serve the
affluent population in the vicinity and to take advantage of the large influx of visitors to the car
showrooms, commercial establishments in the form of low-rise shop-houses sprouted along Orchard
Road. In 1958, C.K. Tang, the first departmental store in Singapore, and Goodwood Park Hotel, the first
hotel in the area, established at the intersection between Orchard Road and Scotts Road. Soon after,
other commercial establishments settled in the zone. A large share of offices followed and moved from
the financial district to this area. The most drastic changes in Orchard Road occurred in the mid-1960s,
when the government adopted national policies of tourism attraction and housing supply growth.
Therefore, this area went through a phase of construction of high-rise luxury apartments and hotels in
the 1960s. Orchard Road was a natural choice for hotel developments due to the availability of empty
land, the pleasing green surroundings, and the already shopping and entertainment facilities that had
established in the prior decade (Dale, 1999; Ho, Woon, & Ramdas, 2013).
In the 1970s, several shopping malls sprouted along Orchard Road, altogether with new mixed
residential-commercial developments. New department stores opened in the new malls. By the late
1970s, Orchard Road was branded as the most important shopping destination in Singapore because of
the great choice and variety of goods and services it offered. After this commercial and real estate
success, the lower and upper areas of the corridor started developing as well. On the one hand,
shopping centers such as Tanglin, Far East and the Liat Towers were built in the north corner of Orchard
Road, mainly to cater tourists lodging in the hotels already in the area. On the other hand, in 1984, Cold
Storage opened a new retail facility called Centrepoint in the lower part of the commercial corridor.
Interestingly, no car showrooms had survived by the early 1980s (Dale, 1999).
The land use in the area has been dedicated not only to shopping or residential. Orchard possesses the
largest concentration of office space outside of the financial district. Actually, during the 1970s, the
conversion of land to new office space skyrocketed in the zone. It was the most attractive area in the
city, not only forshopping but also for firms to relocate. By the end of the 1970s, public agencies had
increasing concerns in that Orchard Road could mutate into an office district, losing its character of
prime leisure and tourist area. To counteract the pressures from the real estate market, the government
has regulated since then the supply of office space with tight zoning policies. Even today, strong
regulations hinder the conversion of non-office land use to office uses in Orchard. For instance, office
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area within shopping malls cannot exceed 30 percent of the total area. After those policies, the place
remains as a prime leisure, tourist and residential destination where land is among the most expensive
in the island. Despite the existence of newer commercial developments such as those in Marina Bay,
Orchard Road is still a prime commercial area for shopping and leisure, appealing to visitors from
different social backgrounds and origins in the island (Dale, 1999).
Figure 38 shows the POls or commercial establishments from the Google Place API. The black circles
represent the SpotRank buffers from Chapter 2; the legend indicates the day of the week. The points in
the map represent the POls; their color code indicates the type of establishment as categorized by the
Google Place API.
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also contains establishments along Scotts Road. This corridor comprises a very large number of
establishments with different types of businesses, located on both sides along the street.
Orchard Road is an interesting case for exploring our own definition of place. Since Chapter 2, a place
has been the area the SpotRank circles enclose. However, we can notice in Orchard that there are subclusters of activity at the interior of the circles. The activity does not distribute uniformly within those
places; we instead find patches scattering and filling certain areas of the buffer. Then, the question is
what kind of place is Orchard? Is it the continuous area enclosed by the circle or is it the sum of the
patches of activity? Even if we were tempted to define the place of Orchard as exclusively the area along
the strip of the street with the same name, the problem would be that the corridor along Orchard Road
is not as uniform as we would think. The corridor itself has a number of sub-places within, where such
sub-places show a different character and cater to different customers. The differentiation of patches
reflects the evolution of the commercial strip in different stages, driven by both the market and the
regulation. Then, we might think in mental maps' terms of Lucky Plaza or ION as places instead of
Orchard Road. Chapter 2 suggested a method to draw the boundaries of the places in a large scale,
which are the 93 boundaries for what we call the SpotRank places. In this chapter, our methods seek to
identify the boundaries of the patches that represent the interior activity within the SpotRank places.
The exploration of these patches is important to characterize the bigger SpotRank places.
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Let us focus again on Figure 38 to identify the sub-zones of Orchard. The upper portion of Orchard
Road-a zone shown at the intersection between Orchard and Scotts Road in the upper left side of the
map, comprises Orchard Towers and Tanglin Shopping Centre. Interestingly, this zone is part of the
SpotRank buffer only on Friday, Saturday and Sunday, but not from Monday to Thursday. From Monday
to Thursday, the establishments in that zone belong to the SpotRank place of Stevens, which is an
adjacent zone to the upper part of Orchard Road.
In the weekdays, the SpotRank buffers shift towards the Southeast direction to encompass two other
areas of activity: Robertson Quay and River Valley, which are the second and third sub-patches in the
map. Robertson Quay is an area of restaurants, cafes and retail, near the ancient core of the city where
the ancient docks were. This zone is contiguous to the popular nightlife area of Clarke Quay. Similarly,
the establishments shown in the other patch of River Valley correspond to a shopping mall (lower-left
side of the map). Interestingly, the SpotRank data ascribes both Robertson Quay and River Valley to the
corridor of Orchard Road only on weekdays, but not on the weekends. This is because of the high levels
of office, residential and people's commuting activity ongoing in the spaces between Orchard Clarke
Quay and River on weekdays. Nevertheless, we witness a different pattern on Saturday and Sunday. On
these two days, daily activity decreases in contiguous Stevens, as expected because of lower activity in
the offices, residential and embassies in the zone. As a result, the retail activity at that upper side of
Orchard Road in Tanglin appears now as part of the Orchard corridor in the weekend buffer. Similarly,
on the weekend as well, Robertson Quay detaches from the Orchard Road buffer and joins the one from
the neighboring Clarke Quay and Downtown. The shift of the boundaries in the weekend reflects, on the
one hand, the lack of activity in the corridor between Stevens and upper Orchard Road, on the other
hand, the occurrence of intense activity in a corridor that forms between Robertson and Clarke Quays.
The next section describes the clustering algorithm that will group the POls to identify the different subplaces within every SpotRank place.

Clustering of Commercial Establishments, Retail and POls.
The first step in exploring the spatial distribution of commercial establishments inside the SpotRank
places across days is to identify the patches of activity within in order to trace their boundaries. The
level of attraction of a place for non-work trips varies depending on the number of patches of activity,
and on the density and diversity of the establishments in those patches. We hypothesize that the
attraction of a SpotRank place for non-work trips varies with the morphology of patches of retail within.
The attraction of a place is different depending on whether it contains a single large cluster of retail
versus containing a number of small isolated patches. The type of spatial composition of the patches is
precious information regarding the type of activities taking place at a given location. In the simpler case
of a small SpotRank place with a single patch or spatial cluster of establishments, it is obvious that a
visitor would go to an establishment in the only patch. By contrast, in a place such as Orchard, it is not
evident which patch-or shopping mall-the visitor will select. This is why places such as Orchard, which
contain a number of sub-zones within, are complex. By the agglomeration economies, complex places
offer at the same time a higher degree of diversity and specialization through the internal structure of
the patches. These factors are critical to determine the potential of a place as a non-work destination,
and to generate multi-purpose trips.
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For instance, from the planning history and fieldwork visits to Orchard Road, it is clear that the corridor
is not a homogenous space; it contains a number of differentiated spaces. A visitor to Orchard Road
might notice that ION and Plaza Singapura have different characters and attract different types of
visitors, while both are within the same Orchard. We tend to simplify the destination choice, but places
are actually compound mental constructions reflecting our culture and beliefs. In the case of ION and
Plaza Singapura, these two places are within a bigger place called Orchard Road. They are part of
Orchard, but they are at the same time two differentiated spaces within the commercial corridor. This
problem with the definition of a place is not specific to Orchard, but to any mid-size to large place with
enough diversity and density in the deployment of the patches with establishments.
The challenge is to come up with a methodology capable of identifying the boundaries of those interior
sub-places whenever they exist-a method that accurately detects clusters of points of interest either at
large or small SpotRank places. An alternative approach would be to rely on the planning history and
fieldwork visits to each of the 93 places to identify the patches of activity in large clusters. The problem
of such approach is that it is time consuming, and it is not replicable to other cities. Regardless of the
place in a city, the built environment reflects the planning history, the evolution of the place itself, and
the geography. If we take the commercial establishments as a proxy of the built environment, by
studying their spatial density and separation, we could identify different sub-places that emerge and
follow the traces of the evolution of the urban space and attributes of the local geography. The
following section describes an algorithm that approximates to our goal of finding a systematic method
to identify the sub-places. Density and separateness between commercial establishments or PO1 are
important attributes to identify irregularities in the urban space that allow us to trace the boundaries of
patches or sub-places. Coming back to our example, in a complex place such as Orchard, irregularities in
the urban space arise along the commercial corridor because the shopping malls, establishments and
the buildings that house those malls and establishments belong to different stages in the evolution of
the corridor. Careful attention to the density and separateness of the establishments could help us trace
the boundaries that reflect different sub-spaces in the interior, which represent different characters by
the offer of leisure and type of visitors that they receive. However, the density and separateness of the
establishments could also reflect the local geography of a place (e.g. the presence of a river, slope or
harbor) that could be or could not be associated with the boundaries of these sub-spaces.

Clusterinq of Commercial Establishments within SpotRank places.
Our selected method to cluster the POls is a density based scanning algorithm called Density-Based
Spatial Clustering and Application with Noise (DBSCAN) (Ester, Kriegel, Sander, Xu, & others, 1996). In
our case, the algorithm performs a spatial clustering of the points of commercial establishments and
POls by SpotRank place-across the buffers of different days of activity-based on the density of the
points. The grouping of the establishments by their spatial density is crucial to our objective of
identifying meaningful clusters, whose geographical boundaries accurately reflect the definitions of
places for people. As we mentioned in Chapter 1, we do not possess information regarding the mental
maps of the visitors on the spatial hierarchies of places. However, the DBSCAN algorithm seeks to
approximate those real sub-places with meaningful boundaries of the patches.
Nonetheless, reconstructing the boundaries of differentiated spaces using the density of the POls is
similar to the work of an archaeologist. We attempted this task using the k-means and hierarchical
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clustering, but these algorithms failed to make an accurate differentiation of the sub-places that we
identified in the fieldwork visits. The spatial clusters generated with algorithms other than DBSCAN did
not always make sense in the field. They mostly failed in identifying clusters of establishments forming
irregular geometrical shapes, such as commercial strips, curved shapes or cross intersections.
Partitioning distance-based methods, such as the k-means or the hierarchical clustering, is suitable to
recognize spherical-shaped groups (Kassambara, 2017). They work well only for compact and wellseparated clusters like the establishments in a box-shopping mall. The problem is that our spatial data of
POls contains irregular shapes, which relate to the character of a place. The DBSCAN algorithm
outperformed the traditional clustering methods in our data; this algorithm was able to recognize
clusters with arbitrary geometrical shapes, as the aforementioned commercial strips, curves and
intersections.
As DBSCAN relies on the density of the points, it is not necessary to specify the number of clusters
beforehand, as is the case with k-means. The intuition behind the algorithm is that clusters are dense
regions in the data space, separated by regions of lower density of points. The areas in between regions
of lower densities contain outliers or noise (Ester et al., 1996). However, in DBSCAN, the user still needs
to specify these two parameters for the algorithm: epsilon and the minimum number of points (mnp).
For every point of a cluster, the neighborhood of a given radius contains at least a minimum number of
points. The parameter epsilon defines the radius of that neighborhood around any point xi. The
parameter mnp is the minimum number of neighbors within the epsilon radius. For each point xi, the
algorithm identifies and counts other points within a distance shorter or equal to the epsilon parameter.
If the count is larger or equal to the mnp parameter, then the x; is labeled as a core point. For every
core point, the algorithm creates a new cluster if the algorithm had not previously assigned such point
into an already existing cluster. Finally, the algorithm uses recursion to identify the density-connected
points, assigning those to the same cluster as the core point. The points without a cluster with the given
parameters are tagged as outliers (Kassambara, 2017).
In our dataset, the results of the clustering are stable to different definitions of parameter mnp, but they
are sensitive to the selection of epsilon. To our benefit, a statistical method could determine the optimal
value of this parameter. The method consists of computing the k-nearest neighbor distances in a matrix
of points. Let us illustrate the method with an example from Orchard Road. Figure 39 plots the kdistances in ascending order for the commercial establishments in the SpotRank place of Orchard Road,
which are the same points as shown in Figure 38. According to this method, the optimal value of the
epsilon parameter to include in the DBSCAN algorithm is the knee in the k-distances plot. The knee is the
threshold where a sharp change occurs along the curve. In Figure 39, the red horizontal line illustrates
where the knee is, which is at the value of 75 meters.
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Figure 39. K-nearest neighbor distancesfor commercial establishments in the SpotRank place, Monday-Thursday.

There are two problems to the k-nearest distance plot method. The first one is that it is impractical and
inaccurate to plot the distances for the 93 SpotRank places across days to identify visually the knees. As
a solution, we rely on the change point method used in time-series analysis, to algorithmically identify
the point of change in the curve (Jie & Gupta, 2000). We implemented this in R, using the change point
package (Killick & Eckley, 2014) to find changes in variance for the vector of the k-distances, and to
identify the exact point in the curve where the sharp change occurs. In the previous example, this occurs
at the k-distance of 75 meters. The change point method provides an automated application to compute
the optimal value of the epsilon for DBSCAN in a loop that iterates through the SpotRank places. The
second problem, derived from the solution to the previous one, is that the user must specify the
parameter k to calculate the value of the k-distances for the plot in Figure 39. In other words, we still
need to fix this other parameter kto obtain the optimal epsilon. The selection of the value of k affects
the point of the knee in the curve, which in turn affects the value of epsilon, which ends up affecting the
results of the clustering. In machine learning, a rule of thumb is to select the square root of the number
of cases as the value for parameter k (Duda, Hart, & Stork, 2012). Actually, the same rule of thumb
applies to select the mnp parameter. Other techniques suggest more advanced methods, such as
bootstrapping and Bayesian statistics to determine the optimal value of k (Hall, Park, & Samworth,
2008). However, this research uses a rule-based approach. We will defer to future research the
exploration of such advanced methods.
In a first attempt, we fix both k and the minimum number of points to the square root of the number of
commercial establishments in the place. In summary, we set k to the square root of the number of
commercial establishments, then obtained the k-distance plot, and used it together with the change
point analysis to extract the optimal value of epsilon. Finally, we used DBSCAN with such value of epsilon
and with a minimum number of points (set also to the square root of the cases) to obtain a first set of
clusters of commercial establishments for every buffer across the SpotRank places.
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From the results for the 93 SpotRank places, we noticed that the selected value ofk at the square root
of n was not generating the best results for our purposes. DBSCAN correctly identified the irregular
shapes of the clusters, but it minimized the number of clusters in a good number of the SpotRank
buffers. For instance, the whole corridor of Orchard Road, from Tanglin to Doby Ghaut, formed a single
gigantic cluster. The clustering algorithm had the capability of recognizing the entire corridor of Orchard
as a single cluster, which was very positive because none of the other algorithms was able to accomplish
such task. As expected, DBSCAN did identify clusters of irregular shapes. However, it did not split the
sub-places along the corridor of Orchard Road into different spatial clusters, reflecting the sub-spaces at
the interior of the place. This was the case also for other places as Tampines, Marine Parade or Toa
Payoh. For instance, in Tampines and Marine Parade, a single cluster was enclosing 90 percent of the
establishments as if they were part of the same sub-zone, patch or place. However, our visits to the field
rejected such interpretation; we identified a large number of shopping malls and other differentiated
patches inside of what DBSCAN marked to be a single large cluster. Therefore, we explored alternative
definitions of the value of k, to recalculate epsilon. In summary, to produce the desired results regarding
the boundaries of internal structure of places, we needed to increase the sensitivity of the clusters to
the distance between the points.
Defining an optimal number of clusters imposes a tradeoff; for instance, the two hypothetical extreme
cases along the corridor of Orchard Road would be: 1) having a single cluster containing all the
establishments, 2) every building being its own cluster. It would be ideal to find the sweet spot in
between, which is some cluster configuration that reflects the idiosyncrasy of the sub-places along the
corridor. A problem with the k distance of 75 meters is that this value is too large to measure pedestrian
distance. The value of k that best adjusts to our knowledge of the places gained through fieldwork visits
is a k distance between 20 and 50 meters, which produces meaningful patches that reflect the variations
in the configuration of sub-spaces in the built environment. A value of 20-50 meters is a plausible
pedestrian distance forconnecting different establishments within a same commercial space, especially
to represent those that are at across-the-street distance. This value increased the number of clusters
and provided a better balance in terms of the homogeneity of the patches of commercial
establishments. Figure 40 shows the results of DBSCAN on Orchard Road, for the SpotRank buffer of
Monday-Thursday. The algorithm identified 38 clusters inside the buffer with a k of 22 meters and an
epsilon of 45 points. The points marked in gray color represent noise or outliers that do not belong to
any cluster.
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Figure40. Resulting clusters from DBSCAN algorithmforOrchardRoad, in the buffer Monday-Thursday. There are 38 clusters.
Pointsin gray color identify outliers or noise.

Let us review the clusters of Figure 40 to understand what the DBSCAN algorithm is producing with the
given parameters. The dots in gray color do not belong to any cluster because they are noise. As we
mentioned before, Tanglin belongs to the SpotRank buffer of Stevens during the weekdays and its
commercial establishments do not show in this map.
The first cluster (from the upper-left side of the map in Figure 40) starts in Orchard Boulevard and
comprehends 65 establishments. These establishments group together around the Four Seasons Hotel
and a commercial area attached to the hotel. The second cluster corresponds to commercial
establishments (shown in dark blue color) at the intersection between Orchard Road and Scotts Road,
covering an area enclosed by the Hilton Hotel at the West, the Far East Plaza at the North, Ion Orchard
at the South, and Lucky Plaza at the East. Next to it, the third cluster, shown in pale blue color,
comprises the shopping malls of Paragon and Ngee Ann City. Then, moving towards the South of the
map, along the corridor and after Orchard Link, a large number of different adjacent clusters emerges. A
cluster with the points colored in green stands out. The streets of Cairnhill Road, Somerset Road Koek
Road and Kramat Road enclose such cluster, which contains the shopping malls of Orchard Gateway,
Centrepoint, the Cuppage Plaza, and the Orchard Plaza, encircling more than 660 commercial
establishments. Interestingly, along of Killiney Road-perpendicular to Orchard Road-emerges a strip
of green dots grouped into a single cluster, which represent a commercial corridor of shop-houses.
Lastly, we observe the clusters of Robertson Quay and Great World City, together with other small
clusters scattered in the area.
capture the irregular geometrical forms of the clusters
In summary, the DBSCAN roiDBmCA aloit to oble
the case of Orchard Road, but we
after tweaking the input parameters. We presented ing to an
forthe
93
SpotRank places. The algorithm
representation
of
the
groups
validated the quality of the
identifies the patches of establishments that represent different sub-places using the density of the
points. The results of the clustering are in accordance to our local knowledge from the fieldwork visits to
a number of those places, and in general, the quality of the representation of the patches of retail is
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very good. However, we should bear in mind the limitations of the DBSCAN clusters. The data is not
perfect and the algorithm makes an inaccurate representation of a number of patches of retail. These
inaccuracies have their origin in the incomplete data we have, especially regarding the lack of
information on the size of the establishments and of some indicator of the desirability or profile of
visitors to the establishments. These inaccuracies become evident only in the fieldwork visits. An
example is that DBSCAN groups Lucky Plaza and ION Orchard in the same group as if they were part of
the same sub-place inside Orchard. These two shopping malls are located across the street from each
other, in very close proximity, but their character and type of visitors are very different. These nuances
are perceptible only once on the ground and conducting in-person visits. We will have to live with this
bias for this research, deferring the acquisition of additional datasets that enrich the analysis to future
extensions to this work.
The identification of the sub-clusters of commercial establishments and POls within each SpotRank
buffer has been the first step of our analysis. After applying the DBSCAN algorithm on the 93 places
across the seven days of activity, we identified 3,750 different and unique clusters of commercial
establishments. In the temporal frame Monday-Thursday, there were 747 different clusters; 1,008 on
Friday; 802 on Saturday and 860 on Sunday. In the remainder of this work, we will refer to these
DBSCAN clusters of POls interchangeably as the sub-places, the DBSCAN patches or the DBSCAN
clusters. The following sections of this chapter develop a number of measures to characterize the
content of retail in the patches inside the SpotRank buffer. These measures look at the density and
diversity of the commercial establishments, the geometrical shape of the patch, and the locational
dependency of retail to the presence of shopping malls and food markets.

ClusterCompactness.
The geometrical shape of a spatial cluster of establishments is relevant information about the type of
activities in the place, which in turn is relevant to see the type of non-work trips that these places
attract, because activities and visitors to a commercial strip are different from the visitors to a shopping
mall. We suggest a measurement of compactness of the POls in the DBSCAN patch to represent the
irregularities of the geometrical shapes. In general, the irregular geometrical shapes of the clusters
represent two configurations in Singapore. The first one is a strip of shop houses aligned on both sides
of a street. The architecture of the shop houses is reminiscent of the colonial period, and today house
restaurants, cafes and shops in the ground level. The second potential irregular shape corresponds to
commercial establishments scattering in a small area and forming arbitrary shapes. For instance, a
typical case is to have 3-4 POls very close together, next to another small cluster of 5-6 points slightly
shifted. The latter is a common pattern that we find in retail at projects of social housing.
To our measure, we use the Convex-Hull algorithm on the POI data to compute a convex shape curve for
every cluster. The Convex-Hull is a method that derives from a set of points the vertices of a polygon
that encloses those same points (Jarvis, 1973; McCallum & Avis, 1979). The package grDevices in the
statistical software of R implements the algorithm. Figure 41 illustrates the Convex-Hull from the points
of two DBSCAN clusters in Orchard Road. The left hand side of the figure corresponds to the cluster at
the intersection between Orchard Road and Scotts Road; the reader can notice the T shape juncture that
the points draw. The plot at the right of the figure is a commercial strip on Killiney Road. Thus, the
Convex Hull uses the outer points to compute polygons outlining the points, as we observe in Figure 41.
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Figure 41. Convex-Hullpolygonsfor two example clusters in Orchard Road.

Then, for every polygon-DBSAN cluster that we derive, we compute perimeter and area. From the area
and counts of establishments, we obtain the density of the POls by cluster. Finally, we generate the
Osserman measure of compactness using the area and perimeter of the cluster (Osserman, 1978):

CIPQ =

4*

T *

area

(perimeter)2

The Ossermand index of compactness is one of the most widely accepted compactness measurements
of polygons (Li et al., 2013); its range is from zero to one. A shape with a high value of CIPQ is more
compact than a shape with a lower value. For instance, a measure close to zero would represent an
irregular shape with a small area and a very large perimeter. A square would have a CIPQ of 0.78. The
circle is the most compact shape because it encloses the largest area with the smallest perimeter; it has
a CIPQvalue of one.
In the example of Figure 41, the cluster of the intersection at Orchard and Scotts Rd contains 2,201
establishments. The Hull Polygon contains 0.01078 establishments per square meter, with a CIPQ of
0.81. The shape of the polygon has regularity. By contrast, the commercial strip at the right side of the
figure contains 63 establishments, with a density of 0.0063 establishments per square meter, and a CIPQ
of 0.48. As expected, the CIPQ is smaller for the strip than for the intersection of Orchard and Scotts.
This measure will be important to build a typology of the spatial distribution of establishments in the
patches.
Table 11 presents the summary statistics of the measure for the entire set of DBSCAN clusters that we
obtained. The interquartile range is of 0.73 to 0.48.
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Table 11. Summary statistics of the CIPQ Ossermand Index of Compactnessfor the 3,750 clusters of activity distributed across
the 93 SpotRank places and across the 7 days of the week

Diversity of P0/s.
An important element to determine the potential of attraction of a SpotRank place as a non-work
destination is the diversity by type of its commercial establishments. Density and diversity are important
because a wider offerof activities encourage multi-purpose trips (Arentze, Oppewal, & Timmermans,
2005). At first glance, the four SpotRank places attracting the largest number of non-work trips have a
large density of establishments and a wide diversity in their type. Thus, we need a variable that
represents the degree of diversity for each DBSCAN patch, a measure that can capture whether the
patch is a specialized cluster or mixed retail.
Unfortunately, the surface area of the establishments is not available from the Google Place API. As a
result, we compute diversity using the proportion of points of each category in a patch. The HerfindahlHirschman Index of Industry Concentration (HHI) is the selected measure for diversity by type of
establishment (Rhoades, 1993). The specification of the HHI is as follows:
HHI = Zvs
Where siis the proportion of establishments of type i in the buffer and N is the number of
establishments. A large HHI indicates concentration of establishments from a single type, while a small
value denotes high diversity. For every SpotRank place, we compute an index of diversity for each
SpotRank buffer, and for every cluster within the buffer as well.
Table 12 illustrates the calculation of the diversity index for the SpotRank buffers across the four
temporal dimensions in a DBSCAN patch of the Orchard corridor. In general, clothing stores and
restaurants represent 40 percent of the commercial establishments in this sub-zone.
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Table 12. Diversity of establishments in a patch from the SpotRank place of Orchard Road across days of a week.
M-Th
Category

Freq

Fri

Prop

Freq

Sat
Prop

Freq

Freq

Prop

Prop

0.013
0.012
0.025
0.111
0.029

86
73
142
629
169

0.014
0.012
0.024
0.106
0.028

900

0.162

931

0.157

32
152
103
235
106
65
54
220
63
3
28

0.006
0.027
0.019
0.042
0.019
0.012
0.010
0.040
0.011
0.001
0.005

34
158
116
261
126
75
59
232
75
5
28

0.006
0.027
0.020
0.044
0.021
0.013
0.010
0.039
0.013
0.001
0.005

0.175

961

0.173

1,055

0.178

0.027
0.033

154
187

0.028
0.034

161
194

0.027
0.033

1,329

0.223

1,239

0.223

1,328

0.224

5,949

1

5,556

1

5,937

1

Art Gallery
Bakery
Bar
Beauty Salon
Caf4

69
77
176
661
185

0.011
0.012
0.028
0.104
0.029

82
73
150
645
169

0.014
0.012
0.025
0.108
0.028

75
65
138
617
159

ClothingStore

898

0.142

932

0.157

Convenience Store
Departmental Store
Electronics Store
Food
Furniture Store
Supermarket
Gym
Hair Care
Home Goods
Movie Theater
NightClub

41
148
148
270
156
82
65
224
88
7
36

0.006
0.023
0.023
0.043
0.025
0.013
0.010
0.035
0.014
0.001
0.006

35
158
116
258
123
74
59
233
75
5
34

0.006
0.027
0.019
0.043
0.021
0.012
0.010
0.039
0.013
0.001
0.006

Restaurant

1,233

0.195

1,041

Shoe Store
Spa

170
198

0.027
0.031

161
197

Other Store

1,407

0.222

Total
HHI (Diversity->
Concentration)

6,339

1
0.127

Sun

0.126

0.127

0.126

We can infer information of the character of a place just by looking at both the degree of diversity and
the degree of compactness of the patches inside. For instance, in the two patches from Figure 41 that is
for the large DBSCAN patch at the intersection between Orchard and Scotts Road the HHI is 0.12, while
it is 0.22 for the strip in Killiney Road. In such case, the intersection at Orchard has larger density,
compactness and diversity. The low compactness, density and diversity in the patch of Killiney Rd
suggest that this is could be a strip of shop houses with establishments from a few types, perhaps with
an important offerof food.

Dependency of P0/s on shopping malls, hawker centers and community centers.
For the DBSCAN clusters, we need an indicator that measures the degree of dependency of the POI
location on the presence of shopping malls and hawker centers (see below for a definition of Hawker
Centers). This measure must capture the extent to which shopping centers and hawker centers serve as
an anchor that attracts other commercial establishments. A way to implement this indicator is by
comparing the number of close-by commercial establishments with what would otherwise be expected
if the shopping centers and hawker centers had no 'attraction' effect.
The character of a commercial patch is different depending if it consists of street level retail or retail
within-and around-a shopping mall. We expect that this variable will correlate with the indicators of

126

compactness, density and diversity. Patches of establishments in a shopping mall must have a large
degree of compactness, diversity and density.
In 2016, there were 245 shopping malls and 116 hawker centers in Singapore (S. L. Authority, 2016).
Those spread across the city; regional centers and major transit junctures house at least one shopping
mall. Perhaps because of the extreme weather conditions, Singapore has favored the agglomeration of
retail into shopping malls of various sizes. For instance, our case study for Orchard Road contains no less
than 32 shopping malls in the M-Th SpotRank buffer.
The hawker center is a market of cooked food and is an important attraction in the local culture. A
typical hawker center houses between 20 and 30 food stalls with various food options; the stalls are
located around a common area with shared chairs and tables for the eaters. It is the norm that other
mixed retail and groceries locate in the surrounding areas to hawkers. Hawker centers are the result of a
government regulation of street food vendors several decades ago; their social function is to assure
access to inexpensive food to everyone. Normally, projects of social housing and areas with high
concentration of jobs have good accessibility to a number of these centers. Our case study of Orchard
Road is atypical in that it only contains a single Hawker Centre, which is at lower River Valley; it is not
along the main corridor. Hawker centers and shopping malls are important elements to build our
typology of non-work destinations because they attract a very specific type of activities or multi-purpose
trips in the case of the malls.
The data on hawkers and shopping malls consists of a point layer Shapefile. However, from the point
layer, we do not know the boundaries of the buildings containing the hawkers or shopping malls. Even if
we knew those boundaries, they would not be reliable because retail in Singapore spans along the walls
of malls and hawker centers, forming corridor type of shapes to which it is hard to trace the limit of a
place. For these reasons, we must then count on a measurement of the locational dependency of the
POls on the proximity to shopping malls and hawker centers.
The Receiver Operating Characteristic (ROC) and the Area under this Curve (AUC) are the chosen
measurements to represent the discriminatory power that hawker centers and shopping malls have on
the presence of commercial establishments in the spatial proximity (Baddeley, Rubak, & Turner, 2015).
To illustrate the concept of ROC and AUC, let us briefly review the concepts of potential outcomes for
binary classifiers.
Suppose that we seek to predict the presence of commercial establishments on the surface of Orchard
Road. Predicting a commercial establishment in space is a dichotomous variable with two potential
outcomes: positive or negative having an establishment at point x. In this implementation, a location x is
defined as a point in a given latitude and longitude (our implementation assumes that a potential place
or pixel is the combination of latitude and longitude rounded to the third decimal place, in meters).
Then, assume that we have the POI data forOrchard and a point layer file with the location of shopping
malls; we use these two pieces to fit a logistic model. In this model, the response variable is the binary
outcome positive or negative at location x, while the only independent variable is distance of x to the
closest shopping mall. If we take the probabilities of prediction for every x, these probabilities can serve
as a classifier using a threshold to determine the outcome of the classifier. For instance, if the
probability is greater than a threshold of 0.2, then it predicts an establishment at location x. We can
think of the threshold either in terms of probability or of distance given that distance to malls is the only
variable in the model. For example, assuming the cutoff value to determine whether the outcome at x is
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positive or negative is 30 meters, the tool would predict a commercial establishment at locations x that
have a shopping mall at a shorter distance than such threshold. Table 13 summarizes the potential
outcome framework for a binary classifier for the location of establishments. The problem with the
selection of a threshold for the binary classifier is that it carries a tradeoff between Type I and 11 errors.
Table 13. Potential outcomes for binary classifiers

Observed
Outcome

Establishment 'Yes'
Establishment 'No'

Predicted
Establishment 'Yes'
True positives (TP)
False positives (FP)

Outcome
Establishment 'No'
False negatives (FN)
True negatives (TN)

The selection of the threshold value for the classifier imposes a tradeoff between the True Positive Rate
and the False Positive Rate. The True Positive Rate (TPR) is equal to TP/(TP+FN), while the False Positive
Rate (FPR) is FP/(FP+TN) (Baddeley et al., 2015). If the distance to shopping malls correlates positively
with the presence of commercial establishments, and if the distance threshold for the binary classifier
were very small, we would predict fewer true positives than the number of positives observed. We
would be confident of the predicted positives, but at the cost of having a large number of false
negatives.
Figure 42 illustrates the ROC curve for the SpotRank place of Orchard. The ROC is a graphical
representation of the TPR and FPR change as the discrimination threshold varies for the binary classifier.
The binary classifier for the curve is computed from the boundaries of the M-Th buffer, combining the
POls and the shopping malls in the area. The TPR and FPR are calculated by simulating different
thresholds, then by comparing predicted versus observed outcomes for all the x locations in the buffer.
The curve in the plot is drawn based on the TPR and TFR values.
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Figure42. Receiver OperatingCharacteristic(ROC) curve for distanceof commercial establishmentsto shopping malls in Orchard
Road, in the bufferfrom Monday to Thursday.

The y-axis of Figure 42 represents the True Positive Rate-or the sensitivity, while the x-axis is the False
Positive Rate-or the probability of a false alarm, the (1 minus the specificity)-. On the one hand, if the
distance threshold to shopping malls in the classifier is big, then the false positives decreases with
increased specificity. On the other hand, it would happen at the cost of a decline in the true positive rate
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and the sensitivity to find positives. In the spatial case, for each possible distance threshold z, the
algorithm calculates the fraction a(z) of area in the study region where the covariate takes a value
greater than z, and the fraction b(z) of data points for which the covariate value is greater than z
(Baddeley et al., 2015).
The purpose of the ROC is to evaluate the degree to which our distance to shopping malls covariate
separates the spatial domain into areas of high and low density of commercial establishments. If
shopping malls would not have discriminatory power on commercial establishments, we would expect a
line of 45-degree angle instead of the concave curve that we observe in Figure 42. In the case shown in
the figure, the distance covariate to shopping malls has a strong discriminatory power on the location of
establishments, which is what we expect at a place such as Orchard Road. The area under the curve
(AUC) in the ROC is also interpretable. This plot shows that, by considering parcels of land lying closer
than a specified distance away from the shopping malls, we find 80 percent of all shopping malls in 20
percent of the land area (which is the corridor along Orchard). The AUC is a simple numerical index of
discriminatory strength, which consists of a number that ranges between zero and one. The AUC values
close to either zero or to one indicate strong discrimination power (negative and positive, respectively),
while a value of 0.5 designates no discriminatory power. The AUC for the ROC shown above of Orchard
Road from Monday to Thursday is 0.84. Such value close to one designates a positive discriminatory
power of shopping malls on the location of POls, which is in accordance with the 32 shopping malls in
the area that house a large fraction of the establishments.
First, we computed the AUC for the entire set of the 93 SpotRank places. Then, we computed the AUC
for every DBSCAN patch within the larger SpotRank place. For those patches or places without a
shopping mall, we set the value of the AUC to 0.5 to show no discriminatory power.
In the case of Orchard Road, the global measure of the AUC for the entire SpotRank place is 0.84. If we
look at the finer scale of the DBSCAN clusters inside Orchard, it turns out that only nine of the 38
clusters contain at least one shopping mall. The AUC for these nine places ranges from 0.54 to 0.85. The
largest value of 0.85 corresponds to a DBSCAN cluster within Concorde Shopping Centre at Outram
Road, while the 0.54 corresponds to a cluster of establishments around the Holiday Inn Hotel.
The AUC is an important measure to characterize the street layout of commercial establishments, by
assessing their spatial dependency on shopping malls. We repeated the same procedure of computing
the AUC for hawker centers. Additionally, we calculated the AUC for library branches, community
centers, hotels and theaters. However, the latter measures were either redundant with other variables
or only a few patches contained them. In the end, we obtained the best results by restricting our
analysis to the AUC forshopping malls and for hawker centers. Those other measures were redundant
with the variables already represented or did apply only to a small selection of the DBSCAN clusters.

Number of Residents and Jobs by Type
In Chapters 3 and 4, the analysis of the EZ-Link transit data acknowledged two patterns of non-work
destination choice across the SpotRank places. The first pattern was of regional centers in the suburbs
with a large proportion of non-work arrivals. These arrivals were mostly of residents and neighbors in
the area. The second pattern was that of the central locations with a large proportion of jobs and with a
very large proportion of non-work visits after hours. The majority of those visits were from the same
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workers in the area. Thus, important control variables to characterize SpotRank places are the
proportion of residents, proportion of workers, and number of jobs by industry type. The source of data
for these variables is a synthetic population of Singapore, with a level of resolution by postcode (Zhu
Ferreira Jr, 2015; Zhu, Zhu, & Ferreira Jr., 2014). A postcode in Singapore roughly corresponds to a
building location. This high-resolution dataset allows us to compute counts of jobs by industry type,
counts of workers, and of counts of residential units across the SpotRank places. In our case study of
Orchard Road, there are 6,600 households and 158,263 jobs in the SpotRank place of M-Th, where the
wholesale and retail industry concentrate about 40 percent of the jobs. These variables are relevant to
the scale of the SpotRank place but not to every DBSCAN patch. We make use of these variables to
validate the results of this chapter and we will use them to characterize the bigger SpotRank places in
Chapter 7.

Number of Department Stores and Chain Supermarkets
Two other important elements to characterize non-work destinations are the number of chain
supermarkets and the number of department stores. We anticipate that supermarkets and department
stores will correlate positively with the index of diversity and to the presence of shopping malls. The
presence of these facilities in a patch is relevant information about the type of ongoing activities, and of
the potential of attraction of multi-purpose non-work trips. We generated simple counts of the number
of supermarkets in each patch, considering the four largest chains in Singapore: Sheng Siong, Fairprice,
Giant and Coldstorage. For the department stores, we consider the following brands: Tangs,
Takashimaya, Isetan and Muji. We generated these counts for both the SpotRank places and fortheir
clusters within.

Proportion of Shops and Proportion of Establishments Offering Food.
Finally, the last two variables to characterize the clusters are the proportion of the establishments from
the Google API that dedicate to food and the proportion of the establishments that are shops. To draw a
distinction between food and shops, we relied on the type-category included in the API data. The
difference in the type, combined with the diversity index, compactness index, and density of
establishments, allows us to differentiate between clusters of restaurants versus clusters with
predominant type of shop. These variables are important to mark the patches that are only shops or
only restaurants.
In conclusion, we have presented a number of variables that capture the main dimensions of variation in
the configuration of the patches of commercial establishments. The diversity, density, compactness,
AUC to shopping malls, AUC to hawker centers, proportion of shops and food, and presence of
department stores and supermarkets, altogether, will allow the classification of the patches. This is to
identify which ones entail a strip of restaurants, which ones represent the shopping mall or the small
plaza with mixed retail and a supermarket, among many other alternative configurations.
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Correlation Matrix of the Variables to Represent
Table 14 presents the correlation matrix for the DBSCAN clusters for the variables that we previously
described, which are (from left to right): 1) Number of POls or commercial establishments, 2) AUC for
shopping malls, 3) AUC for hawker centers, 4) Herfildahl Index of Industry Concentration, 5) Index of
Compactness, 6) Number of chain supermarkets, 7) Number of department stores, 8) Proportion of the
POls offering food, and 9) Proportion of the POls that are shops.
The number of POls had a high correlation with the density of establishments per area and with area
(above 0.9). Thus, we decided to include only the number of establishments in our analysis. We selected
this variable and not density, as the former exhibited less correlation with the other variables in the
analysis. The number of establishments correlates positively with the presence of shopping malls,
hawker centers, supermarkets, department stores and compactness. It negatively correlates with
concentration of establishments by type.
The AUC of shopping malls-that is the discriminatory power of shopping malls on establishmentspositively correlates with the number of supermarkets, department stores and with patches that are
more compact. Hawker centers also correlate positively with compactness and supermarkets, but in a
smaller magnitude than for shopping malls.

Table 14. Correlation Matrix of the Variables Characterizing the DBSCAN clusters.

N_POls

0.444

N_POls
AUCMalls
AUChawker
HHI
Compactness

AUC Malls

0.444

AUC hawker

HHI

Compactness

NSupermkt

0.247

-0.193

0.300

0.374

0.066

-0.190

0.212

0.509

-0.122

N-deptStore

0.222

PropFood

PropShops

0.030

-0.002

0.049

-0.066

0.174

0.156

0.048

0.156

-0.151

-0.152

-0.277

-0.091

-0.159

0.420

0.247

0.066

-0.193

-0.190

-0.122

0.300

0.212

0.174

-0.152
-0.277

0.233

0.233

N_Supermkt

0.374

0.509

0.156

N-depStore

0.486

0.222

0.048

-0.091

0.112

0.112

0.039

0.008

0.258

0.109

-0.178

0.023

-0.015

0.258

Prop_Food

0.030

0.049

0.156

-0.159

0.039

0.109

0.023

PropShops

-0.002

-0.066

-0.151

0.420

0.008

-0.178

-0.015

-0.795
-0.795

Interestingly, the HHI correlates negatively with the number of supermarkets and positively with the
proportion of establishments that are shops. This means that the establishments have a lower
concentration by type (indeed more diversity) when supermarkets are present in a DBSCAN cluster. At
the same time, a concentration by type means that certain type of shop is prevalent in the DBSCAN
cluster. Finally, the proportion of food and proportion of shops are mutually exclusive categories.
However, we retain the last two variables despite their high correlation because of their differentiated
effect with the HHI. A large proportion of food correlates with a higher diversity by type of
establishment, while a large proportion of shops without food implies a lower diversity. In general, the
correlation coefficients in Table 14 have the expected signs, which confirm our procedure and
representation of the variables. The next section relies on those variables to run a clustering on the
DBSCAN patches, in order to build a typology of commercial patches according to such representation.
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5.4. Results
This section seeks to build a typology of the DBSCAN clusters using the variables that we defined in the
previous section. In this section, we leave on the side our case study of Orchard Road to concentrate in
the results for the universe of the DBSCAN patches across the 93 SpotRank places. We are interested in
comparing the typology of patches with the typology of places from the analysis of the EZ-Link data in
Chapter 4.
Keep in mind that at the beginning of this chapter, DBSCAN grouped the POIs for the 93 SpotRank places
across four temporal scales: 1) Monday-Thursday, 2) Friday, 3) Saturday, and 4) Sunday. Therefore, we
built four typologies of DBSCAN clusters, one for every temporal scale. However, in the interest of
brevity and clarity of the content, we only present in this chapter the results from the temporal cluster
of the Friday. We chose Friday as the representative case because the resulting typology and the group
membership share commonalities with both the weekend and the weekdays. Moreover, the Friday is
the day with the largest number of patches. The discrete choice model that we will present in Chapter 7
makes use of the typologies of the different days depending on when the trip occurred.
On the Friday, the DBSCAN algorithm identifies 1,008 different clusters of commercial establishments
that contain between 3 and 2,508 points. To avoid any misunderstanding between the labels of this new
k-means clustering of the patches and the old DBSCAN clustering of the establishments, we refer to
those DBSCAN clusters indistinctly as the DBSCAN clusters or as the patches of POls or the patches of
establishments. This section performs a grouping of the 1,008 DBSCAN clusters using k-means and kmedoids clustering. In other words, the preceding section performed a spatial clustering of the
establishments using the DBSCAN algorithm and identified 1,008 clusters. This section performs a new
non-spatial clustering of those 1,008 clusters or patches of establishments. The new and non-spatial
clustering relies on the non-spatial variables from Table 14. We will refer to these new clusters as the kmeans and the k-medoids clusters.

K-Means Clustering
As we explained in Chapter 4, the Elbow Method guides again our selection of the optimal k number of
clusters. In this case, we select the value of k equal to 15 to group the 1,008 DBSCAN patches of a Friday
(Figure 43). The variables were scaled to its standard value before the clustering.
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The proportion (between_SS / total._SS) with 15 groups is 76 percent, which indicates that the clusters
have internal homogeneity and maximize the variance across different groups. We tested the clustering
with different variables, contrasting each time the results against our knowledge from the fieldwork
visits. In the end, the final selection of the variables that we presented in Table 14 yielded the best
characterization of the patches to indicate their potential as non-work destinations.
Table 16 presents the mean values of the variables considered for the clustering across the 15 groups.
Every row corresponds to the mean of the variables for the DBSCAN patches in the k group (without
being standardized). Actually, the first column specifies the number of DBSCAN patches comprised in
every k group. The second column specifies the number of DBSCAN sub-patches or clusters that fall
within each of the k-means groups. From columns three to eleven, we have the same variables as in
Table 15. The last row in Table 16 compares the mean values of these variables across the 1,008
DBSCAN patches before the grouping.
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Table 16. Summary statistics for the resulting patch types with 15 groups.
Mean values for each k-means duster
K-means Number of
DBSCAN clusters
cluster
Group 1
128
Group 2
157
Group 3
2
Group 4
40
69
Group 5
Group 6
147
Group 7
21
Group 8
10
Group 9
76
Group 10
35
Group 11
9
Group 12
61
Group 13
33
Group 14
70
Group 15
150
Average value across patches

ROC/AUC
establishments Shopping mas
Number of

H
ROC/AUC
Nawker Centres Concentration

33.27
43.71
1940.67
132.75
22.77
16.12
289.05
1271.2
13.46
31.89
496.56
13.41
137.39
79.53
71.87

0.5
0.5
0.57
0.74
0.5
0.75
0.66
0.5
0.52
0.64
0.5
0.52
0.5
0.5

0.5
0.5
0.61
0.5
0.5
0.5
0.51
0.57
0.5
0.5
0.5
0.5
0.68
0.51
0.5

72.667

0.520

0.506

0.5

0.46
0.2
0.13
0.17
0.44
0.22
0.16
0.15
0.27
0.82
0.15
0.31
0.2
0.17
0.27
0.291

Supermarkets

0.58
0.71
0.74
0.7
0.62
0.52
0.73
0.85
0.32
0.59
0.81
0.29
0.75
0.69
0.72
0.605

Proportion of

Number of

Number of

0
0
1.33
0.55
0.03
0.01
2.48
1

0.04
0
1,78
0.02
0.42
1.3
0.03
0.219

et
0
0
1.33
0
0
0
0
0
0
0
1.11
0
0
0
0
0.014

Proportion of

bshments e
0.07
0.41
0.32
0.3
0.78
0.22
0.39
0.38
0.51
0.02
0.36
0.13
0.46
0.36
0.14
0.294

and

reth
t,

0.88
0.34
0.48
0.46
0.11
0.43
0.39
0.46
0.26
0.97
0.47
0.74
0.31
0.34
0.75
0.514

Next, we explore the composition of the 15 resulting groups, describing the main attributes that
characterize them across the dimensions shown in Table 16.

Group 1 (n=128). Small Patches of Street-level Shops.
The patches in this group contain a small number of establishments-an average of only 33. There is no
presence of shopping malls, neither of hawker centers nor of supermarkets nor of department stores.
The low degree of diversity (average concentration of 0.46) is because the establishments concentrate
into a few types. The null presence of food businesses is symptomatic; about 88 percent of the
establishments are shops of various types, mostly clothing, electronics or the general umbrella category
of'shops' from the Google API. The degree of compactness is at the average as compared with other
groups. The patches in this group spread across Singapore; they are present in 29 of the 93 SpotRank
places in all regions. Places with more than one patch falling in this cluster are Kallang, Joo Seng, Bedok
Reservoir and Ubi. In summary, these small patches do not contain an anchor element; they consist of
street-level retail without restaurants or cafes.

Group 2 (n= 157). Small Patches with Mixed Food and Shops.
Group 2 is similar to Group 1 in that the patches contain a small average number of establishments (43),
without presence of shopping malls, hawker centers or supermarkets. The main difference is that the
patches of Group 2 present a higher degree to the diversity of type of establishments. In this group, 41
percent of the retail dedicates to food, while the 34 percent are shops. Compactness is also higher for
the patches in this group. The points are organized around circular or squared shapes. This is the group
with the largest number of patches, 157 spread across the island. In summary, this group consists of
small patches of retail with a combination of food and shops.

Group 3 (n=2). The Big Attractions.
This is a small group but highly influential for the large potential of its patches as prime non-work
destinations. Only two patches belong to this group. The first patch is the already referred intersection
134

between Orchard Road and Scotts Road. The second one corresponds to Bugis Junction. These two
patches have the largest average in both density and diversity of establishments. The areas of the
patches are highly compact, while the location of the establishments has a positive and strong
dependency on the presence of shopping malls. Actually, the patches of Orchard and Bugis contain 18
and 9 shopping malls, respectively. The average AUC for Hawker Centers is of 0.61; the patch of Orchard
Road does not contain Hawkers, but the patch of Bugis has one. In summary, these two gigantic patches
comprise an important number of shopping malls, which are adjacent and aligned next to each other.
There is other retail of shops and restaurants in between the shopping malls, which supplement the
offer. The shopping malls also contain supermarkets and department stores. These two patches of Bugis
and Orchard Road represent major centers of gravity within the SpotRank places.

Group 4 (n=40). The Small Shopping Mall with a Supermarket Chain
This group contains 40 patches. The establishments in these patches have a positive and high
dependency on proximity to shopping malls, but none to hawker centers. There are no hawkers in these
patches. The diversity of the establishments and the compactness of the geometric form are high. The
average number of establishments is 132, five times bigger than Groups 1 and 2. There are not
department stores. However, 22 of the 40 patches contain a supermarket. The proportion of food
represents 30 percent and shops are 46 percent. The patches spread throughout 25 SpotRank clusters,
in places such as Downtown, Orchard Road, Tampines, Clementi and Geylang. In summary, the patches
of this group correspond to small and midsize shopping malls. The majority of these malls contains a
chain supermarket, which could perform the function of an anchor store in the patch.

Group 5 (n=69). Patches of only Restaurants and Cafes
These patches are small and contain an average of 23 establishments. There is neither dependency nor
presence of shopping malls or hawker centers, nor of supermarkets or department stores. The
concentration of establishments by type is extremely high because 78 percent dedicate to food. The
patches are at the average value of compactness. These patches scatter throughout the island across 35
SpotRank places. Orchard Road, Changi Business Park, Clementi, Beauty World, Downtown, Kent Ridge
and the Botanic Gardens contain patches of this type. In summary, this group contains areas where
restaurants and various food-related businesses agglomerate together at the street level, but without
presence of hawker centers or food courts in the patch.

Group 6 (n= 147). Mix of Food, Shops and Other.
This is a numerous group with 147 patches, each one containing an average of 16 establishments; the
patches are very small. These patches present a high diversity in the type of establishments, with a
combination of food and retail. Compactness is in the mean value. There is no presence or dependency
of hawker centers or shopping malls. This Group shares commonalities with Group 2; the difference is
that patches in Group 6 have half the proportion of restaurants and cafes of Group 2, and shapes are
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less compact. In summary, this group contains small patches of establishments that offer a variety of
services ranging from food to shopping, without the presence of a major anchor store or shopping mall.
The offer of food entails 20 percent of the establishments. The establishments scatter forming irregular
geometrical shapes, but without being strips along a commercial street. The 147 patches are distributed
in 45 SpotRank places. Orchard Road, Pasir Ris, Ang Mo Kio, Tiong Bahru, Kallang, Quenstown, Senkang,
Bendemeer, Bradell and Bukit Panjang contain 4-5 patches from this group.

Group 7 (n=21). The Mid-Size Shopping Mall.
This group contains 21 DBSCAN patches. The patches have a large number of establishments, with an
average density of 289. The degree of diversity is high. In general, the patches balance food, shops and
services. Group 7 is similar to Group 4; the two have a high level of diversity and high spatial
dependency on shopping malls. The difference between the two groups is that the patches of current
Group 7 have a higher density of establishments (twice the number of those in Group 4), and have a
larger number of chain supermarkets. In Group 4, the patches contained, on average, a single shopping
mall. By contrast, the patches of Group 7 comprise from one to three shopping malls each. These
shopping malls tend to locate in adjacency to each other, containing at least two supermarkets that
might work as anchor stores. The AUC is 0.75, the largest amongst the groups, indicating that the
location of establishments is very dependent on the presence of shopping malls without much retail
outside of the mall. In summary, this group corresponds to important commercial areas that contain a
number of adjacent shopping malls and supermarkets, but without the presence of department stores.
The establishments circumscribe to the shopping malls. These twenty patches are located in the
SpotRank places of Ang Mo Kio, Tanah Merah, Jurong West, Punggol, Toa Payoh, Sembawang, Bedok,
Downtown, East Coast, Senkang, Bishan, Woodlands, Braddell, Yew Tee, Bukit Batok, Marine Parade,
Bukit Panjang and Hougang. Except for a patch in Downtown, these patches are located mostly in the
suburbs in regional centers or sub-centers.

Group 8 (n=10). The Collection of Shopping Malls
Ten patches comprise this group, which locate in the SpotRank places of Downtown, Bendemeer and
Bugis. This group combines characteristics from Groups 3 and 7. There is a presence of department
stores and a high diversity in the type of establishments. The density of the establishments is the second
highest of the groups, with an average of 1,271 establishments per patch; 38 percent of the
establishments dedicate to food and 46 percent are shops. Group 8 has an AUC of 0.66, indicating a
positive dependency of the retail on the spatial location of shopping malls. The patches link together
between three to seven adjacent shopping malls. The value of compactness is also the largest amongst
the groups. In summary, the patches in this group are big in the number of establishments and
represent important commercial areas in the city. These areas contain a combination of street-level
retail with shopping malls. An indicator of the preeminence of these shopping malls is the presence of
department stores and chain supermarkets.
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Group 9 (n= 76). The Small Patch with Restaurants and Other Retail
The patches of this cluster register the smallest number of establishments, with an average of 13. The
Group combines features from Groups 5 and 6. These tiny patches do not contain shopping malls,
hawker centers or supermarkets. The low value of the measure of compactness suggests the presence
of irregular geometrical shapes in the Hull polygon, which correspond to establishments either forming
strip corridors or scattering irregularly through the patch. The degree of diversity is in the average value
as compared with other groups. However, about half of the establishments offer food. In summary,
these patches are tiny groups of restaurants and cafes, supplemented by other retail. We observe
patches of this cluster in places such as Geylang, Ang Mo Kio, Toa Payoh, Yishun, Queenstown, Bishan
and Downtown.

Group 10 (n=35). Specialized Shops and Workshops.
This group shares commonalities with Group 1 in terms of compactness, lack of spatial dependency on
hawkers or on shopping malls. About 97 percent of the retail consists of shops; the presence of food or
other services is negligible. The difference between Group 1 and 10 is the very low level of diversity that
we find in the latter. The 0.82 degrees of concentration and the 97 percent of shops indicate that
establishments belong to very few types of categories of shops. An exploration of these cases finds that
the Google API classifies the vast majority of the establishments in these patches under the umbrella
category of 'shops'. The 'shops' category represents the retail that does not fall into other more specific
categories such as clothing or electronics as of the Google API. These patches contain an average of 30
shops. In general, these patches correspond to one of two cases: groups of stores located in hotels or
stores in workshops and industrial parks (e.g. car shops or plumbing repair shops). We find patches of
this type in Joo Chiat, Orchard Road and Sin Ming.

Group 11 (n=9). The Big Shopping Mall.
The patches of groups 3 and 11 are similar because they are the only ones that contain both department
stores and chain supermarkets. The only difference between the two groups is the smaller number of
establishments in the patch of Group 11, which represents about a half of the number of establishments
in Group 3. Dependency on shopping malls and compactness are slightly higher for Group 11. Therefore,
we find more establishments depending on the presence of the shopping malls and forming shapes with
higher geometrical regularity in current Group 11. The degree of diversity and composition between
food and shops is similar for the two groups, with a good balance of both. The nine patches that we find
in this cluster correspond to locations in the SpotRank places of Orchard Road, Tampines, Jurong East,
Downtown, Vivo City, Serangoon and Marine Parade.

Group 12 (n=61). Small Patches of Shops Forming Irregular Geometric Forms.
This is the group with the smallest average number of establishments; the patches contain an average of
13. There is neither a presence of shopping malls nor of hawker centers nor of supermarkets. The
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degree of diversity by type of establishment is at the mean value as compared with the other groups.
Compactness is the lowest among groups as well. The low average value in compactness reflects a
scattering of the establishments in space. These patches do not adjust to regular geometrical shapes.
Despite the fact that 74 percent of the establishments are shops, the diversity index is at the mean value
of other groups. This means that the majority of the establishments corresponds to shops of various
types as given by the Google Place API. About 13 percent of the establishments are dedicated to food. In
summary, this group consists of street level isolated retail with a mix of shops, occasionally also with a
coffee shop or a restaurant. We find patches of this cluster in the SpotRank places of Tampines, Tiong
Bahru, Ang Mo Kio, Jurong East, Kallang, Queenstown, East Coast and Geylang.

Group 13 (n=33). The Hawker Center Surrounded by Shops and Other Retail
The distinctive attribute of patches in this group is the positive dependency of the establishments on the
presence of Hawker centers. The patches have a considerable number of establishments, with an
average of 137 businesses. The group has an average AUC for shopping malls of 0.52, which is slightly
greater than 0.50. This occurs because three of the thirty-three patches contain a shopping mall as well;
the rest does not. Diversity and compactness are large. The offer of food represents 46 percent of the
retail, shops represent 31 percent, and other services represent 23 percent. In summary, these patches
correspond to hawker centers surrounded by retail and shops. The 33 patches in this group belong to
the SpotRank clusters of Braddell, Holland Village, Geylang, Clementi, Bedok, Beauty World and Tiong
Bahru.

Group 14 (n= 70). The Retail with a Chain Supermarket.
The 70 cases in this group correspond to patches of commercial establishments, which contain neither
shopping malls nor hawker centers. However, the patches contain one or two supermarkets. The
patches have an average of 79 establishments, of which 36 percent are food and 34 are shops. Diversity
of the establishments is very high, while compactness is slightly above the average value when
compared with other groups. In summary, this group corresponds to patches that have an anchor chain
supermarket, which serves as an anchor to other retail spread in the area. After exploring these clusters,
we find two types of configurations. The first one is the chain supermarket in the street-level and
surrounded by other retail in the street. The second one is the chain supermarket in a small plaza of two
or three stories, which in addition houses retail and services. However, these plazas are not shopping
malls. We find this type of patches in SpotRank places such as Marine Parade, Geylang, Holland Village,
Marsiling, Yishun, among others.

Group 15 (n= 150). Patches of Street-Level Retail without Malls or Any Anchor Store.
This group shares commonalities with Group 1 in that the patches contain neither shopping malls,
hawker centers, supermarkets nor department stores. The most relevant difference between the two
groups is that in Group 15, the average number of establishments is 72, which is twice the size of the
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establishments that we found in Group 1. Concentration by type, compactness and proportion of food
establishments are higher in Group 15 than in Group 1. About 80 percent of the establishments are from
various types of retail. In summary, the uniqueness of the patches in this group is that they contain a fair
amount of establishments, despite not containing an anchor chain supermarket or any other shopping
mall or a hawker center. They also present a high degree of geometrical compactness. A few SpotRank
places concentrate a large fraction of patches in this group: Orchard Road, Joo Chiat, Ang Mo Kio, Joo
Seng, Tiong Bahru, Kallang, Queenstown, Toa Tuck, Downtown, Bedok Reservoir, Bugis, Geylang and Sin
Ming.

Note on the Results of the K-Means Clustering.
A problem with the k-means clustering is the large impact that outliers have on the computation of the
centroids of each group, altering the definition and membership of the groups. This is a problem with
our data because we have a number of patches with extreme values in one or across several
dimensions. As a result, our many groups could actually be overfitting. To explore this potential
problem, we decided to compare these results against a k-medoids clustering algorithm, whose
outcomes are less susceptible to the presence of outlier observations.

K-Medoids Clustering
Similar to the k-means grouping, this measure is also a distance-based algorithm. However, the medoids
are less sensitive to noise and outliers, which make this algorithm a more robust implementation of the
distance of every point to the k centroids of the cluster. A medoid is an observation within a cluster for
which average dissimilarity between it and the other members of the cluster is minimal. A medoid is an
observation, in our case a DBSCAN patch, which corresponds to the most centrally located point in the k
cluster (Kassambara, 2017).
&

To search for the k medoids, we use the Partitioning Around Medoids (PAM) algorithm (Kaufman
Rousseeuw, 1990). The loss function of the PAM is the sum of the dissimilarities of all objects to their
nearest medoid. First, the PAM algorithm starts by selecting random k as the initial medoids. Second,
each observation joins the cluster of its nearest medoid. Third, for each selected medoid and each nonmedoid data point, the algorithm swaps them and recalculates the loss function. Fourth, the swapping
of medoids and non-medoids iterates until it cannot reduce the loss function even more.
Parallel to k-means and the Elbow method, the PAM algorithm requires the user to specify k, which is
the number of clusters to be generated. A useful approach to determine the optimal number of k is the
Silhouette method. Similar to the Elbow method, the Silhouette method computes the PAM algorithm
using different values fork, and gets the average silhouette. This average value measures the quality of
the clustering. A high average silhouette width indicates a good clustering. The optimal number of
clusters k is the one that maximizes the average silhouette over a range of possible values for k. In this
case, the optimal value is with a k of eight (Figure 44).
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Figure 44. AverageSilhouette Width with Different values of k.
As a result, we generate eight clusters with the PAM algorithm. Table 17 shows the values of the eightmedoid observations. The values in the table correspond to the commercial patch that represents the
medoid observation in that group, which is the observation that occupies the most central position in
the cluster. The variables forthe clustering with this method remain the same as in Table 16.
Table 17. Values of the medoid observation in the eight groups.
K-Medolds
Numberof
Grow
O-SCAN Patdms
194
Group 1
Group 2
166
Group 3
218
Group 4
247
Group 5
12
60
Group 6
Group 7
75
Group 8
36
Avra vwam srse pehas

OAU
S,ho ng
MO

NUIbrof

Edabuhmb
9
9
36
38
350
199
56
163
72.

7

0.500
0.500
0.500
0.500
0.610
0.799
0.500
0.500
0.5"

ROC/AU
Roc/AUC

H

Hawker Cmn2r
0.500
0.500
0.500
0.500
0.500
0.500
0.500
0.697

0.50

__P

0.259
0.210
0.213
0.450
0.168
0.145
0.149
0.146
0.211

Compac Number of

Peportlon P

tness

of Food

Suprmmrkets

0.612
0.355
0.725
0.631
0.748
0.748
0.704
0.793

0.886

0
0
0
0
1
1
1
0

0.21

opeon

of Shops

0
0
0
0
1
0
0
0

0.556
0.222
0.222
0.079
0.254
0.392
0.286
0.350

0.222
0.444
0.528
0.868
0.614
0.452
0.411
0.238

0.013

0.234

0.

Table 18 is a cross reference table that compares the clustering from the k-means and the k-medoids.
The reader can notice that the k-medoids merges the k-mean groups into fewer categories.
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Table 18. Comparison of the grouping between K-means and K-medoidsfor the DBSCAN patches.

Group
Group1
Group2
Group3
Group4
Group5
Group6
C Group7

E

Group8

SGroup9

Group10
Group11
Group12
Group13
Group14
Group15
Total

1

Group 2

0
79
0
0
69
7
0

0
0
0
1
0
84
0

0
36
0
0
0
0
3
0
194

0
39
0
0
42
0
0
0
166

Group 3
0
78
0
3
0
55
0
1
0
0
0
0
0
0
81
218

K-Medoids
Group 4 Group 5 Group 6 Group 7 Group 8 Total
127
0
0
0
0
127
0
0
0
0
0
157
0
2
0
0
0
2
0
0
33
3
0
40
0
0
0
0
0
69
1
0
0
0
0
147
0
0
20
0
1
21
10
2
0
7
0
0
0
0
0
1
0
76
35
0
0
0
0
35
0
9
0
0
0
9
19
0
0
0
0
61
0
0
0
0
33
33
0
0
67
0
70
0
65
0
0
4
0
150
247
11
60
75
36

In the following lines, we will review the composition of the medoid groups, describing their main
features and comparing these results against the classification that we obtained with the k-means.

Group I (n= 194): The Small Patches of Retail, where Food Establishments Predominate
The medoid of this group contains nine commercial establishments, which range between 5 and 70. In
general, patches of this cluster contain a relatively small number of establishments. Likewise, they do
not contain shopping malls, hawker centers or department stores. Actually, chain supermarkets are
unusual; only three of the 194 patches in this medoid group contain a chain supermarket. A large
proportion of the establishments are food-related businesses.
If we compare this medoid group against the classification of the k-means clustering, we find that the
patches in the current cluster comprise every patch from the k-means Group 5 ('Patches of only
Restaurants and Cafes'). This group also contains about half of the patches from the k-means Group 2
('Small Patches of Mixed Food and Shops'), and about half of the patches from k-means Group 9 ('The
Small Patch with Restaurants and Other Retail'). In summary, this medoid cluster groups together those
small to midsize patches that do not contain any shopping mall or hawker centers-patches where food
establishments tend to represent at least 50 percent of the offer.

Group 2 (n= 166): The Small Patches of Mixed-Retail forming Irregular Geometric Shapes
In general, patches in this group have a low degree of compactness, which is 0.355 for the medoid. For
the rest of the patches in the cluster, it is always below 0.6. The low degree of compactness is an
indicator of the various levels of geometrical irregularity in the Hull polygons. The irregularity relates to
the relative small size of the patches, many of them with points scattered in a small area. Generally, the
patches have between 10 and 30 establishments. These patches display a high level of diversity, despite
their small size, with a good balance between shops and food. Even though, shops tend to have a slightly
higher presence than food. Similar to the previous group, there is no presence of shopping malls,
hawker centers, department stores or chain supermarkets.
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The patches in this medoid group come from a combination of patches in the k-means classification of
Group 6 ('Mix of Food, Shops and Other'), Group 9 ('The Small Patch with Restaurants and Other Retail')
and Group 12 ('Small Patches of Shops Forming Irregular Geometric Forms'). In summary, this medoid
group contains small patches of retail with a value of compactness below the average, with a high level
of diversity, and an offer of retail that comprises both food and shops.

Group 3 (n=218): The Small-Midsize Patches of Regular Shapes with Mixed-Retail
The medoid of this group contains 36 establishments, which is a bigger number as compared with
previous groups. The levels of diversity by type and compactness of shape are high. Shops represent
more than 50 percent of the offer, food counts for 20 percent, and the rest corresponds to services such
as gyms or hair care. In general, these patches contain between 35 and 50 establishments. There is no
presence of shopping malls, hawker centers or chain supermarkets in these patches. The main
difference with the two preceding groups is that patches of this group are bigger, the food offer is
irrelevant, and both diversity and compactness are higher.
This medoid group combines patches from the k-means clusters of Group 2 ('Small Patches of Mixed
Food and Shops'), Group 6 ('Mix of Food, Shops and Other') and Group 15 ('Patches of Street-Level Retail
without Malls or Any Anchor Store').

Group 4 (n=247): Shops Specialized by Type without any Food Offer
This is the group with the largest number of patches; it contains 247 DBSCAN patches widely spread in
the island. The medoid contains 38 establishments. The main characteristic of these patches is their high
concentration of establishments by type and the low proportion of food establishments. Compactness is
in the average value and there is no presence of shopping malls, hawker centers or chain supermarkets.
These are small to midsize patches with a concentration of shops of a given type as defined by the
Google Place API, it could be under the general umbrella category of 'shops' or under any other
categories.
This medoid group contains all the patches from the k-means clusters of Group 1 ('Small Patches of
Shops at the Street-Leve') and Group 10 ('Specialized Shops and Workshops'), combined with a number
of patches coming from Group 12 ('Small Patches of Shops Forming Irregular Geometric Forms') and
Group 15 ('Patches of Street-Level Retail without Malls or Any Anchor Store'). Interestingly, the patches
that this medoid group withdraws from the k-means Group 12 (that one with the irregular shapes) are
those with the highest level of compactness in the group with values fluctuating around 0.3 and 0.4. The
0.3 and 0.4 indicate a low level of compactness, but they do not correspond to geometric shapes such as
strips or other very irregular forms. In summary, this group contains small to midsize patches, which
consist of street-level retail made of establishments from a few type of shops. The food offer is limited
in these patches.
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Group 5 (n= 12): The Lare Commercial Areas with Maior Shopping Malls
This is the group of the large commercial areas. These commercial areas agglutinate a number of
shopping malls with department stores and supermarkets. There are only 11 patches in this group,
which are very influential forthe diversity and density of establishments: four of these patches are
located along the Orchard Road corridor, while others correspond to Tampines, Jurong East, Downtown,
Vivo City, Bugis, Serangoon and Marine Parade. The patches have large levels of compactness and
diversity. Shops are predominant, but the food offer is substantial too. If shops and restaurants
represent the majority of the establishments, then services should be the minority. The number of
establishments in the patches of this group is the highest among clusters. We find a positive
dependence of retail in the presence of shopping malls. Beyond the large density and diversity of the
establishments, the distinctive elements of this group are the AUC value greater than 0.5 and the
presence of department stores.
This group contains all the patches that we had in Group 3 ('The Big Attractions') and Group 11 ('The Big
Shopping Mall') from the k-means clustering. The PAM algorithm merges into a single group the very
large patches of Bugis Junction and Orchard & Scotts with the other nine major commercial areas in the
city. We can say that, for shopping and leisure, these 12 patches are the most important commercial
zones in the city.

Group 6 (n=60): The Midsize Shopping Mall
The patches in this group encompass a number of midsize shopping malls. These malls comprise chain
supermarkets, but do not contain major department stores. The degree of diversity is high, but the
number of establishments is smaller than in the preceding Group 5 of the large commercial areas. The
level of compactness is also high, presenting a mixture of shops and food. In fact, the proportion of food
establishments is higher than for the previous group.
The AUC of 0.799 contrasts against the 0.610 from previous Group 5. The interpretation of this
difference is that the previous group represented major commercial areas, whose retail locates not only
within shopping malls, but also along corridors at the street-level and connecting various adjacent
shopping malls. By contrast, the very high AUC in Group 6 suggests that the retail tends to concentrate
almost exclusively in shopping malls, with less presence outside of the mall and in the street-level.
This medoid group contains almost all the patches from the k-means Group 4 ('The Small Shopping Mall
with a Supermarket Chain'), Group 7 ('The Mid-Size Shopping Mall'), and Group 8 ('The Collection of
Shopping Malls'). In summary, this cluster contains important commercial areas encompassing one or
various shopping malls that tend to be in proximity to each other. These shopping malls do not have
department stores, but have a wide variety of shops and supermarkets, and contain a large offer of food
as well. The size of the commercial areas is considerable, but smaller than that from the large shopping
malls.
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Group 7 (n=75): Retail with a chain Supermarket
The patches in this group combine food and shops and present a large degree of diversity. The medoid
has 56 establishments. Compactness is high. The element of uniqueness in this group is the presence of
at least one chain supermarket in the patch, with limited or null dependence of the retail on the
presence of shopping malls. The medoid does not contain a shopping mall. However, about 12 of the 75
patches have a shopping mall within, but with low dependence of the retail on it. These patches come in
two flavors: the first one is the chain supermarket surrounded by street-level retail, and the second one
is the two or three-story plaza with a supermarket. These plazas are popular in Singapore and are not a
proper shopping mall because they do not contain many shops or restaurants, but do contain
establishments that offera range of services such as dental, repair of appliances or foot massages.
This medoid group contains all the patches from the k-means Group 14 ('The Retail with Chain
Supermarket'), plus three patches from the k-means Group 4 ('The Small Shopping Mall with a
Supermarket Chain') and four from the Group 15 ('Patches of Street-Level Retail without Malls or Any
Anchor Store'). In summary, the patches are medium-size in the number of establishments that they
contain; their uniqueness is the combination of various types of retail with a supermarket. These
facilities could be located at the street-level or in small plazas.

Group 8 (n=36): The Hawker Center with Retail
The distinctive attributes of this group are the large level of diversity by type, the high degree of
compactness, the large number of establishments and the presence of Hawker centers. The medoid
contains 163 establishments. For the medoid, the proportion of food is 0.350 and the proportion of
shops is 0.288; the rest corresponds to services, which represents almost a third of the establishments.
Every patch in this group has an AUC for Hawker Centers greater than 0.5, indicating a positive
dependence of retail on the food markets. A few patches even contain a shopping mall or a chain
supermarket. In summary, patches in this group correspond to one or various Hawker centers
surrounded by retail and shops.
This medoid group contains all the patches from the k-means Group 13 ('The Hawker Center Surrounded
by Shops and Other Retail'), two patches from Group 7 ('The Mid-Size Shopping Mall') and an isolated
case from Group 8 ('The Collection of Shopping Malls').

Note on the Results of the K-Medoids Patch Types
Figure 45 shows in a map the results of the k-medoids. The buffers represent the boundaries of the 93
places derived with the SpotRank scores from Friday. The points represent the POls or commercial
establishments of Google API. The legend in the map indicates the color code that corresponds to each
DBSCAN patch.
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Figure 45. K-Medoids Clusters on Friday in the 93 SpotRank Places.

After having explored the results of the k-medoids clustering and after comparing them against the
classification obtained through the k-means clustering, we conclude that the grouping of the two
methods is consistent with systematic variations in the patches of commercial establishments across the
expressed dimensions in the data of POls. The two methods consistently identify five distinctive
collections of patches, regardless of the number of clusters and algorithmic method. The first collection
or group corresponds to the biggest commercial attractions in the island; we could either separate the
11 attractions into two groups or merge them into a single one that includes Bugis Junction and the
intersection of Orchard Rd and Scotts Rd. The second group corresponds to midsize shopping malls,
which represent important commercial hubs spread across the city. The third collection of patches is
that of hawker centers surrounded by various types of shops and retail. The fourth group is that of
street-level retail or small plazas with a chain supermarket that could operate as an anchor store.
Finally, the fifth group corresponds to small and midsize patches that combine various retail with
different proportions between food and shops, without any presence of anchor shopping mall or other
major store. The two clustering methods agree in identifying the first four collections of patches. The
main difference between the two is in the classifications of the fifth group of combined street-level
retail. The k-medoids amalgamate those patches into a smaller number of clusters, while the k-means
group them into a bigger number of groups.
Before concluding this chapter, we will conduct a last exploration of the SpotRank places against the
clustering results of the two methods, linking our findings with the typologies that we developed in
Chapter 4 using the EZ-Link data. We rely on the clustering of medoids for this exploration as we are
mainly interested in the distinction between large, midsize and small commercial areas using a fewer
number of groups.

Composition of the SpotRank Clusters by the Type of Patches Within
In the last section of this chapter, we explored the combination of patches of retail within the 93
SpotRank places by the k-medoids typology. We compared such composition against the typology of
places that we derived in Chapter 4 from the EZ-Link data. Our goal in this section is not to look at
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specific patches of retail as before, but to look at the combination of those patches across the SpotRank
places.
In the analysis of Chapter 4, the SpotRank places of Bugis, Orchard Road, Vivo City and Downtown
emerged as the biggest attractors of non-work trips in transit. Let us explore the k-medoid composition
of the patches within those four places, to see if we can identify a combination in the spatial
configuration of retail that tells us why they are so unique. We will start with Bugis to use it as a
benchmark for the other cases.
Figure 46 presents the DBSCAN patches of the SpotRank place definition of Bugis. The boundaries of the
place, delimited by the buffer with the black outline, correspond to the same limits as in Chapter 2 on
Friday. The boundaries comprise Bugis itself and the neighborhood of Little India. In Bugis, two elements
are remarkable. First, the eight clusters from the k-medoids have at least a patch in Bugis, which is very
infrequent. In other words, the place contains a range of patches from all groups. Second, the patches
occupy almost all the space within the buffer. The buffer encompasses a large area and has a radius of
one kilometer. In spite of its large size, we observe patches everywhere within the buffer. These two
elements are uncommon and we only observe a similar configuration in the place of Downtown. The
other SpotRank places combine fewer types of patches from the k-medoid clusters or these patches
concentrate at a specific zone of the buffer. The empty zones without commercial patches typically
correspond to residential areas. Bugis is unique because most of the space is dedicated to commercial
activities; a vast offer of consumption, services and amenities spreads across the different patches of
the various types.
In Figure 46, the patch with the 'Large Commercial Area' in the South of the SpotRank place corresponds
to Bugis Junction, which is one of the largest and most attractive commercial areas in Singapore.
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Figure46. K-medoid groups in Bugis.
In Figure 46, we can identify four patches of'Midsize Shopping Malls'. The area of Arab and Beach Road
appears in the category of 'Midsize Shopping Malls' despite the large number of street-level

establishments of retail. This occurs because the patch contains four shopping malls and the AUC is
positive due to the presence of those malls. Little India contains two adjacent patches of 'Midsize
Shopping Malls'. Little India contains eight contiguous shopping malls supplemented by other retail
along street corridors. One of the corridors is found along Mustafa Centre. We also find a hawker center
with retail, patches with retail and supermarkets, and other patches of mixed retail. In summary, the
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SpotRank place of Bugis contains a number of differentiated spaces. These spaces consist of the large
and attractive commercial area in Bugis Junction, the midsize shopping malls forming corridors, and the
various other patches of mixed retail. This suggests that Bugis is a place with a wide offer of services and
activities catering to people from various lifestyles and budgets.
The SpotRank place of Downtown is similar to Bugis in that it contains k-medoids clusters of every
category. First, it contains a 'Large Commercial Area', which corresponds to the shopping mall of Raffles
City and the surrounding area. Second, it encloses four 'Midsize Shopping Malls'. Third, a large corridor
of 'Hawker Center with Retail' extends from Chinatown to Raffles Place. This corridor has the presence
of various shopping malls and hawker centers, combined with street-level retail. Finally, a very large
cluster of retail in the category of 'Midsize Shopping Malls' is at the zone of Tanjong Pagar. The patches
of commercial establishments also fill most of the space in the SpotRank place of Downtown, and the
patches represent all the medoids' groups.
Orchard Road differs from Bugis and Downtown in two characteristics. First, the POls of Orchard Road
do not fill all the space of the SpotRank buffer; they rather concentrate along the corridor of Orchard
Road and encompass the area of Robertson Quay. The area between Orchard Road and Robertson Quay
is residential, but it also contains open space and civic buildings. The corridor of Orchard congregates a
number of patches, but around fewer categories than in Bugis. Almost every patch along the corridor
belongs to the category of 'Large Commercial Areas'; only two patches are not from this group, which
are Paragon and Mandarin Gallery. Second, we observe few patches of mixed retail or of retail with
restaurants in locations slightly outside of the corridor, such as in parallel streets. Orchard Road is the
only place in Singapore with a gigantic corridor of patches from the group of 'Large Commercial Areas'.
We do not observe any other space or place with such configuration of retail.
Vivo City is a SpotRank place with a relatively small radius of 350 meters, which contrasts with the bigger
places of Bugis, Downtown and Orchard Road. However, Vivo City contains a shopping mall in the
category of a 'Large Commercial Area', because of the density and diversity of its establishments and the
presence of department stores. In the SpotRank place of Vivo City, we find three smaller patches next to
the shopping mall, which pertain to the groups of 'Retail with Supermarket', 'Retail where Food
Predominates' and 'Mixed Retail'. In contrast to Downtown, Orchard and Bugis, Vivo City is a single
shopping mall that falls into the category of the 'Large Commercial Area', without being accompanied by
other major patches. We know that Vivo City is the largest shopping mall in Singapore; anecdotal
evidence indicates that it is a major attraction. However, by looking exclusively to the spatial
configuration of retail, no element suggests that Vivo City would be a non-work destination with a
similar level of appeal as Orchard Road or Bugis. The retail configuration of Vivo City resembles more to
places such as Jurong East, Serangoon or Tampines. Further research is needed to understand the
elements that make Vivo City unique besides its retail configuration. Presumably, its geographical
location in the central area, along with the very good connectivity with the most important metro lines
and elevated rail to Sentosa, increases the attractiveness of the place as a prime non-work destination.
In addition to Downtown, Bugis, Orchard Road and Vivo City, we identified a set of four SpotRank places
that contain a DBSCAN patch from the group of 'Large Commercial Areas', which represent major points
of attraction for non-work trips. These places are Jurong East, Tampines, Serangoon and Marine Parade.
Jurong East and Tampines are regional centers. The 1991 Concept Plan envisioned the development of
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regional commercial centers in the northern (Woodlands), eastern (Jurong East) and western (Tampines)
parts of the city to decentralize activity and trips from the core area (U. R. Authority, 1991a).
Interestingly, the regional center of Woodlands does not contain a patch with a 'Large Commercial Area'
as the other two regional centers do. By contrast, two zones of the city, which are not in the central area
and are not regional centers, contain patches of "Large Commercial Areas': Serangoon and Marine
Parade. These are two most interesting cases for exploring what elements are behind their large
commercial offer and who their audiences are.
In general, the pattern that we find in Jurong East, Tampines, Serangoon and Marine Parade consists of
having a patch with a 'Large Commercial Area', accompanied by one or two patches of 'Retail with
Supermarket', and another number of smaller patches with mixed retail or restaurants spreading across
the residential areas of the buffer. The case of Marine Parade is fascinating because the place did not
show as a top attractor of non-work trips in Chapter 4, but it has an atypical spatial configuration of
retail. Marine Parade is the only place in addition to Bugis, Orchard or Downtown that combines a patch
of 'Large Commercial Areas' with one of 'Midsize Shopping Mall'. The midsize shopping mall represents
three shopping malls adjacent to each other, which combine with other retail along a strip corridor on
East Coast Road. This is an uncommon pattern and an indicator of the importance of Marine Parade as a
non-work destination, despite not showing as a top attractor of non-work trips in the EZ-Link data. The
zone of Marine Parade does not have an MRT stop. Perhaps the majority of the trips to this area is not in
transit; this would be the reason why the place did not show as a top attractor of non-work trips sin
Chapter 4.

Figure 47. K-medoid groups in Marine Parade.

Figure 47 shows the DBSCAN patches and their corresponding medoid group in Marine Parade. The
large commercial area comprises the shopping malls of Parkway Parade and Parkway Centre plus mixed
retail and a hawker center in the same patch. The 'Midsize Shopping Mall' actually consists of a strip of
restaurants and bars along the East Coast Rd and Joo Chiat Rd. This strip includes a supermarket and
three small shopping malls that cater to difference audiences: Katong V, Kathong Shopping Centre and
Katong 112.
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Let us move to a different common pattern that we observed in the k-means and k-medoids. It consists
of places combining a patch of a 'Midsize Shopping Mall' with patches of 'Hawker Center with Retail',
with patches of 'Retail with Supermarket', and/or with mixed retail. This configuration is very common
in suburban hubs of activity. Figure 48 presents the SpotRank place of Boon Lay and the k-medoids
groups of its DBSCAN patches. Boon Lay is a representative case to illustrate this type of pattern. The
place is located in the West region of the island; it comprises various projects of high-density social
housing, and it is accessible to the industrial area in that region of the island. Actually, the area that
surrounds where the midsize shopping mall is located is a popular spot amongst low-skill immigrants
from India and Bangladesh to gather over weekdays and weekends after work (Ye, 2013b). In Figure 48,
we can observe in Boon Lay the combination that we mentioned between a 'Midsize Shopping Mall', a
'Retail with Supermarket', a 'Hawker Center with Retail', and other smaller patches with mixed retail
and food. The smaller patches are located either at zones of jobs or residential. We find this type of
combination in other places such as Bukit Batok, Bukit Panjang, Woodlands (the regional center referred
to before), Sembawang, Ang Mo Kio, Sin Ming, Bishan, Toa Payoh, Balestier, and Geylang.
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Figure 48. K-Medoid Groups in Boon Lay.
The difference between places such as Tampines, Jurong East, Marine Parade or Serangoon, and places

of the current pattern that we are describing lies in the scale of the commercial area. The size of the
commercial area is an important piece of information regarding the type of visitors that arrive to the
facility. For instance, the former places represent major commercial areas in the city. Those major areas
are financially viable and sustainable only if they can attract the trips not only of the workers and of the
residents of the area, but of the visitors who do not live and work in the area. By contrast, the
commercial areas of places such as Boon Lay, Woodlands, Ang Mo Kio or Geylang have a smaller scale; it
is the midsize shopping mall with other retail and supermarkets. These commercial areas are viable only
if they are able to allure at least a number of visitors from other zones. Given the density of their retail,
these commercial zones would not survive by attracting only the residents of the immediate area.
Interestingly, the places that have this pattern in the patches happen to be located at major
intersections of transit lines, having a high level of accessibility from surrounding residential and work
areas.
A third interesting pattern by the combination of patches is the place that only contains a 'Midsize
Shopping Mall', without comprising any other big patch of major retail such as hawker centers, malls or
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supermarkets. Places that exhibit this pattern are Jurong West, Choa Chu Kang, Yew Tee, Kovan, Tanah
Merah, Senkang, and the East Coast. Generally, these places are at distant locations from the core of the
city and in residential neighborhoods. For instance, these cases with isolated 'Midsize Shopping Malls'
that we find in Jurong West, Choa Chu Kang and Yew Tee are surrounded by social housing projects. By
contrast, the mall in Tanah Merah is in the neighborhood of Simbang Bedok, which is comprised mainly
by low-density upscale housing. The 'Midsize Shopping Mall' has the size-scale to attract visitors from
other places, not only the residents of the neighborhood. Nonetheless, these places do not contain a
wide offer of activities catering to different needs or lifestyles.
A fourth pattern in the data is to have a large patch of establishments from the group of 'Retail with
Supermarket'. In addition, a number of other smaller patches that could pertain to the category of
'Hawker Center with Retail' or to mixed retail fill the remaining space within the SpotRank buffer. Figure
49 presents the place of Yishun as an illustrative case of this pattern. The reader can notice from the
figure, the points of retail with supermarket that appear as orange. Actually, such patch represents a
small plaza that contains the supermarket, a few shops, and a vast offer of food. Additionally, we find in
Yishun a patch of mixed retail in a zone of residential social housing, plus two other small patches of
restaurants spread in the buffer area. We find this type of pattern, sometimes with a variation that
includes a Hawker Center too, in places such as Beauty World, Botanic Gardens, Chai Chee, Pasir Ris,
Marsiling and Kallang.
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Figure 49. DBSCAN patches for the SpotRank Place of Yishun.

Holland Village, Bedok and Clementi are unique cases; the configuration in the commercial patches of
these places share similarities with the patterns of places such as Yishun. Holland Village is a popular
destination for the wide offering of restaurants and bars that it concentrates. The neighborhood used to
be a zone of expats years ago. Today, it is a popular destination amongst both expats and locals. The
boundaries of the SpotRank place of Holland Village comprise not only the ancient zone of expats, but
also the office space of Buonavista, the innovation district of One North, the zone of bars and
restaurants of Holland Village itself, and other projects of private and social housing in the area.
Clementi is one of the largest towns of social housing in Singapore; it is located in the West side of the
island. Bedok is a community in the East of the island that is mostly residential; it combines a large
development of terrace low-density private homes with high rises of social housing. Holland Village,
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Clementi and Bedok are unique because three elements combine in these three places. First, the
boundaries of the places are big, with a radius of around 800-1000 meters. Second, within those big
SpotRank buffers, the patches with a 'Retail with Supermarket' are marginal; those patches are located
in a small area of the buffer. Third, a large offering of food, which is found either in patches of retail
where food predominates or in patches of 'Hawker Center with Retail', is abundant in these three
places. We do not observe a larger density of food establishments at places other than Clementi,
Holland Village and Bedok, without being complemented by other patches with major attractions such
as a midsize or a large shopping mall.
We need a further exploration to other sources of data to identify who the visitors to these food
facilities are, what is their profile and where do they come from. In Chapter 4, the EZ-Link data showed
that Clementi and Holland Village belong to the group of places that receive a large proportion of
visitors to the number of workers and residents in the area. By contrast, Bedok was a suburban place
that attracted a number of non-work trips mainly consisting of same residents and immediate
neighbors.
Finally, a last pattern worth mentioning is the one of places with a small SpotRank radius (about 300
meters) containing a number of patches of mixed-retail. These patches contain only a small number of
establishments, and they occasionally comprise a hawker center with retail. However, these SpotRank
places do not encompass shopping malls or plazas with supermarkets. Places with this pattern are
Changi Business Park, the Stadium, Alexandra, West Coast Link, South Lakeside, Chinese Garden, Toh
Tuck, Keat Hong, Kathib, Stevens and the Gleneagles Hospital, among others. Figure 50 illustrates the
case of Kathib, which is a representative case of this pattern.
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Figure 50. DBSCAN patchesfor Kathib.
The SpotRank place of Kent Ridge is an interesting case because it shares traits with this pattern, but at

the same time it has a degree of uniqueness. The exceptionality of Kent Ridge is that the radius of the
SpotRank buffer delimiting the SpotRank places is very wide (1 kilometer); the other places with this
pattern have a restricted radius to less than 300 meters. In the case of Kend Ridge, the location of the
National University of Singapore (NUS) and the National University Hospital within the boundaries of the
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place explain the uniqueness of Kent Ridge in the configuration of its retail. The place contains a number
of patches of mixed retail and food spread across the NUS campus, without a major anchor mall.

5.5. Conclusions
The configuration of retail and the hierarchy of the places of Singapore are reminiscent to the Central
Place Theory from geographical economics. Central Place Theory is a geometrical model of location, size,
nature, and spacing of activity. The seminal work of this theory was conducted in the first half of the
twentieth century by German geographers Christaller and L6sch, but several other authors have
contributed to it since then (Brian J L Berry & Garrison, 1958). According to this theory, different
locations of a city or region present different levels of centrality. The level of centrality affects the
hierarchical position of place, and such hierarchical position determines the provision of goods and
services offered at the location. Under the hierarchical level of centrality of places, specialized services
or goods would occupy the most central location in space. As the degree of specialization of the services
or goods decreases, the facilities offering them are located in less central places.
In the Central Place Theory, three elements explain the emergence of a hierarchy of central places: the
economies of agglomeration, the market share of the firms, and the cost of transportation. The
economies of agglomeration refer to the internal increasing returns to scale that firms obtain by locating
in spatial proximity to each other. The market share states that firms seek the best location, in such way
that they balance the cost of transportation of their customers and the profits of their visits. By the
composed effect between economies of scale and the market share, we would expect a landscape of
firms clustering together in different sub-centers of a city or region, which is exactly what we have
observed in Singapore through this chapter (Brakman, Garretsen, & Van Marrewijk, 2009).
The cost of transportation and the market share are the two key elements to anticipate a hierarchical
configuration of the space. On the one hand, consumers seek to minimize the cost of transportation in
the trips that they need to make. On the other hand, a business to be profitable overtime needs a
market area of customers. To stay in business, the market area of a good or service must be large
enough to attract a sufficient number of customers. Therefore, the key element defining the
geographical size of a market area is the regularity in which consumers visit the market place searching
for a given good or service. For instance, suppose music consumers visit the Opera on an irregular basis,
only once a year, then the Opera requires a very large market area to attract a large number of
customers and still be profitable. This market area is maximized only if the Opera is located in the most
central location of the city. By contrast, suppose that people do grocery shopping on a very regular basis
of at least once a week. Then, grocery stores can make profits with a smaller market area and groceries
know that customers would attend the closest facility searching fortheir goods. As a result, grocery
stores are located in a lower level of the hierarchy of places, occupying various sub-centers in the outer
regions. In summary, according to the Central Place Theory, specialized goods or services would locate
in the center, in the higher level of spatial hierarchy of a city or region. By contrast, as goods become
less and less specialized, they become available at various sub-centers in the outer space (Brian Joe
Lobley Berry, 1967).
Singapore is reminiscent of this classic theory because we observe a hierarchical pattern of places by the
way they combine the patches of retail. A hierarchy of places by the density and diversity of the offer of
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services and goods emerges, where the top of the hierarchy is central Singapore through the places of
Bugis, Downtown and Orchard Road. This pattern did not happen by chance; it is rather the product of
careful planning and the evolution of the island from the ancient port. A number of studies have
documented the influence of the principles of central place theory on the planning of land use in
Singapore, especially after the Concept Plan of 1991 (Ibrahim & Peng, 2005; Zhong et al., 2014b). Every
new town of social housing in Singapore is provided by planning with an endowment of services and
retail. Similarly, the government has encouraged the provision of more specialized services and goods in
regional centers and sub-centers.
In Chapters 4 and 5, we have observed that Orchard Road, Bugis, Downtown and Vivo City are the major
attractors of non-work trips and have the largest commercial areas in the city. The first three places
contain large commercial areas plus a unique combination in the patches of retail. In the case of
Orchard, it is a massive commercial corridor chaining together the patches of several already large
commercial areas. Bugis and Downtown are unique in the diversity of the patches that they contain,
where every medoid group is represented. These three places occupy the highest levels of the spatial
hierarchy of Singapore.
A step down from the top, the places of Jurong East, Tampines, Serangoon and Marine Parade (Vivo City
could rather fit onto this category, depending on the criterion that we use) occupy the next level in the
hierarchy of places. Next, we find the regional sub-centers that combine midsize shopping malls with
chain supermarkets and other mixed-retail, such as Woodlands or Yishun. Finally, in the bottom echelon
of the hierarchy, we have those small patches of retail in residential areas, in places such as Kathib.
There are no surprises about this hierarchical organization of places; it is something logical and
expected. The interesting part is that we reach this conclusion from an atypical path: we first derived
our own definition of places using a scanning algorithm on the SpotRank data, then we explored the EZLink data on transportation, and after, we explored the spatial configuration of retail within our places.
In the end, our representation of non-work destination in Singapore agrees with the classic theory of
centrality.
However, our findings differ in various ways from Central Place Theory. First, the theory does not
consider non-work trips, despite trips to retail having a non-work character. Because of this omission,
the theory does not consider activity, making the implicit assumption that people travel to retail
facilities from home. Things get more complicated in real life. Travelers make locational choices for nonwork activities as part of their daily schedule. The activity pattern and the location of both home and
work affect their destination choices. In summary, various elements such as urban form, the location of
jobs, time and activity-based trips affect destination choice for non-work activities. In the weekends, the
trips from home to the different places follow what Central Place Theory would predict. By contrast, in
the weekdays, the activity patterns and the location of jobs affect the destination choice. In the
weekdays, it is hard to say whether the top four attractors of non-work trips in Singapore drag a large
number of visits because of their central position in the hierarchy of the places or because these places
are conveniently located where the jobs are and people pass through to go home after work.
Second, the majority of the non-work visits, at least in transit, to Bugis, Downtown and Orchard Road
are of workers in the same area. I bet that the purpose of these trips is in a search of common activities
such as shopping or eating after work (we will return to this point in Chapter 7). They stop by these
central locations not looking forspecialized services, as Central Theory would predict. On the one hand,
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visitors rather stop simply because the places are conveniently located from the workplaces or homes.
On the other hand, visitors stop because these central places have a large diversity and a wide offering
of retail, shops and services. Thus, the places attract a wide spectrum of lifestyles and social
backgrounds.
Our analysis shows that Bugis, Orchard Road, Downtown, and the other major commercial areas have an
internal structure of retail, with specific combinations in the types of patches that they contain.
Generally, these patches are not specialized by activity. If popular places have a distinctive trait, it would
be diversity and not specialization by activity. Popular places are attractive because they have
something to offer to people from different social or lifestyle backgrounds. For instance, large
commercial zones contain various patches, which more than specializing into an activity they rather
seem to specialize into a specific audience of people. For instance, in a large commercial zone as Marine
Parade we find the shopping mall with a full range of activities that attracts mainly middle-income
workers, supplemented by the hawker center serving lower income people, and by an upscale
commercial area catering to expats and youth. To us, a popular non-work destination in Singapore is a
place that can concentrate a wide offering of services, goods or activities, in such a way that the same
space could cater to various lifestyles and income levels. A place is popular not for attracting people
from every corner of the island, but for attracting people from various social backgrounds and lifestyles,
in both weekdays and weekends.
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Chapter 6
Relationship of Hedonic Prices of Housing
and Popular Non-Work Destinations
6.1. Introduction
The goal of this chapter is the exploration of the impact of our characterization of place on housing
prices. We draw from the typologies of places, derived in the two preceding chapters, for exploring the
relationship between housing prices and proximity of housing units to different types of commercial
non-work destinations. The chapter is comprised of five sections. The first one is an overview of the
housing market in Singapore. It is relevant forthe reader to know the regulations and institutions that
affect the offer of housing to understand the sub-type of units and market segmentation into public and
private. The second section describes the data for the analysis, which consists of private transactions
and resales of public housing. The third section fits a set of benchmark hedonic models, where the
natural logarithm of the housing prices is regressed on housing characteristics and zonal attributes. The
models from the third section will be our point of comparison for the findings in sections four and five.
The fourth and fifth sections fit alternative specifications of hedonic price models, incorporating
variables that measure the impact of proximity to commercial zones or SpotRank places on the final
price.

6.2. Housing Policy in Singapore
In Singapore, about 91 percent of the households are home owners, which represents the third largest
homeownership rate in the world (Trading Economics, n.d.). The state of Singapore holds legal rights on
80 percent of the land, while 82 percent of the households live on social housing. The public tenure of
land in Singapore facilitates the implementation of plans there. This high rate of home ownership and
the large proportion of social housing are the result of a unique arrangement between market forces
and the government regulation of the land (Haila, 2016).
Three statutory official boards regulate the use of land: the Urban Redevelopment Authority (URA), the
Jurong Town Corporation (JTC) and the Housing Development Board (HDB). The URA is the national
planning authority of Singapore, responsible for allocating the land for residential, industrial and
commercial uses. URA offers land under government ownership on 99-year leases for commercial, hotel
and private residential developments, and 60-year leases for industrial sites, in some special cases under
a freehold regime. The usual sale method of allocation is executed through public auction. SLA sells land
to the statutory boards HDB and JTC, where the Chief Valuer determines the price. The HDB is the
institution for social housing provision, while the JTC is the public authority responsible of producing
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industrial space and its accompanying infrastructure. The Ministry of National Development oversees
the work and coordination of these three statutory boards for the endowment of public housing,
infrastructure and public works. The URA specifies a number of rules to prevent speculation with the
land. First, a developer must complete the project within the period agreed in the contract; second, it
prohibits the sub-sale of a whole project to a single third party purchaser before completion (Haila,
2016; Huat, 2011; Soh & Yuen, 2011b).
It is common that the housing authority redevelops HDB towns older than 30 or 40 years old. Typically,
such redevelopment occurs at higher densities; residents receive market value compensation and get a
new replacement flat with a 99-year lease subsidized price. The guiding planning principle for the HDB
estates is to create self-sufficient towns with diverse mixed-retail that offer consumption alternatives
and access to services such as urgent health care or ATMs. The HDBs adopt various sizes. The smallest
units are the studios, which cater to elderly residents (sold on 30-year leases instead of the usual 60year contract). There are also options of units with one, two, three, four, and five rooms. Finally,
executive condominiums (EC) are a special hybrid case between public and private ownership, because
private companies develop and sell this type of unit under strict eligibility criteria with government
subsidies. In 2014, there were almost a million HDB units in Singapore, from which 24 percent
corresponded to 3-rooms, 39 percent to 4-rooms, 23 percent to 5-room, 7 percent to executive
condominiums, and the rest to studios or 1-room (Haila, 2016).
Typically, households purchase an HDB unit using their Central Provident Fund (CPF) as a backup for the
mortgage. The CPF is a compulsory savings plan of individualized accounts for workers to fund their
retirement, healthcare and housing needs. HDB allocates the housing units through a schema of BuiltTo-Order (BTO). In the past, HDB built dwellings in advance, and allocation was according to the turn in
the queue. This worked well until the Asian Financial Crisis in 1997, which caused people to withdraw
from the queue and left HDB with unsold flats. In 2002, HDB switched to the BTO system where buyers
ballot for the chance to select a housing unit and make a down payment. Then, HDB proceeds to build a
project when the majority of the flats are reserved. After purchasing an HDB unit, owners can offer it in
the resale market after a ban period of between 5 and 10 years. The market defines the price of resale,
although the buyer must meet the eligibility criteria to complete the purchase. Another important
element that affects the new sale or resale price of a flat is whether it is located in a mature state.
Mature states are old and long established estates (sometimes already redeveloped); they receive a
premium because they sit in the central area of town, have good access to jobs and transportation, and
public services are well consolidated (Haila, 2016).
In Singapore, the private market of housing coexists with the social-public regulated one. Private
housing represented 18 percent of the total supply as of 2016 (Mi Diao, Leonard, & Sing, 2017). It is
common to observe private housing in land adjacent to the HDB estates. URA and HDB sell or lease
those plots to private developers. Generally, proximity of these private plots to HDB estates guarantees
access to services and amenities such as Hawker Centers. Private housing is divided into landed and nonlanded property. Landed property is sub-divided into the subtypes of semi-detached, detached and
terrace houses. Non-landed property consists of condominiums, apartments and executive
condominiums. There is no restriction in foreign ownership for these types of properties, except for
executive condominiums and for certain apartments. The executive condominiums are the same hybrid
type as of the HDBs, which are restricted to Singaporean citizens and permanent residents. Foreigners
can purchase apartments only at projects of buildings more than six stories tall. The difference between
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condominiums and apartments lies within the type of amenities in the building and in the height of the
buildings. Condominiums have at least a swimming pool and a gym, while the buildings have a greater
number of floors. Singaporeans can use the CPF to buy private housing as well (Cheng, 1990; Haila,
2016). After this overview of the housing market of Singapore, we will now describe the data for
analysis.

6.3. Data
Our data on housing transactions come from three sources. The first one is the REALIS dataset, which is
a real estate information system managed by the Urban Redevelopment Authority (URA). REALIS
contains the records of the transactions of private units, including the transacted price, the date of the
transaction, along with the characteristics of the flat, such as area, floor number, type of unit, and the
age of the building. The data available to this project by URA comprises the period between January
2001 and January 2017; it reports 355,765 transactions of landed and non-landed property. The source
of the second dataset is the HDB and it reports 110,125 transactions of resales of social housing flats
occurred between 2011 and 2017. HDB resales report the transacted price in Singapore dollars, area of
the dwelling unit, the date of the resale, the age of the unit, the floor number and the type of unit.
The source of our third dataset, to be merged with the previous two sources, is the typology of place
that we built in Chapters 2 and 5. The SpotRank places or buffers that we defined in Chapter 2, and the
typologies of commercial patches defined in Chapter 5, supplement the former two datasets. The HDB
and REALIS datasets report the postcode of the transacted unit. In Singapore, a postcode roughly
corresponds to a building or block. There are more than 100K postcodes in Singapore, which entail a
high level of spatial granularity. In the spatial dimension, these postcodes are represented as a point
layer dataset with latitude and longitude. To merge the postcodes of the transacted units to the buffers
of the SpotRank places, and then to the patches of retail, we performed a spatial joining operation to
merge the different layers. In the case of the SpotRank places, we used the boundaries of the canonical
Friday to remain consistent with the typologies of places that we derived in Chapter 5.
For the k-medoids, we computed the Convex Hull Polygon from the points of commercial establishments
of the DBSCAN patches. Then, we split those polygons into eight different files, one for each
corresponding k-medoid group. We computed the distance of a postcode to the closest DBSCAN patch
of each group. Our final dataset of postcodes contained eight extra columns, which represented the
distance of the postcode to the closest patch of each of the k-medoid groups as we defined them in
Chapter 5.
For the transactions of the housing units, we adjusted the prices by inflation to reflect Singapore dollars
of 2009. The next section addresses a number of hedonic models that require a number of zonal
variables that measure the accessibility of the unit to transportation and amenities, such as distance to
the closest Mass Rapid Transit (MRT) station, distance to the nearest bus station, distance to shopping
malls, distance to the top primary schools and distance to the expressway. We obtained the Shapefiles
with the transit network, bus stops and expressway from the Onemap for various periods (S. L.
Authority, 2016) and from the Land Transport Authority (LTA). Using Geographic Information Systems in
'R', we generated the Euclidian distances from each postcode to the different facilities for the following
three periods. The first period corresponds to transactions prior to 2008, for which we used cartography
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from 2008 to compute the Euclidean distances to the closest facilities. The second time frame of the
data corresponds to transactions between 2008 and 2013, for which we relied on cartography from
2012. The third time frame corresponds to transactions after 2013, for which we used the cartography
from 2016.
Finally, we assembled these layers together to create two independent final datasets: one for HDB
resales and one for the REALIS transactions. Each transaction in the final datasets reports the
corresponding SpotRank Buffer and DBSCAN patch if the housing unit fell into one, and the values of the
respective postcode amenities. About 39 percent of the private transactions and 54 percent of the HDB
resales had a corresponding SpotRank buffer. The next section details the architecture of the hedonic
price models.

6.4. Hedonic Price Models
Our Hedonic Price Model is an Ordinary Least Squares (OLS) regression with temporal fixed-effects by
yearly quarters (Xiao, 2017).
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Ln(Y) is the natural logarithm of the price of unit i
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/3o is the intercept
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Ln(Ai) is the natural logarithm of the area of unit i
fl is the coefficient of the natural logarithm of the area
Xki pertains to the set of K variables representing the characteristics of unit i, such as the floor
number, the age of the unit, the mature or not mature estate of the project for HDBs, and the
freehold status for private units.
3
A belongs to the set of K estimated coefficients for the characteristics of the units
Zmi belongs to the set of M variables capturing the zonal amenities and measures of
accessibility, such as the distance to the MRT, distance to bus stops, distance to top 30 primary
schools in Singapore, distance to expressway, distance to shopping malls, and a utility-based
measure of accessibility
fm represents the group of coefficients for the M variables of the zonal amenities
Dti corresponds to the set T of yearly quarter dummies to control for seasonal effects in the
prices

ft is the group of coefficients of the quarter dummies

ei is the error term of unit i.
In summary, the model specification of the OLS contains four building blocks of independent variables:
1) the natural logarithm of the floorarea of the unit, which is a main predictor of price; 2) attributes of
the housing unit other than area; 3) measurements of accessibility to consumption and transportation at
the zonal level; 4) fixed-effects with temporal controls by quarters.
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As part of the measurements of accessibility at the zonal level, a variable with important predictive
power on prices is an activity-based measure of accessibility. This measure of accessibility builds on
Random Utility Models (RUM), where the variable consists of a log-sum of the utilities of the alternatives
among respondents of an origin-destination transportation survey, the Household Interview
Transportation Survey (HITS) of 2012. We rely on the work and calculations of Adnan, Pereira et al. for
this variable computed under the framework of SimMobility (2016). For the average accessibility for
each one of the Transport Analysis Zones (TAZ) in Singapore, we computed the average log-sums of the
households represented in the transportation survey, multiplied by their expansion factor. For these
average log-sums by TAZ, we assumed a hypothetical scenario of varying home locations across each
TAZ, conditional on the given and fixed workplace of the head of the household. In summary, this
variable reflects the average degree of accessibility of each TAZ given the utilities of the survey
respondents.
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Figure 51. Measure ofAccessibility: average of the utility based lag-sums of workers with a fixed work location and a varying

home location

across the 1169 Transportation Analysis Zones (TAZ)

in Singapore.

Figure 51 shows the value of the log-sums across TAZ in Singapore. The reader might notice that the

group of TAZ in the central area possess the greatest values of accessibility. These values gradually
decrease from the central area, forming a pattern of concentric circles towards the outer regions of the
map. Accessibility in Singapore reaches its highest value at the central areas of town, as we would
expect given the larger transit and car infrastructure in place at the core of the town.
A criticism to hedonic price models is the omitted variable bias (Guo, Zheng, Geltner, & Liu, 2014), which
is the omission in the model specification of relevant independent variables to explain the outcome
variable. The problem is that the error term captures the effect of the omitted variables, which
correlates with both the dependent and independent variables, biasing the estimates of the coefficients
of the other independent variables (Wooldridge, 2015). This is an identification problem due to the lack
of an external and independent source of variation. We would need an experimental design or an
instrument to obtain unbiased estimates of the coefficients for the independent variables. In the model
that we present in this section, we believe that including the variables that measure proximity to
popular non-work hotspots accounts for a portion of the omitted variable bias. Nonetheless, even under
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the best scenario, we will not remove the omitted variable bias entirely. This is a limitation that we
should bear in mind when interpreting our results. Our estimates are a valid tool for prediction but not
an element to infer causality.
There is plenty of literature on Hedonic Price models; multiple different specifications have been
proposed and tested (Xiao, 2017). In this chapter, we do not pretend to reinvent the wheel of hedonic
price models. By contrast, we draw from previous work, especially from the research of Mi Diao on
Hedonic Price models in Singapore using the same REALIS dataset as he did (M. Diao, Ma, & Ferreira,
2015; Mi Diao et al., 2017; Mi Diao, Qin, & Sing, 2016). Our contribution consists of extending Diao's
models, first, to encompass HDB units, and second, to measure the association of proximity of dwellings
to non-work destinations and housing prices. In the remainder of the current section, we present the
estimated coefficients of a benchmark classic hedonic price model, where independent variables are the
characteristics of the unit and the zonal variables of accessibility. Table 19 contains the estimates of the
models across types of units for private transactions, while Table 20 refers to the estimates of the
version for HDB resales of different dwelling sizes.
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Table 19. Estimates of the Hedonic Price Model Coefficients for Private Units.

ln(area)
Freehold

Accessibility

schoolsl1km.

distmallkin

mrt_200m

mrt200_400m

expressway200m

bus200_400m

bus>400m

age_unit

(ageunit)^2

missing age

floornumber

(floor number)A2

Condo very
small

Condo
small

Condo
medium

Condo
large

Condo
very large

Apt
very small

Apt
Small

Apt
medium

Apt
Large

Apt
very large

Terrace

Semi

Detached

FC

0.919***

0.873***

1.111***

0.840***

0.655***

0.723***

1.011***

1.124***

0.479***

0.468***

0.887***

0.705***

(0,027)

0.916*
(0.020)

1. 141 ***

(0.015)

(0.011)

(0.0 11)

(0.019)

(0.017)

(0.025)

(0.057)

(0.021)

(0.007)

(0.011)

(0.010)

(0.004)

0.189***

0.188***

0.228***

0.183***

0.286***

0.052***

0.114***

0.163***

0.160***

0.075***

0.172***

0.120***

-0.028

(0.007)

(0.007)

(0.004)

(0.003)

(0.003)

(0.005)

(0.006)

(0.006)

(0.012)

(0.020)

(0.006)

(0.008)

(0.019)

3.790***

3.972***

*

Dependentvariable:

5.826**

4.665***

5.065***

3.123***

4.325***

4.179***

4.754***

10.282***

0.985***

5.491***

3.460***

2.345***

(0.097)

(0.088)

(0.057)

(0.043)

(0.043)

(0.102)

(0.109)

(0.117)

(0.235)

(0.342)

(0.094)

(0.132)

(0.278)

(0.049)

0.052***

0.057***

0.014***

0.019***

-0.020***

0.006

0.013***

0.029***

-0.002

-0.015

0.064***

0.056***

0.025**

-0.061***

(0.006)

(0.005)

(0.003)

(0.002)

(0.002)

(0.004)

(0.004)

(0.004)

(0.008)

(0.011)

(0.005)

(0.006)

(0.011)

(0.001)

-0.026***

-0.064***

-0.025***

-0.021***

-0.083***

-0.091***

-0.096***

-0.108***

-0.107*-*

-0.179-**

0.011***

0.027***

0.035***

-0.022***

(0.003)

(0.003)

(0.001)

(0.001)

(0.001)

(0.002)

(0.002)

(0.003)

(0.005)

(0.007)

(0.002)

(0.003)

(0.005)

(0.002)

0.070***

-0.046***

0.003

-0.055***

-0.100-*

-0.034***

-0.045***

-0.067***

-0.184***

-0.206***

0.010

-0.187***

0.225***

-0.027***

(0.008)

(0.008)

(0.004)

(0.003)

(0.003)

(0.007)

(0.006)

(0.008)

(0.016)

(0.026)

(0.044)

(0.034)

(0.055)

(0.007)

0.049**

0.090***

-0.008**

-0.017***

0.036***

0.105***

0.100***

0.052***

-0.076***

-0.121**

0.063-*

-0.008

-0.046**

-0.007**

(0.006)

(0.007)

(0.003)

(0.002)

(0.002)

(0.004)

(0.005)

(0.005)

(0.011)

(0.019)

(0.010)

(0.012)

(0.023)

(0.003)

-0. 109***

-0.036***

-0.048***

0.006***

-0.048**

-0.008'

-0.055***

-0.076***

0.022**

-0.072***

-0.027***

-0.140-*

-0.093***

-0.031***

(0.006)

(0.005)

(0.003)

(0.002)

(0.002)

(0.005)

(0.006)

(0.006)

(0.010)

(0.016)

(0.009)

(0.013)

(0.020)

(0.002)

0.090***

0.015***

0.051***

0.040***

0.112***

0.052***

0.130***

0.127***

0.111***

0.109***

0.034-*

0.022***

0.120***

-0.022***

(0.005)

(0.006)

(0.003)

(0.002)

(0.002)

(0.003)

(0.005)

(0.005)

(0.008)

(0.012)

(0.004)

(0.006)

(0.011)

(0.002)

0.035***

0.I33***

0.141 ***

0.250***

0.660***

0.I94***

0.261***

0.435***

0.203***

0.096***

0.258***

0.136***

0.301***

-0.034***

(0.011)

(0.021)

(0.013)

(0.014)

(0.014)

(0.017)

(0.022)

(0.022)

(0.024)

(0.024)

(0.011)

(0.010)

(0.014)

(0.003)

-0.009*

-0.007***

-0.018-

-0.019***

-0.030***

-0.014***

-0.034***

-0.036***

-0.038***

-0.028***

-0.016***

-0.010***

-0.024***

0.009**

(0.001)

(0.001)

(0.0003)

(0.0002)

(0.0002)

(0.001)

(0.001)

(0.001)

(0.001)

(0.002)

(0.001)

(0.001)

(0.003)

(0.0005)

0.0002***

0.0002-

0.0004-

0.0004***

0.001***

0.0003***

0.001-

0.001***

0.001***

0.0003***

0.0003***

0.0002***

0.0003***

-0.001***

(0.00003)

(0.00001)

(0.00001)

(0.00000)

(0.00000)

(0.00002)

(0.00001)

(0.00001)

(0.00002)

(0.00004)

(0.00001)

(0.00002)

(0.00004)

(0.00003)

0.064***

-0.066***

-0.076-

-0.073***

-0.177**'*

-0.040***

-0.117***

-0.146***

-0.197'**

-0.256***

-0.124***

-0.008

-0.286***

-0.026

(0.009)

(0.010)

(0.005)

(0.004)

(0.004)

(0.005)

(0.007)

(0.007)

(0.013)

(0.021)

(0.008)

(0.014)

(0.029)

(0.023)

0.003-

-0.001

0.003***

0.006***

0.009***

0.013***

0.013***

0.014***

0.018***

0.014"'

0.005***

(0.001)

(0.001)

(0.001)

(0.0004)

(0.0004)

(0.0004)

(0.001)

(0.001)

(0.001)

(0.001)

(0.0004)

0.0001***

0.0003***

0.0001***

0.0001***

-0.00004**

-0.0001***

-0.00003***

0.00002

-0.0002***

-0.00001

0.00002
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Constant

(0.00002)

(0.00003)

(0.00002)

(0.00003)

(0.00002)

(0.00002)

(0.00001)

(0.00001)

(0.00002)

(0.00003)

(0.00002)

-12.565***

-13.167***

-24.171***

-18.605***

-20.764***

-8.494***

-14.520***

-13.925***

-18.628***

-51.080***

-20.057***

-10.560-

-3.509***

(0.619)

(0.632)

(0.696)

(1.403)

(1.974)

(0.537)

(0.762)

(1.580)

(0.281)

5.806*

(0.563)

(0.525)

(0.348)

(0.251)

(0.251)

Observations

8,362

R2

0.749

10,198
0.603

32,587
0.663

76,010
0.616

54,720
0.703

22,183
0.680

22,639
0.617

22,934
0.593

9,424
0.608

8,221
0.662

24,501
0.563

12,065
0.612

5,935
0.725

18,788
0.893

2
Adjusted R

0.747

0.600

0.662

0.615

0.703

0.679

0.616

0.591

0.605

0.659

0.562

0.609

0.721

0.893

Residual Std.
Error
F Statistic

0.157 (df = 0.193 (df 0.198 (df =
32510)
= 10121)
8285)
840.215***
202.188***
325.094***
(df= 76; (df= 76;
(df= 76;
32510)
10121)
8285)

0.213 (df =
75933)

0.334 (df =
54643)

1,601.153***
(df= 76;
75933)

1,702.858***
(df= 76;
54643)

Note: Fixed effects temporal controlsby quarter. Robust StandardErrors.

0.180 (df = 0.242 (df = 0.258 (df 0.315 (df 0.427 (df 0.278 (df = 0.292 (df = 0.358 (df = 0.073 (df
18712)
5860)
11990)
24426)
= 8144)
= 22857) = 9347)
22562)
22106)
479.197*** 437.738*** 190.962*** 209.678*** 425.301*** 255.239*** 208.356*** 2,082.306***
617.302***
(df= 75;
(df= 74;
(df= 74;
(df= 76; (df= 76; (df =76; (df= 74;
(df= 76;
(df= 76,
18712)
5860)
11990)
24426)
8144)
9347)
22857)
22562)
22106)

.p p* p<0.01
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Table 19 contains a set of models that will serve as a base of comparison with the specifications in the
next section. These benchmark models include attributes of the dwelling, temporal controls, and
variables of zonal accessibility. We explain these model specifications at the time that we describe the
magnitudes and signs of their estimated coefficients. These models have fixed-effects by annual quarter;
standard errors are robust to handle the heteroscedasticity present in the data.
The columns in Table 19 present the estimated coefficients for different sub-types of private units. We
fitted different models for various sizes of apartments and condominiums, and forlanded property. The
first five columns correspond to condominiums with the following floor areas: very small (less than 59
meters), small (60-79 meters), medium (80-99 meters), large (100-134 meters) and very large (more
than 134 meters). The next five columns split the apartments also by size of the unit: very small (less
than 69 meters), small (70-99 meters), medium (100-129 meters), large (130-159 meters) and very large
(more than 160 meters). The breakpoints that define the sub-types of condominiums and apartments
reflect the density distribution of the floor areas. The last four columns of Table 19 correspond to model
fits for terrace, semi-detached, detached and executive condominiums.
It is worth mentioning that we tested different versions of this model split into a number of sub-types by
size and type of housing. For instance, we tested a single model for private units and single models for
condominiums and apartments (with dummy variables specifying the sub-types to allow different
intersects). In the end, a Chow Test proved that the independent variables have different impacts on the
different sub-types of units. The coefficients of the independent variables, and not only the intercepts,
showed differences across sub-types of housing units. Therefore, the best prediction of housing prices
was obtained by sub-setting the REALIS data by the different subtypes as specified in Table 19, fitting a
linear regression for each sub-type. The Chow Test and the analysis of the different model fits suggest
that the housing market is segmented by both the type of unit and the area in Singapore. In other
words, even for units that are condominiums or apartments, the weight of the independent variables
changes with the floor area of the units." This differentiation by sub-types will become more relevant
when we explore the impact of non-work destinations on the diverse segments of the market.
Depending of the sub-type of unit, the models explain between 60 to 90 percent of the variance. By the
magnitude of the estimated coefficients, the two most relevant variables are accessibility and flat area.
For instance, in a small condominium, an increase of one standard deviation in accessibility augments
the price by $100,000 dollars, everything else held constant. Similarly, forthe same type of unit, an extra
meter of space augments the price by $6,000 dollars for the small condominiums. Interestingly, flat area
has a bigger effect on the price of larger units of non-landed property. By contrast, flat area has a
smaller influence on the price for landed property, which typically consists of big dwellings. Floor area is
always a very important predictor of price, but it is more for condominiums and apartments, and it is
even more for the large and very large condominiums and apartments.
We included a number of dummy variables that capture proximity to transportation, schools and
highways to test their association to prices. The first variable is 'schools_1km', which is a dummy that
signals one when a unit is less than one kilometer away from one of the top 30 primary schools in
Singapore, and zero otherwise. This variable is statistically significant and shows a positive sign for the
Despite controlling by age of the unit, the area of the residential units might be picking other effects associated
with age or the cohort because area of the unit is a variable that has changed over decades in Singapore. For
instance, HDB units on average are smaller today than in the forties.
10
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majority of the unit types; only for the very large condominiums and for the executive condominiums,
proximity to top primary schools has a negative effect on price. The variable 'distmall_km' is the
distance of the unit to the closest shopping mall in kilometers; the coefficients of this variable are
statistically significant and negative for the non-landed property. For apartments and condominiums, a
greater distance of the unit to a shopping mall decreases the price of the dwelling. In the case of landed
property, a greater distance from the shopping mall is associated with higher prices.
The variable 'mrt_200m' is a dummy that denotes the cases of units that have a MRT station within a
range of 200 meter in Euclidean distance. The estimated coefficients of this variable present positive
and negative signs, depending on the type of unit; the largest impact is on large and very large
apartments, semi-detached and detached houses. In these types of unit, being less than 200 meter from
the MRT station increases the price of the unit about 20 percent. The variable 'mrt_200 400m' is a
dummy that represents the cases when the unit has a MRT station at a greater distance than 200
meters, but smaller than 400 meters. The variable 'expressway200m' is a dummy with a value of one
when the expressway is at a shorter distance than 200 meters, and zero otherwise. The short proximity
to the expressway has a negative association to prices, perhaps because the noise from the expressway
produces a negative externality on the units in the immediate vicinity. The effect of age and floor
number contain quadratic terms. In the case of age, the net effect is positive: as the unit becomes older,
price declines. The variable 'missingage' is a control for 34 percent of the REALIS transactions that did
not report the age of the unit. To avoid excluding those cases of missing ages from the analysis, but still
considering the age of the unit in the models, we mark them with a dummy. Finally, the floor number
has a positive net effect: units in upper floors obtain a premium in price.
The results of the models from REALIS are consistent with the research of Mi Diao and his findings (M.
Diao et al., 2015; Mi Diao et al., 2017, 2016). In the next section, we will test the impact of proximity to
non-work destinations in this same framework to see how the new variables affect the fit of the models.
Now, we will review the results of the benchmark model that we developed for the resales of HDBs.
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Table 20 contains the estimated coefficients of hedonic prices for HDB resales. In the case of the HDsBs,
the estimated coefficients exhibit systematic differences across the number of rooms. A Chow Test
validated the hypothesis that the market of 1-room HDBs is systematically different from the one with
three, four and five rooms. However, in contrast to the REALIS data of private units, the HDBs within
each sub-type are very homogenous in the flat area. Therefore, we only divided these models by
number of rooms. The fifth model fit (left to right) from the same table correspond to HDB units with 12 rooms, 3-rooms, 4-rooms, 5-more rooms, and executive condominiums. A typical executive
condominium consists of five rooms as well. The adjusted R-Squared ranges from 0.62 to 0.81. The best
fit corresponds to the HDB of 4-rooms, which happens to be the type with the largest number of cases.
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Table 20. Estimates of the Hedonic Price Model Coefficients for HDBs.
Dependentvariable:
hdbl2

hdb3

hdb4

hdb5m

hdbexec

0.438***
(0.024)

0.722***
(0.009)

0.576***

0.812***

0.922***

(0.006)

(0.010)

(0.016)

-0.091

3.953***

4.270***
(0.041)

5.541***

(0.134)

2.697***
(0.042)

-0.0001
(0.005)

0.001
(0.001)

-0.007***
(0.001)

0.010***
(0.001)

(0.003)

-0.021***
(0.002)

-0.008***
(0.001)

-0.014***

-0.018***

-0.020***

(0.001)

(0.001)

(0.002)

0.065***
(0.007)

0.019***
(0.003)

0.052***

0.074***

0.022***

(0.002)

(0.003)

(0.003)

0.004
(0.004)

0.035***
(0.001)

0.041***

0.041***

(0.001)

(0.002)

0.019***
(0.002)

expr essway_200m

-0.027***
(0.004)

-0.028***
(0.002)

-0.023***
(0.00 1)

-0.031***
(0.002)

0.012***
(0.004)

bus2 00_400m

0.068***
(0.012)

-0.002
(0.002)

0.016***
(0.002)

0.031***
(0.002)

0.010***
(0.004)

Age

-0.014***
(0.001)

-0.018***
(0.0004)

-0.027***
(0.0003)

-0.029***
(0.0005)

-0.006***
(0.001)

(age )^2

0.0002***
(0.00003)

0.0003***
(0.00001)

0.0005***
(0.00001)

0.001***
(0.00001)

0.0001***
(0.00003)

other -mature

0.002
(0.011)

0. 196***
(0.003)

0.070***
(0.005)

0. 181***
(0.006)

non_ mature

-0.138***
(0.012)

-0.062***
(0.001)

-0.090***
(0.001)

-0. 116***
(0.002)

floor _number

0.005***
(0.0004)

0.006***
(0.0001)

0.006***
(0.0001)

0.007***
(0.0001)

0.007***
(0.0002)

11.435***
(0.814)

-5.709***
(0.261)

-12.168***
(0.168)

-15.049***
(0.242)

-23.114***
(0.335)

2,435

29.878

36,647

29,009

12,226

0.667
0.666
0.081 (df
29839)

0.818
0.818
0.078 (df =
36608)

0.765
0.764
0.098 (df=
28970)

1,571.143***
(df = 38;
29839)

4,336.145*** 2,477.282*** 655.149*** (df
(df = 38:
(df = 38;
=31; 12194)
36608)
28970)

In(ar ea)
acce ssibility
schools_ 1km
dismallkm
mrt_ 200m
mrt2 00_400m

Constant

Observations
R2

Adjusted R 2
Residual Std.
Error
F Statistic
Note: fixed effects

0.640
0.635
0.069 (df=
2396)
112.252**
(df = 38:
2396)

(0.028)

(0.057)
-0.005

0.625
0.624
0.098 (df
12194)

*P

** P*** p<0.0 1
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Parallel to the private units, the natural logarithm of the floor area is amongst the most important
variables to predict price. For instance, in the case of the HDB 4-room, an extra meter of space costs an
additional $2,757 dollars, all else remaining constant. Accessibility is an important predictor of price as
well. For the HDB units with 4-rooms, a one standard deviation increase in accessibility boosts the price
of the dwelling by $40K Singapore dollars. Interestingly, the coefficient of accessibility is not statistically
significant for HDBs of 1-2 rooms, but it is significant for the other types. For the resale of the smallest
HDB units, accessibility is not a factor to account for, perhaps because of the limited offer of this type of
units in Singapore. Moreover, the magnitude of the coefficient of accessibility grows for larger units.
This suggests that proximity to the central area is not a factor that determines the price of resale for the
small HDB unit, although it is a very important factor when purchasing a resale of a big apartment with
4-5 rooms. This is a logical finding given that the large HDBs house numerous families with jobs and
schools at various locations of the city, who would like to maximize their chances of reaching those
numerous places of work and school. Therefore, large units in the central area receive a premium for
the gains in accessibility.
Proximity to top primary schools is statistically significant, but it has a negligible impact of one percent
on the price. The dummy variables representing the cases with an MRT station in less than 200 meters,
and between 200 and 400 meters, are both statistically significant and have a positive sign; on average,
they increase the price of the unit in between 2 and 5 percent, which is a smaller effect than for private
units. By contrast, a unit that is located at a shorter distance than 200 meters from the expressway has a
price reduction of 2-3 percent. A bus stop located at between 200 and 400 meters from the unit has a
positive and statistically significant effect on the price, except for the HDB 3-rooms. Age has a net
negative effect on the price; the market penalizes older units of social housing.
The variable called 'other__mature' is a dummy with a value of one for the units in the HDB towns within
the planning areas of Central Singapore and Marine Parade. HDB considers the towns in the
administrative planning areas of Central and Marine Parade as special cases that are neither mature nor
non-mature. These special cases correspond to highly desired HDBs for their convenient proximity to
jobs, to the central area, and forthe good accessibility to goods, services and amenities in the central
area of the island. The category of reference for the dummies of mature is the 'mature' variable in the
dataset, which represents the estates of Ang Mo Kio, Bedok, Bishan, Bukit Merah, Clementi, Geylang,
Kallang Whampoa, Pasir Ris, Queenstown, Serangoon, Tampines and Toa Payoh. The dummy variable
'nonmature' represents the remainder of the towns. The coefficient for the HDBs in Marine Parade and
Central Area is positive, statistically significant and has a large magnitude. For a 3-room HDB in the
planning areas of Marine Parade or Central, the price is 20 percent higher as compared with the same
unit in a mature estate. Similarly, for a small HDB of 1-2 rooms, the price is 14 percent higher if the unit
is located within a mature estate rather than within a non-mature. The coefficient of the floor number
of the unit is positive; higher floors receive a premium in price.
In summary, the OLS for the HDB resales have a good predictive power, especially for the large units
with four and five rooms. These models from
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Table 20 will be our benchmark to observe the effect of non-work destinations on the predictive power
of the estimates. The next sections address such comparisons.

6.5. Impact of SpotRank Places on Hedonic Prices
As mentioned before, classic hedonic models in the literature typically include variables that represent
the attributes of a flat, the zonal characteristics of accessibility, proximity to amenities, or all of these
elements combined. In this section we will explore the residuals of our benchmark hedonic models
across the SpotRank places that we presented in Chapter 4, using the data of the canonical Friday.
In the previous chapters, we have explored the transit patterns and the commercial establishments
across the 93 SpotRank places. As a result, we have already identified the most important non-work
destinations and what their attributes are, such as for Orchard Road, Bugis, Downtown, Vivo City and
Tampines, among others. Accordingly, the purpose of this section is to analyze the residuals of the
models across places to find out whether the hedonic models systematically over or under predict
housing prices for important SpotRank non-work destinations. In total, 39 percent of the private
transactions fall within a SpotRank buffer on the date of Friday, while for the HDBs this proportion is 54
percent. The percentage within the SpotRank buffers is higher for HDBs than for private units by land
use design. Keep in mind that the HDBs are high-density residential developments located in mixed land
uses, and in proximity to transportation hubs and other amenities. The spatial-temporal scanning
window on the SpotRank data is more likely to detect locations with high residential density than the
lower-density private developments.
Let us start by exploring the residuals of the benchmark models. Figure52 plots the density distribution of
the residuals from the OLS for private transactions and HDB resales. For simplicity, these plots condense
the residuals of the different segments and do not disaggregate the units by sub-type. In general, the
residuals are distributed normally and center at zero. On average, private units are more expensive and
have larger residuals than HDBs.
Pdvabt TwuacnsHB

sBS

swen

-

w---uns...

1

N 331f

nsr4wifO

04

13N.

110125

05

Mu
.00M?7

Figure 52. Distribution of the Residuals for private and HDB dwellings (units in Singapore millions of dollars).

The problem emerges when we analyze the residuals across places: they no longer distribute normally
and center at zero in every SpotRank place. For a number of cases, especially for private dwellings, the
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benchmark hedonic models systematically over or under predict the prices of the dwellings at given
SpotRank locations. Figure53 illustrates this problem with the examples of the SpotRank buffers of
Tampines (left pane) and the Sixth Avenue (right pane). The y-axis represents the predicted price, while
the x-axis shows the observed price. Quantities are in Singapore millions of dollars. The red line in each
of the plots is a 45-degree line. The color code and the legend illustrate the number of transactions
along the axes. Thus, hexagons above the red line correspond to the transactions in which the model
over-predicts the price. By contrast, hexagons under the red line correspond to those transactions for
which our OLS under-predicts price.

Figure53. ObservedPrices versus Predicted Pricesfor private units at Tampines and Sixth Avenue.

Quantities are in Singapore

Millions of Dollars.

For Tampines, our benchmark models over-predict the prices of private units, especially for those that
cost less than one million Singapore dollars. By contrast, forthe place of Sixth Avenue, the model underpredicts the price. The two plots from Figure 53 serve to illustrate the genera I pattern; these are
representative of what we observe in the predicted prices of private and HDB units. We conducted this
same exploration of the residuals across the 48 SpotRank places with more than one hundred private
transactions. In addition, we explored the residuals of the 39 SpotRank places with more than one
hundred HDB resales. Despite the overall model having the residuals centered at zero, we found
systematic deviations in predicted prices by place. This suggests that there are intervening elements at
the geographical scale of the SpotRank place, which affect the price of housing-elements not captured
by the other variables in the benchmark models. These omitted variables are important characteristics
that affect price, which are beyond the attributes of the flat or the zonal accessibility measures. The
omitted variables at the scale of the SpotRank places could be related to various potential elements,
such as proximity to a more detailed representation of attractions or desired places by distinct
audiences. The next section elaborates this problem further.
A model specification that would help clarify the impact of these omitted variables is to include a fixedeffect model with controls by SpotRank place, adding a dummy variable for transactions that occurred in
particular places. This model specification in practice would allow different intercepts of the regression
line by place. This dummy would grasp the place effect, now still captured by the error term.
169

Consequently, we re-ran the OLS for the different sub-types of units, including that dummy variable by
place. Table 21 presents the resulting estimates of this model specification for private transactions across
unit sub-types (with robust standard errors). In the interest of brevity, we do now show the estimates of
the variables already included in the benchmark models, to focus our explorations on the coefficients of
the dummies by place. Nonetheless, the controls for temporal fixed effects and for the dwelling
characteristics are the same as in the benchmark models from Table 19. We highlighted in color gray the
dummies of place with the largest magnitudes.

170

Table 21. OLS estimates of the Hedonic Price modelfor Private transactions, including a dummyfor the SpotRank Places. Computed Robust Standard Errors.
Dependent variable:
Condo very
small

Condo
small

Condo
medium

Condo
Large

Condo
very large

Apt
sa

Apt
Small

Apt
medium

Apt
large

Apt
very large

Terrace

Semi

Detached

EC

Controlvariablesforcharacteristicsofthe dwelling andzonal level of accessibility
Controlvariablesfortemporalfixed efects
d-angMoKio,

0.115***

0.081***

0.181***

(0.015)

(0.008)

(0.011)
-0.255***

-0.328***

0.117***

0.057***

-0.011

(0.050)

(0.050)

(0.007)

(0.012)

(0.026)

-0.141***

-0.172***

-0.118***

0.045***

-0.034

0.080'**

(0.006)

(0.005)

(0.005)

(0.017)

(0.174)

(0.005)

0.:142"

0.19*"

QYW"

(0.014)

(0.008)

(0.006)

-0.153***

-0.111***

(0.014)

(0.006)

(0.003)

-0.194)*

(0.257*)

-0.2759)

-0.241"'

(0.009)

(0.011)

(0.007)

-0.058**'
(0.016)

-0.148***
(0.015)

d-angMoKioCentral

d-angMoKioNorth

d_bukitPanjang

d-botaricGkiens

d_bukitBatok

d_chineseGarden

d_choachuKang

(0.067)

(0.045)

0.085***

-0.010

-0.213***

-0.118**

-0.289***

-0.136***

(0.016)

(0.028)

(0.040)

(0.047)

(0.034)

(0.052)

(0.024)

(0.035)

(0.065)

(0.047)
0.157***

0.041

-0.730***

(0.047)

(0.078)

(0.041)

-0.173***

-0.100***

-0.109***

(0.003)

(0.010)

(0.013)

(0.005)

(0.005)

(0.006)

(0.012)

-0.109-*

-0.040**

-0.269...

(0.009)

(0.005)

(0.005)

0.386***

-0.143***

-0.209***

-0.123***

-0.192***

-0.225*"

-0.388'**

-0.464***

0.003

(0.031)

(0.010)

(0.010)

(0.009)

(0.009)

(0.011)

(0.024)

(0.061)

(0.003)

(044
(0.044)

-0.129

*

(0.045)

0.125***
(0.008)

0.101*"
(0.019)

0.174**
(0.011)

0.209**

0.2110"

0.408"

0.4)*

0.0"5

(0.010)

(0.010)

(0.008)

(0.024)

(0.035)

(0057
(0.057)

-0.273***

-0.136***

-0.118**'

-0.276***

-0.115***

-0.180'**

-0.169*

-0.251***

0.022***

(0.020)

(0.005)

(0.003)

(0.003)

(0.006)

(0.028)

(0.014)

(0.031)

(0.004)

-0.338***

-0.133***

-0.129***

(0.063)

(0.004)

(0.004)
-0.205**

-0.328***

-0.195***

-0.118***

-0.091**

-0.532***

(0.005)

(0.032)

(0.023)

(0.013)

(0.041)

(0.051)

-0.117***
(0.007)

d_chaiChee

(0.037)

(0.026)

-0.133

*

d bishan

(0.032)

(0.009)

d_bedok

d_bugis

(0.035)

(0.006)

(0.005)

0253
(0.053)

(0 1
(0.031)

(0.159"*
(0.042)

-0.036

0.065

-0.250***

(0.025)

(0.059)

(0.040)
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d_clementi

d_eastCoast

0.080...

-0.095***

-0.073***

-0.133***

-0.247***

-0.244***

0.096***

-0.034

-0.484***

(0.028)

(0.012)

(0.009)

(0.005)

(0.005)

(0.046)

(0.011)

(0.025)

0726f-

a.t7

(0.110)

Q215" 11
(0.012)

(0.009)

(0.011)

(0.011)

(0.006)

(0.008)

(0.014)

(0.025)

(0.037)

(0.190)

0.021*

-0.048***

0.117***

0.045***

0.120***

0.241***

0.244***

0.204***

0.278***

0.140***

0.057***

0.042***

-0.004

(0.012)

(0.010)

(0.006)

(0.005)

(0.005)

(0.010)

(0.013)

(0.015)

(0.017)

(0.034)

(0.012)

(0.015)

(0.026)

(0.017)

(0.020)

ogir-(0.020)

(0.010)

(0.013)

(0.012)

00-'
(0.020)

W
(0.035)

(0.084)

(0.040)

(0.053)

(0.009)

(0.007)

(0.007)

(0.005)

(0.007)

(0.007)

(0.016)

(0.025)

(0.019)

(0.031)

(0.116)

0.593***

0.199***

4_iolandfW1jc
(0.029)

(0.032)

~

,.-l

d_gleneaglesHospital

d_hougang

d jooChiat

d jooSeng

(0.064)

(0.030)

-0.135***

-0.122***

-0.033***

-0.033***

-0.262***

-0.175***

-0.110***

-0.141***

-0.306***

-0.221***

-0.036***

-0.107***

(0.007)

(0.011)

(0.008)

(0.005)

(0.005)

(0.009)

(0.011)

(0.010)

(0.030)

(0.051)

(0.008)

(0.019)

(0.049)

-0.097***

-0.016

-0.093***

-0.178***

-0.289***

-0.061***

0.021

0.191***

-0.170***

-0.088*

-0.021

-0.183***

-0.406***

(0.010)

(0.017)

(0.015)

(0.007)

(0.007)

(0.008)

(0.016)

(0.018)

(0.046)

(0.047)

(0.013)

(0.015)

(0.046)

-0.215***

-0.143***

-0.262***

-0.195-*

-0.336***

-0.087***

-0.159***

-0.039**

-0.153*'

-0.252'**

-0.276***

-0.381**'

-0.429"**

(0.013)

(0.014)

(0.007)

(0.008)

(0.008)

(0.007)

(0.008)

(0.011)

(0.029)

(0.041)

(0.011)

(0.033)

(0.039)

-0.324"*

-0.195***

-0.337"'

-0.578***

d_jurongwest-boonlay
d_kallang

d_kentRidge

d_marineParade

d_marsiling

-0.256'

(0.013)

(0.013)

(0.032)

(0.043)

-0.210*"

-0.229***

-0.241***

-0.348***

-0.584***

-0.040***

-0.177***

-0.156**'

-0.244**'

-0.187"'

-0.906**

(0.008)

(0.010)

(0.007)

(0.009)

(0.009)

(0.007)

(0.012)

(0.013)

(0.036)

(0.059)

(0.115)

-0.119***

-0.035"*

-0.044***

-0.193***

0.046**

0.092***

0.114"*

0.146"'

0.004

-0.147***

-0.139***

-0.091*

(0.016)

(0.009)

(0.007)

(0.007)

(0.019)

(0.010)

(0.014)

(0.026)

(0.021)

(0.022)

(0.048)

(0.048)

-0.040"'

-0.025***

-0.175***

d_kovan

d_lakeside

N

-1.360"*
(0.103)

(0.013)

(0.008)

(0.008)

-0.070***

-0.121***

-0.043***

-0.010**

-0.317***

-0.096'**

-0.267***

(0.012)

(0.012)

(0.006)

(0.004)

(0.004)

(0.012)

(0.090)

1$$'0~
3*

0.474"'

0.439***

(0.021)

(0.011)

(0.008)

0.392"'
(0.004)

0.00003

-0.014

0.110***

0.088***

-0.050***

-0.043***

-0.069'**

-0.061*'

-0.030*

-0.158***

0.107***

0.024

0.196"*

(0.009)

(0.015)

(0.010)

(0.004)

(0.004)

(0.011)

(0.009)

(0.009)

(0.017)

(0.021)

(0.017)

(0.034)

(0.033)

(0.004)

-0.118***
(0.011)
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d_.orohopAo
d_pasirRis

Q"398

0.458**

0.380"

0,410'**

0.265***

0.223***

(0.010)

(0.017)

(0.008)

(0.006)

(0.006)

(0.005)

-0.137***

-0.012

-0.072***

-0.145***

(0.021)

(0.021)

(0.012)

(0.009)

-0.058***

-0.109'

-0.265***

0.011***

(0.007)

(0.005)

(0.005)

(0.003)
(1019"*

d_pasirRisPark

d_punggQl

ow
(0.037)

-0.113***

-0.126***

-0.087***

0.049***

(0.009)

(0.010)

(0.026)

(0.003)

-0.352*

(0.012)

(0.008)

(0.005)

(0.004)

(0.004)

-0.105***

-0.067***

0.017***

-0.133***

0.143***

0.044***

0.143***

-0.087***

0.421

-0.196***

-0.020

(0.011)

(0.011)

(0.005)

(0.005)

(0.007)

(0.014)

(0.040)

(0.031)

(0.266)

(0.022)

(0.035)

-0.294***

-0.148***

-0.299***

-0.251**'

(0.030)

(0.018)

(0.065)

(0.045)

(0.005)

-0.063

-0.096

-0.015

-0.202

-0.112

(0.070)

(0.085)

(0.034)

(0.126)

(0.159)

-0. 2.

P3$04"'

-0.133*"

-0.144***

-0.654***

-0.340***

-0.243"'

-0.166"*

-0.169"'

462"'

-0.092'"

-0.122***

$t

(0.018)

(0.011)

(0.006)

(0.013)

(0.013)

(0.019)

(0.010)

(0.008)

(0.025)

(0.034)

(0.026)

(0.034)

(0.156)

(0.09)

-0249'

-0.192"

(0.013)

(0.008)

(0.1007
(0.007)

-0.297)

(0.009)

(0.007)

(0.
(0.010)

(1'
(0.016)

(.3
(0.031)

(4- 6
(0.040)

(0.086)

(0.021)

(0.049)

(0.099)

-0.23I"*

-9,48'*

1026*'

-0.47'

-Aw7-

"

QQZ!

~~

)9"

(0.018)

(0.016)

(0.008)

(0.005)

(0.005)

(0.009)

(0.041)

(0.057)

(0.015)

(0.031)

(0.008)

(0.015)

(0.03 1)

0222***

0.125***
(0.043)

0.228***
(0.024)

0.381"*
(0.024)

(0.075)

(0.093)

0.484***

0.591***

d_stadium

(0.011)

(0.011)

12
i0Q

W,.~

0.99

~

QV **
(0.032)

(0.045)

(,315***

0.324***

0.239'**

0.268**

0.202***

0.231***

0.155***

0.411***

0.375*

0.261*"'

(0.048)

(0.027)

(0.013)

(0.013)

(0.014)

(0.024)

(0.030)

(0.037)

(0.054)

(0.037)

0.035***

0.018

-0.095***

-0.086***

-0347"*

-0.110***

-0.022**

-0.183***

(0.013)

(0.024)

(0.008)

(0.016)

(0.016)

(0.010)

(0.010)

(0.021)

-0.026**

0.082***

0.018***

0.001

-0.116***

-0.057***

0.026***

-0.036*

-0.311***

-0.068***

-0.464***

-0.440***

(0.012)

(0.012)

(0.006)

(0.004)

(0.004)

(0.012)

(0.010)

(0.022)

(0.041)

(0.019)

(0.071)

(0.088)

0.107***

-0.005

-0.053***

0.026"

-0.188***

0.260***

-0.016

0.023

0.034*

0.055

0.030

-0.081

-0.197*"

(0.017)

(0.014)

(0.007)

(0.006)

(0.006)

(0.015)

(0.017)

(0.017)

(0.019)

(0.044)

(0.033)

(0.197)

(0.058)

-0.066***

-0.129***

-0.056**'

-0.083*'

-0.250***

-0.092***

-0.159***

-0.127***

-0.230***

-0.341"*

0.179***

0.135***

0.166***

(0.011)

(0.010)

(0.006)

(0.005)

(0.005)

(0.004)

(0.005)

(0.006)

(0.012)

(0.018)

(0.025)

(0.030)

(0.047)

4_stevens

d_toaPayoh

Ow
(0.130)

40220'*

(0.014)

d_tiongBahru

(0.014)

-0.164!**

d sixthvenue

d_tanahMerah

(0.014)

-0.194***

d_sembawangShoppingCentre

dtampines

57***

wi"
(0.037)

d_sembawang

4_sAeangooun

ow
(0.009)

-0.235***

d_queenstown

d sen gkng

0.206**
(0.007)
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d_westcoastLink

-0.110***

0.007

-0.009

-0.069***

0.258***

(0.023)

(0.007)

(0.006)

(0.006)

(0.015)

d_woodlands

0.110"*
(0.003)

d_yewTee

-0.105***

-0.093**'

-0.078***

-0.197***

-0.070***

-0.136***

0.032***

(0.018)

(0.009)

(0.009)

(0.021)

(0.014)

(0.036)

(0.003)

-0.151***

-0.304**'

(0.004)

(0.004)
0.078***

0.100***

0.153"'.

0.053

-0.117

(0.022)

(0.023)

(0.026)

(0.092)

(0.089)

d_yioChuKang

d-vivoCity

Observations

8,362

10,198

32,587

76,010

54,720

22,183

22,639

22,934

9,386

8,219

24,499

R2

12,061

5,935

18,788

0.859

0.747

0.746

0.716

0.759

0.806

0.724

0.669

0.700

0.748

0.618

0.640

0.752

0.906

Adjusted R2

0.857

0.744

0.745

0.716

0.758

0.805

0.723

0.668

0.696

0.745

0.616

0.637

0.748

0.906

Res id ual Std. Frror
F Statistic
Note: Robust StandardErrors

0.118 (df = 0.155 (df = 0.172 (df 0.183 (df = 0.301 (df= 0.140 (df
8261)
10088)
= 32471)
75889)
54599)
= 22079)
501.887***
273.058*** 828.267*** 1,597.729*** 1,431.936*** 889.315***
(df = 100;
(df = 109; (df = 115; (df = 120;
(df = 120; (df = 103;
8261)
10088)
32471)
75889)
54599)
22079)

0.205 (df 0.233 (df 0.277 (df 0.369 (df
= 22529) = 22825)
= 9276)
= 8112)
543.092*** 428.022*** 198.147*** 227.300***
(df= 109; (df= 108; (df = 109; (df= 106;
22529)
22825)
9276)
8112)

0.260 (df 0.281 (df 0.341 (df 0.068 (df=
= 24393) = 11959)
= 5833)
18703)
375.249*** 210.711*** 175.179*** 2,148.080***
(df= 105; (df= 101; (df= 101; (df = 84;
24393)
11959)
5833)
18703)
*p

p*p<0.01

174

A first element to notice in Table 21 is the improvement in the Adjusted R-Squared as compared with the
Benchmark models from Table 19. The goodness of fit for condominiums and apartments improves
considerably. The improvement forlanded property and executive condominiums is minimal. Table22
shows a comparison of the Adjusted R-Squared between the benchmark models and the new improved
specifications with the SpotRank places.
Table 22. Comparison of the R-Squares between Benchmark models for private transactions.
Adjusted R-Squared

Benchmark

Models with

Models

Dummies by
SpotRank Place

Condo (very small)
Condo (small)

0.747
0.600

0.857
0.744

Condo (medium)

0.662

0.745

Condo (large)

0.615

0.716

Condo (very large)

0.703

0.758

Apt (very small)

0.679

0.805

Apt (small)

0.616

0.723

Apt (medium)

0.591

0.668

Apt (large)

0.605

0.696

Apt (very large)

0.659

0.745

Terrace

0.562

0.616

Semi

0.609

0.637

Detached

0.721

0.748

Executive Condo

0.893

0.906

Type of Unit

In summary, the percentage of explained variance increases by at least 10 poi nts for condominiums and
apartments. For landed property, there is also an improvement of 2-4 points, while for executive
condominiums the upgrading is marginal.
From Table 21, we will focus on analyzing the dummies of place across models for the different sub-types
of apartments and condominiums. The highlighted colors that repeat along rows, across different types
of units, suggest that the models systematically fail at predicting the price for specific SpotRank places
rather than for specific types of units. A positive value of the dummy denotes that the units obtain a
premium in price at such location. A negative value of the dummy suggests that expected prices at those
locations are lower by an x amount. Let us take a few places that are representative and have a large
estimated coefficient.
Beauty World is the highlighted place in the top of Table 21. This is a SpotRank place in upper Bukit Timah,
adjacent to the important green area of Bukit Timah Nature Reserve. Two important institutions of
higher education are in close proximity to this place: the Singapore Institute of Management and the
Ngee Ann Polytechnic. This is an area with good access to shopping, restaurants and hawker centers.
The place is very close to the wealthy neighborhood of Bukit Timah. The SpotRank place of Beauty
World is an interesting case because our benchmark models for private-and for HDBs too, as we will
see-consistently under-predict the housing prices for condominiums and apartments in this area. Units
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receive a premium for being at this place. However, the same models over-predict by a severe amount
of dollars the price of housing for semi-detached homes, which explains the negative sign of the dummy
coefficient for such type of unit. For instance, a condominium in Beauty World receives on average a
premium of about 15 percent increase in price for being at this SpotRank place, everything else held
constant. The premium represents 44 percent of the price if it is an apartment. However, the price for a
semi-detached unit is 50 percent lower than at other places for this same type of units. The benchmark
model for semi-detached houses assigns a much higher price for units at this location. The reasons why
the model fails to assign a larger price to condominiums and apartments is clear, and it is because the
benchmark hedonic models neither account for proximity to wealthy neighborhoods nor access to
hawkers or amenities or to the nature reserve. However, it is not clear why the benchmark models
assign such higher prices for semi-detached homes. An explanation of these phenomena could be that
these units have lots of space and, in high priced areas, there are diminishing returns to additional
squared meters of space. Further research is needed regarding this issue.
The comparison of Bugis and Orchard Road is worthy. The dummy variable of Bugis exhibits a negative
coefficient for the different models by sub-type of units. The price of an apartment or a condominium in
Bugis is between 21 and 81 percent lower than if the unit were not within this particular SpotRank place.
The biggest penalties in price are for the largest apartments and condominiums. For instance, the price
for a very large apartment in Bugis is 81 percent lower, on average, than if located elsewhere.
Meanwhile, this price would be 46 percent lower for the very large condominiums. Bugis is an area with
plenty of offerings of restaurants, bars and nightclubs. This suggests that families with children, who
typically occupy the largest apartments and condominiums, do not feel very attracted to live in
proximity to such type of amenities in this area. Orchard Road is the opposite case to Bugis. In Orchard
Road, the benchmark hedonic models under-predict the prices in the zone by a fair amount. For
example, both condominiums and apartments in this place gain a premium, which ranges in between 25
and 60 percent of the price, depending on the type of unit. Moreover, terrace homes in Orchard receive
a premium of 132 percent of the price compared with a terrace elsewhere in the city. The hedonic
model totally fails to capture the planning history of the place and to recognize the importance of
terrace homes from the colonial period on the cultural heritage and magnetism that Orchard still exerts
today. Moreover, zoning constraints on density may affect submarkets differently. Downtown is also an
interesting case, where the dummies of place exhibit a similar behavior as Orchard Road. Benchmark
models at Downtown also under-predict the prices.
The comparison of the hedonic models between Bugis and Orchard Road is interesting because the sign
of the dummy variables of these two places is a relevant piece of information about the different
character of the two places. We did not have this information from the data on transit and commercial
establishments. Recall from Chapters 4 and 5 that Bugis, Downtown and Orchard Road were the most
important attractors of non-work trips in transit, and had the largest density and diversity of commercial
areas. However, the residuals of the hedonic prices for private suggest a different story at these two
places. On the one hand, living in Orchard and Downtown is a desirable condition, for which households
are willing to pay a premium for living in these two areas (especially in large units). On the other hand,
Bugis is an attractive commercial area, in which households do not necessarily want to reside in, but
they still want to go. Why is the character of these three places different despite being major non-work
destinations and having major commercial areas? This is a question hard to answer from the data we
have; the answer is only perceptible through visits to these places. It seems to be the social status and
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stratification of the places. Orchard Road has a diversity of places, but in general, it contains a larger
density of upscale amenities and services. Meanwhile, Bugis place contains the ethnic Indian
neighborhood and Bugis Junction, well-known areas for the large agglomeration of small-scale retail
catering to working class families and the youth.
In addition to the three places previously referred, that is to Orchard Road, Downtown and Beauty
World, the dummies of the places Holland Village, Sixth Avenue, Stevens, Botanic Gardens, Stadium and
East Coast have coefficients that are positive and statistically significant across the different sub-types of
units. Generally, the benchmark hedonic models for these six places under-predict the price for private
housing. In total, these nine places have a special character or a composition of amenities that make
them as attractive residential locations. The variables in the classic hedonic model fail to represent the
underlying attractiveness of these places. An explanation could be that proximity to major parks and
natural reserves affects price and the hedonic models need to account for such factor. We could be
tempted to say that this is the case of the Botanic Gardens, the Bukit Timah Reserve for Beauty World
and Sixth Avenue, and the East Coast Park. However, we do not observe such effect at other two places
that comprise important green areas, such as the Pasir Risk Park or the West Coast Link. Access to parks
is an important amenity when combined with other elements, such as the provision of amenities or the
proximity to wealthy neighborhoods. The remainder of the highlighted places in Table 21 that have
statistically significant dummies show a negative sign for the dummies.
In summary, not accounting forthe non-work amenities orfor any of the factorsthat work at the scale
of the SpotRank places bias the results of the estimates. The overall residuals center at zero and
distribute normally. However, it is generating an under prediction of the prices at the nine locations
referred, and an over-prediction elsewhere. The general pattern that we observe is that the benchmark
hedonic models under-predict the price at the nine locations previously referred, which concentrate 10
percent of the private transactions. For the rest of the SpotRank places, the models balance between
over-predicting the price or doing an accurate forecasting of the price.
The biggest gap between predicted and observed prices occur for the very large condominiums. Four
residential and suburban places for which the benchmark models systematically over-predict price
across sub-types of units besides Bugis are Bedok, Geylang, Sengkang and Serangoon. This suggest that
there are variables that operate at the geographical scale of the neighborhood-which is what our
SpotRank buffers are representing-that affect the price. Therefore, hedonic price models should pay
attention to these important factors in order to develop predictions that are more accurate. Let us
continue by reviewing the results for the HDB resales.
Table 23 presents the results of including the dummy variables of the SpotRank places to the benchmark
hedonic models for HDB housing that were shown in Table 20. The improvement in the adjusted RSquared is much smaller than for the private transactions. The R-Squared increases from 0.63 to 0.68 for
1-2-room HDBs, 0.67 to 0.71 for 3-rooms, 0.82 to 0.87 for 4-rooms, 0.76 to 0.81 to 5-rooms, and 0.62 to
0.72 forthe executive condominiums. The largest increase is for executive units, which are a hybrid of
private units and HDBs. The transactions of executive condominiums shown in the REALIS dataset are
different from the transactions of the HDB resales. Executive Condominiums have a ban period for
resale. After the ban period but before 10 years, they can be resold under the guidelines of HDB resales.
After such period, they can be resold freely in the private market (Haila, 2016). The empty cells in the
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model specification in Table 23 are because we do not observe resales of every type of unit of HDBs
across the SpotRank places.
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Table 23. OLS estimates of the Hedonic Price modelfor HDB resales, including a dummyfor the SpotRank Places. Computed
Robust Standard Errors.
Dependentvariable:
hdbl2

hdb3

hdb4

hdb5m

hdbexec

Control variablesfor characteristicsof the dwelling andzonallevel ofaccessibility
Controlvariablesfortemporalfixedeffects
d_angMoKioCentral

-0.014**
(0.007)

-0.035***
(0.002)

d_beautyWorld
d_bedok
d_bugis
d_bishan

-0.031***

-0.023***

-0.031***

(0.003)

(0.004)

(0.009)

0444**

0.438**

0.418***

(0.008)

(0.006)

(0.008)

-0.044***
(0.007)

0.007***
(0.002)

0.005**

0.040***

0.067***

(0.002)

(0.005)

(0.012)

-0.034***

-0.068***

-0.101***

-0.085***

(0.011)

(0.007)

(0.006)

(0.009)

-0.029***
(0.006)

0.001

0.008*

0.080***

0.141***

(0.004)

(0.005)

(0.004)

(0.006)

d_bukitBatok

-0.003

0.038***

0.046***

-0.021***

(0.002)

(0.003)

(0.005)

(0.004)

d_bukitPanjang

-0.050***
(0.003)

-0.023***

0.004*

0.012***

(0.002)

(0.002)

(0.004)

d_chaiChee

-0. 113***

0.0001

0.057***

(0.007)

(0.012)

(0.008)

0.029***

0.028***

0.084***

(0.003)

(0.005)

(0.006)

(0.006)

-0.004

0.016***

-0.018***

(0.004)

(0.006)

(0.005)

d_chineseGarden
d_choachuKang
d_clementi
d_downtown

-0.028***

0.059***
(0.016)

0.006**
(0.002)

0.031***

0.012**

0.025**

(0.003)

(0.005)

(0.013)

-0.007
(0.039)

0.087***

0. 130***

0.025**

(0.007)

(0.006)

(0.012)

d_eastCoast

0.116***
(0.009)

d-geylang

-0.050***
(0.006)

-0.036***
(0.004)

0.008
(0.007)

-0.013**

0.039***

(0.006)

(0.007)

(0.006)

(0.005)

(0.006)

(0.010)

-0.067***
(0.006)

0.0004
(0.003)

-0.024***
(0.002)

0.001

-0.042***

(0.004)

(0.004)

-0.059***
(0.004)

-0.031***
(0.003)

-0.080***
(0.006)

0.046***

-0.048***
(0.006)

-0.036
(0.024)

-0.062***

-0.113***

(0.007)

(0.013)

d_hougang
djooChiat
d jooSeng

-0.054***
(0.010)

(0.007)
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d_jurongEast

0.057***
(0.008)

(0.009)

0.098***
(0.011)

0.044***
(0.006)

0.007**
(0.003)

0.006
(0.004)

-0.011*
(0.006)

-0.056***

-0.025***

-0.040***

-0.023**

(0.005)

(0.005)

(0.006)

(0.011)

-0.026***
(0.006)

0.009*
(0.005)

-0.015
(0.013)

0.029**
(0.011)

(0.011)

(0.022)

(0.004)

0.018
(0.023)

0.033***
(0.002)

0.052***
(0.003)

0.008
(0.005)

0.058***

0.110***

0.198***

0. 180***

(0.022)

(0.007)

(0.007)

(0.015)

-0.001
(0.005)

-0.043***
(0.005)

-0.066***
(0.011)

0.025**
(0.011)

-0.075***

0.025***

-0.013***

-0.054***

0.022***

(0.010)

(0.005)

(0.002)

(0.003)

(0.004)

-0.037***
(0.002)

-0.050***
(0.004)

0.064***
(0.006)

djurongwestboonlay
d_kallang
d_kathib

d_lakeside
d marineParade
d_marsiling
djpasirRis
d_pasirRisPark
djpunggol

0.062***

-0.060***
(0.010)

0.087***

-0.032***

0.079***

0.089***

0.061***

(0.008)

(0.005)

(0.003)

(0.003)

(0.005)

d-queenstown

0.032***
(0.010)

0.038***
(0.004)

0.084***
(0.004)

0.078***
(0.004)

0.224***
(0.011)

d_sembawang

-0.019*

-0.042***

-0.040***

-0.114***

(0.011)

(0.002)

(0.003)

(0.004)

-0.018***
(0.002)

-0.004**
(0.002)

-0.029***
(0.003)

0.048***

0.113***

0.145***

(0.011)

(0.006)

(0.009)

0.040***
(0.005)

0.037***
(0.004)

0.052***
(0.006)

0.083***
(0.007)

0.002

0.034***

0.086***

0.125***

(0.010)

(0.004)

(0.004)

(0.006)

-0.007
(0.008)

-0.007
(0.018)

-0.092***
(0.019)

d_sengkang

-0.011
(0.013)

-0.044***
(0.005)

d_senkangWest
d_serangoon
d_sinMing
d_southLakeside
d_tampines

-0.099***

0.030***

0.009***

-0.041***

0.026***

(0.024)

(0.002)

(0.002)

(0.003)

(0.003)

d_tanjongPagarTerminal
d_tiongBahru
d_toaPayoh

0.114***
(0.018)
0.051***

0.059***

(0.009)
0.022*

0.037***

(0.005)

0.054***
(0.004)

-0.011

0.005

0.021***

(0.004)
0.022**
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(0.012)
d_woodlands

(0.007)

(0.004)

(0.005)

(0.010)

0.001
(0.009)

-0.058***
(0.001)

-0.074***
(0.002)

-0.055***
(0.004)

0.050***
(0.005)

0.066***
(0.006)

0.030***
(0.009)

d-yewTee
d-yioChuKang

-0.019*
(0.010)

-0.005
(0.008)

-0.026**
(0.010)

d-yishun

0.044***
(0.006)

0.039***
(0.006)

-0.015
(0.020)

-0.054***
(0.013)

29,869
0.710
0.709

36,612
0.869
0.869

28,983
0.815
0.814

12,226
0.722
0.720

Observations

2,435
0.684
0.676

R2

Adjusted R 2
Residual Std. Error
F Statistic

0.087 (df =
28900)
8555 * ( 999.368*** 2,992.599*** 1,549.636*** 477.307***
)85.5512
(df= 73;
(df=81:
(df= 82:

0.065 (df=
2374)
6

0.076 (df 0.066 (df =
= 29795)
36530)

29795)
Note: Robust Standard

Errors

36530)

28900)

0.084 (df
= 12159)
(df= 66:
12159)

P

01

For the HDBs, we do not observe those prevalent differences across the SpotRank places that we
witnessed with the private transactions. In general, forthe resales of the HDBs, factors or variables that
operate at the scale of neighborhoods-not represented by the classic hedonic models-do not affect
much the price of resale. This is what we would expect with the HDBs given, on the one hand, the
restrictions on the resales, and on the other hand, the highly regulated land use for the HDB towns.
These towns and the land surrounding are carefully designed on how it should be used. However, it is
interesting that we observe a systematic under-prediction of the hedonic models for HDB resales at four
places: Beauty World, Holland Village (exclusively for big units), Kent Ridge and Marine Parade.
The case of Beauty World is emblematic because an HDB in this location would have a price about 55
percent higher than if the same unit were elsewhere in Singapore. Interestingly, it was a similar pattern
for private units at this SpotRank place. HDB units at this location receive a large premium. The
explanation of this phenomenon could be that the place is conveniently located between one of the
wealthiest zones in Singapore, adjacent to major institutions of higher education, and with good
accessibility to the entry of the Bukit Timah Nature Reserve.
Holland Village also gains a premium in price for HDBs. As we have mentioned in Chapter 5, Holland
Village used to be the ancient spot for expats, and today is an area with one of the largest density of
establishments dedicated to food. Kent Ridge also receives the premium. The explanation of Kent Ridge
is that it is a desired area for its high accessibility to the major university and hospital from the same
university-major elements not captured in the benchmark models.
Marine Parade is another interesting case because the model did an accurate prediction for private
transactions at this place. However, the model for the HDBs under-predicts the prices of resale for the
different sizes of the units at this spot. For being at this location, the dwellings obtain on average a
premium of 20 percent of the price. The place is attractive because of the access to the East Coast Park,
a number of amenities such as various commercial areas and hawker centers, proximity to the Malay
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heritage neighborhood of Geyland, and good access to the central area of town as well as to the airport
in the east. This area was remarkable in the previous chapter for being a major commercial destination.
The elements that affect the price for private units at these locations are not any unobserved attributes
operating at the scale of the SpotRank place. However, for the HDBs, there are neighborhood
characteristics otherwise unobserved that affect the price of resale. This is after controlling by mature
other estates and for accessibility.
Orchard Road does not appear in Table23 because the SpotRank place defined did not contain any HDB
resales. Actually, there are no HDB defined projects in such area. Meanwhile, the predictions of resale
price for the units in Bugis and Downtown are accurate. This means that the location in central area,
captured by the variable of accessibility, and the area of the flat, are sufficient to build a good prediction
of price at these two central locations. In Bugis and Downtown, no other factors seem to be operating in
the same geographical scale of the SpotRank places to affect the prices of resale of the units within the
same places.
In the next section, instead of including dummies for each of the SpotRank places to the hedonic price
models, we include a number of variables to represent the proximity to the commercial areas of the 8medoid group that we defined in Chapter 5. The objective of the next section is to test the degree to
which the price premiums that we have observed forthe private transactions are due to proximity to
commercial non-work destinations versus other factors.

6.6. Impact of proximity to the commercial clusters of the eight medoid
groups on hedonic prices
In the previous section, we found that the benchmark hedonic models failed to capture attributes or
amenities that depict at the geographical scale of the neighborhoods. The problem is that these omitted
variables affect the prices, especially of private housing. This section incorporates a set of variables that
represent the proximity of the dwellings to the typology of commercial areas from Chapter 5. The
objective is to measure the effect of such variables on the price of the dwellings. Let us revisit this
typology of k-medoids groups of commercial areas from Chapter 5. The medoid groups were the set of
clusters of commercial establishments within the boundaries of the SpotRank places of a Friday, built on
the DBSCAN patches of the points of interest. Each medoid cluster contained a number of patches with
commercial establishments. These groups have a different density, diversity, compactness and
dependence of the retail on the presence of shopping malls, supermarkets and hawker centers. We
bring those clusters from the k-medoids to evaluate the impact that the proximity of a housing unit to
those clusters has on the price. Chapter 5 presented a detailed description of the commercial clusters of
each medoid group, which could be summarized as follows:
*

Group 1. Small patches of retail, where food is predominant

*
*

Group 2. Small patches of mixed retail, forming irregular geometrical shapes
Group 3. Medium size patches of mixed retail, forming regular geometrical shapes

*
*

Group 4. Medium size patches of specialized shops, such as hotel stores or stores at warehouses
Group 5. Largest and most important commercial areas, which comprise a number of shopping
malls and other street-level retail
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*
*

Group 6. Midsize shopping malls that represent relevant commercial areas
Group 7. Supermarkets surrounded by retail. The supermarket could be located on the street or
most commonly is the anchor store in small plazas that also contain various services and other
retail.

*

Group 8. Hawker center surrounded by retail.

To test the impact of proximity of the dwelling units to these commercial facilities on price, we
computed the distance of each housing unit to the closest facility from each of the eight-medoid groups.
Therefore, we generated eight new variables of distance for each transacted or resold unit. Once these
distance measures were computed, we generated a number of variants of the new variables, for
instance, by taking the logarithm of distance or by discretizing the ranges of distance to create dummies.
These variables represent only distance to the patches within the SpotRank places, so parts of the two
elements, the SpotRank place and the commercial patch are captured in the model. We tested each of
the new variables by adding them to the benchmark hedonic models and recording the goodness of fit
at each iteration.
We tested the following specifications in the benchmark models. First, we included eight dummy
variables representing whether a housing unit was in a distance closer to 1 kilometer from the closest
facility of groups one to eight. We tried with threshold distances of 2 kilometers, 1.5 kilometers, 800
meters and 500 meters. The best fit was obtained with the dummy variables of 800 meters, which
reflects the intuition that such non-work amenities exert the largest effect on housing prices at the
geographical scale of neighborhoods. Second, we computed a gravity-type distance decay measure,
which consisted of testing the number of establishments of each group divided by the distance. For
instance, for the closest facility from Group 1 for a given unit x, we computed the number of
establishments from that group in that facility, over the distance of the unit to the commercial patch.
We tried different specifications for the numerators and denominators of the distance decay, including
exponential and logarithmic transformations. None of these last specifications surpassed the fit from the
dummy of 800 meters. Third, we computed the natural logarithm of distance to the closest facility for
groups 1-8, which yielded the highest adjusted R-Squared for the different models. Our final
specification consists of the variables from the benchmark model, just replacing the generic variable of
distance to shopping mall with the eight variables of the natural logarithm of distance to the closest
facility from each of the eight-medoids.
Table 24 presents the estimates of this final specification for private transactions. The controls for
temporal fixed effects, for dwelling attributes, and for zonal characteristics are the same as in Table 19.
The differences are the removed variable of distance to shopping malls and the removed fixed effects by
SpotRank place. The variable called log (g] dist) refers to the natural logarithm of distance from the
dwelling units to their closest facility from group 1. The g] indicator in the name of the variable serves
to identify the medoid groups. In this case, Groups 5, 6, 7, 8 represent the most important commercial
areas, and potential non-work destinations.
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Table 24. OLS estimates of the Hedonic Price modelfor Private transactions, including distance to the closest facility of each 8-medoid group. Robust Standard Errors.
Dependentvariable: log ofprice
Condo
(55mt)

Condo
(70mt)

Condo
(90mt)

Condo
(115mt)

Condo
(160mt)

Apt
(45mt)

Apt
(85mt)

Apt (I15mt)

Apt
(145mt)

Apt (190mt)

Terrace

-0.013***
(0.002)

0.003
(0.002)

-0.019***
(0.003)

-0.017***
(0.004)

0.023***
(0.006)

Semi

Detached

EC

0.013***

-0.001

-0.053***

0.029***

(0.004)

(0.006)

(0.011)

(0.001)

Control variablesfor characteristicsof the dwelling andzonal level ofaccessibility
Control variablesfortemporalfixed effects
-0.069***
(0.001)

log (gl_dist)

-0.013***
(0.003)

-0.068***
(0.003)

-0.049*** -0.039***
(0.002)
(0.001)

-0.015***
(0.004)

0.012***
(0.002)

-0.005***
(0.001)

0.004*** -0.012*** -0.019***
(0.001) (0.001)
(0.001)

-0.019***
(0.002)

-0.047***
(0.003)

-0.052***
(0.003)

-0.106***
(0.007)

0.029***

-0.046***

-0.002

-0.037*

log (g2_dist)

(0.004)

(0.006)

(0.010)

(0.001)

0.048***

0.102***

0.055***
(0.001)

0.117***
(0.001)

0.009***

0.021***

0.040***

0.096***

0.036***

0.145***

0.178***

-0.018*

(0.004)

0.055***
(0.001)

0.002**

(0.004)

(0.001)

(0.002)

(0.003)

(0.004)

(0.007)

(0.003)

(0.007)

(0.016)

(0.001)

-0.009***

-0.006**

0.018***

0.004*** -0.007***

0.010***

0.034***

0.041***

0.045***

0.041***

0.036***

0.032***

0.066***

-0.016*

(0.013)

(0.001)
-0.007**
(0.001)

log (g3_dist)

log (g5_dist)

(0.003)

(0.003)

(0.001)

-0.094***
(0.003)

-0.094***
(0.004)

-0.111***
(0.002)

(0.001)

(0.002)

(0.002)

(0.005)

(0.009)

(0.002)

(0.005)

-0.087*** -0.207***
(0.001) (0.001)

-0. 101***
(0.004)

-0.062***
(0.002)

-0.099***
(0.004)

-0. 115***
(0.006)

-0. 135***
(0.006)

-0.080***
(0.004)

-0.045***
(0.007)

-0. 169'*
(0.012)

(0.001)

(0.001)

0.021***

0.004***

0.015***

0.014*** 0.035***

0.005***

0.012***

0.008***

0.019***

0.030***

-0.007***

0.048***

0.055***

0.001*

log (g6 dist)

(0.001)

(0.001)

(0.001)

(0.001)

(0.001)

(0.001)

(0.001)

(0.001)

(0.002)

(0.003)

(0.002)

(0.004)

(0.007)

(0.001)

0.024***
(0.003)

0.019***
(0.002)

0.014*** 0.070***

0.015***

0.027***

0.024***

0.020***

0.057***

-0.010***

-0.047***

0.004

0.011***

log (g7dist)

0.048***
(0.003)

(0.001)

(0.001)

(0.002)

(0.001)

(0.003)

(0.005)

(0.003)

(0.006)

(0.010)

(0.001)

-0.069***

-0.100***

-0.057***

-0.064*** -0.109***

-0.020***

-0.046***

-0.007***

-0.016***

-0.007

-0.017***

-0.038***

-0.135***

-0.007***

(0.002)

(0.003)

(0.005)

(0.002)

(0.004)

(0.009)

(0.002)

-53.999***
(1.988)

8.797***
(0.910)

-19.373***
(1.130)

7.744***
(1.932)

0.906***
(0.319)

8,221
0.750
0.748

24,501
0.584
0.582

12,065
0.647
0.645

5,935
0.767
0.763

18,788
0.908
0.907

Constant

Observations
R2

Adjusted R 2
Note: Robust
StandardErrors

(0.001)

(0.003)

(0.003)

(0.002)

(0.001)

(0.001)

(0.001)

(0.002)

-0.605
(0.644)

-1.201*
(0.695)

-10.520***
(0.391)

-4.370***

1.923***

0.136

-10.844*

-13.531***

(0.308)

(0.308)

(0.796)

(0.852)

(0.972)

-22.759***
(1.679)

8,362
0.807
0.805

10,198
0.696
0.693

32,587
0.724
0.723

76,010
0.677
0.676

54,720
0.779
0.779

22,183
0.695
0.694

22,639
0.635
0.634

22,934
0.617
0.615

9,424
0.658
0.655

*

P*P**<0.01
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We started by comparing the goodness of fit between the results of our latest specification (Table 24)
against those from the benchmark models (Table 19). We also compared them against the version with
the dummies of the SpotRank places (Table 21). Table 25 summarizes the comparison in the goodness of fit
for these models, across the sub-type of units.
Table 25. Comparison of Adjusted R-Squaresfor three model specifications.

Adjusted R-Squared

Type of Unit

Benchmark
Models

Models with
Dummies by
SpotRank Place

Condo (very small)
Condo (small)
Condo (medium)
Condo (large)
Condo (very large)
Apt (very small)
Apt (small)
Apt (medium)
Apt (large)
Apt (very large)
Terrace
Semi-detached
Detached
Executive Condo

0.747
0.600
0.662
0.615
0.703
0.679
0.616
0.591
0.605
0.659
0.562
0.609
0.721
0.893

0.857
0.744
0.745
0.716
0.758
0.805
0.723
0.668
0.696
0.745
0.616
0.637
0.748
0.906

Models with
natural log of the
distance to closest
facility of kmedoid groups
0.805
0.693
0.723
0.676
0.779
0.694
0.634
0.615
0.655
0.748
0.582
0.645
0.763
0.907

The third column in Table25 reports the goodness of fit from our latest specification. The first column
corresponds to the Adjusted R-Squared for the benchmark hedonic models, while the second one to the
previous specifications of the SpotRank places. The versions with the natural log of the distance are an
improvement over the benchmark models, especially for the condominiums, and particularly forthe
large and very large apartments. It is an improvement also for the semi-detached homes. Nevertheless,
this latest specification performs worse than the versions of the dummies by SpotRank place, specifically
for small and medium size apartments and condominiums. For the very large apartments and
condominiums, and for semi-detached and detached properties, the specification with the natural log of
the distance performs better than both the benchmark models and those with the dummy by SpotRank
place. For the type of units in which the specification with the natural logarithm of distance has a better
fit than that with the dummies of SpotRank places, the proximity to the commercial areas might have an
important effect on price, or at least it would be a confounding variable with other attributes.
Let us focus for a second time on the results from Table 24 to analyze the differences in the estimated
coefficients across sub-type of units and medoid groups. For the log of the distance to the closest patch
from Group 1 (the small patch of mixed retail with a predominant food offerings), the majority of the
coefficients across unit sub-types is statistically significant and has a negative sign. Therefore, as
distance increases to venues from Group 1, the price of the dwelling decreases. The coefficient of the
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variables is positive and statistically significant only for very large apartments, terraces and executive
condominiums. For instance, for a typical condominium of 90 square meters, a 10 percent increase in
the distance to the closest mixed retail patch of Group 1 decreases its price by 0.4 percent (about a $40K
decrease for a $1 million unit). Proximity tothese small patches has a small effect on price, but
statistically it is a significant one.
The coefficient of the log(g2 dist) is also negative and statistically significant across the majority of the
unit sub-types. In general, a smaller distance to patches of this group increases the price. This group
corresponds to the mixed retail with irregular shapes. It is negative for all apartments, while it exhibits a
positive sign for small and medium condominiums, and for terraces. Nonetheless, the effect of this
variable on price is minor.
The estimated coefficients for the variable log(g3 dist) are an interesting case because we observe
positive signs for all types, except for executive condominiums. For the executive condominiums, a
greater distance from these small regular patches of mixed retail is associated with a decrease in price.
However, forthe rest of the types of units, there is a refraction between small patches of retail and
price. The biggest effect is forthe very large condominiums and for the semi-detached and detached
units. For instance, a 10 percent increase in the distance to these facilities augments the average price
of a condominium of 160 meter by 1.2 percent.
The estimated coefficients for log(g4 dist) could be positive or negative, depending the type of unit.
However, despite their sign, the effect on price is small or even negligible. The largest effect occurs at
detached homes, where a ten percent increase in distance is associated with a surge in the price by 0.6
percent. This variable has various effects because this medoid group captures a variety of patches with a
different nature, ranging from clusters of hotel shops to clusters of specialized shops for industry or
manufacturing supplies.
The fifth group of the medoids represents the largest commercial areas of Singapore: Orchard Road,
Bugis, Downtown, Marine Parade, Jurong West and Tampines. This variable is statistically significant and
presents a negative sign for every type of unit. The most fascinating element is that we find a
differentiated effect across unit types. The largest effect arises in medium size condominiums, very large
condominiums, and very large apartments. For these types of units, we expect about a two percent
decrease in price when the distance to the closest and largest commercial area increases by 10 percent.
This is a large effect, which suggest that big non-landed property receives a premium in price for being
in proximity to the most important non-work commercial amenities in town. This is after controlling for
floor area and accessibility. Further refinement of this specification would include interactions between
distance to closest amenity in this group and the SpotRank place dummies. Keep in mind that Bugis had
a negative effect on price, the opposite effect that we found in the other major non-work destinations.
The sixth group-the midsize shopping malls-has positive and statistically significant coefficients for all
unit types, except for terraces. The effect is mild, but distance to commercial patches of this group
correlates negatively with prices. Interestingly, distance to large commercial areas had a negative
correlation with price, but the effect is positive forthe smaller shopping malls. The large commercial
areas represent major non-work destinations, and housing units receive a premium for being located in
proximity to such important amenities. In the case of the midsize shopping malls, there is a negative
association with price of private units. Households living in private housing are willing to pay more for
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living in proximity to the major non-work destinations, but they are not willing to live next door to midsize shopping malls.
The seventh group is a similar case to the sixth one. The coefficient of distance to commercial patches of
this group, which represents the supermarket with retail in small plazas, has a positive sign and is
statistically significant for all the types, except for terraces and semi-detached. However, it is a small
average effect. Price increases as the distance from housing units to these facilities increases. Again,
private units tend to refract from the type of commercial developments of plazas with an anchor
supermarket.
Finally, the eight group of the distance to patches of hawker centers surrounded by mixed retail has a
statistically significant coefficient, negative for all types of units. In general, this effect is small. The
biggest coefficients are forthe small and very large condominiums, as well as for detached. For these
cases, a one percent decrease in price is expected as distance to the hawker centers increases by 10
percent.
In summary, these models of private housing indicate two things. The first one is that the typology of
commercial clusters developed in Chapter 5 efficiently discriminates across different kind of outlets. The
differentiated effect of proximity to distinct types of commercial clusters on the prices suggests that our
method is good at identifying the important commercial non-work destinations that affect price.
Second, the proximity to major commercial areas and to hawker centers surrounded by retail are the
types of amenities that increase the price of a unit. However, the case of Bugis is puzzling because
despite being a major non-work destination, its effect on price is negative when tested as a dummy of
place. This suggests that there should be nuances in our characterization; not all major commercial
clusters are the same. There are factors, most likely associated with the social status of a place, that
affect price. The hedonic models and typology of places do not currently handle those factors and more
research is needed on such important topic. The remainder of this section addresses the case of the
HDBs.
Table 26 illustrates the results of the estimated coefficients of the model specification with the natural
logarithm of distance for the HDB resales. Similar to the model of private transactions, the variables of
control forthe temporal fixed effects and forthe characteristics of the dwellings correspond to the same
specification as in Table 20, except for the excluded distance to shopping malls. The latest specification
replaces this last variable by the eight-medoid variables of distance.
By comparing the goodness of fit between the three versions of the models-the benchmark, the ones
with the SpotRank place dummies, and distance to the 8-medoid groups-we find that the specification
with the SpotRank dummies has the better fit for the HDBs. Nonetheless, as we noticed before, it was a
smaller improvement as compared with the case of private transactions. In the HDBs, the best
improvement of fit with distance to commercial outlets occurs among the executive condominiums. This
suggests that proximity to commercial establishments is an important factor associated with the price of
the private units and with the price of the hybrid executive condominiums. However, the degree of this
association is smaller to HDB resales, once controlled by size and accessibility. This is a reasonable
finding given the heavily regulated market of public housing. For an HDB, other elements than proximity
to non-work destinations matter the most, such as accessibility to transit, floor area and the
mature/non-mature status of the town.
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Table 26. OLS estimates of the Hedonic Price modelfor HDB resales, including distance to the closest facility of each 8-medoid
group. Robust Standard Errors.

Dependentvariable:

hdb3

hdbl2

hdb4

hdb5m

hdbexec

Control variablesforcharacteristicsofthe dwelling andzonal level of accessibility

Control variablesfortemporalfixed effects
log(gldist)

0.010***
(0.002)

-0.0001
(0.0005)

-0.012***
(0.001)

-0.017***
(0.001)

0.0 10***
(0.001)

log(g2_dist)

-0.006***
(0.002)

-0.002***
(0.0005)

-0.001***
(0.0004)

-0.006***
(0.001)

-0.003***
(0.001)

log(g3dist)

0.006***

0.001***

-0.003***

-0.005***

-0.005***

(0.001)

(0.0003)

(0.0003)

(0.0005)

(0.001)

log(g4dist)

0.010***
(0.003)

0.009***
(0.001)

-0.00004
(0.0004)

-0.002***
(0.001)

-0.004***
(0.001)

log(g5_dist)

-0.002
(0.004)

-0.008***
(0.001)

-0.008***
(0.001)

-0.018***
(0.001)

-0.028***
(0.001)

log(g6_dist)

-0.013***
(0.002)

0.003***
(0.001)

0.006***
(0.0004)

-0.002***
(0.001)

-0.007***
(0.001)

log(g7_dist)

-0.007***
(0.001)

-0.0005
(0.0003)

0.0005
(0.0004)

0.003***
(0.001)

-0.005***
(0.001)

log(g8_dist)

0.003***
(0.001)

-0.003***
(0.0004)

-0.013***
(0.001)

-0.022***
(0.001)

-0.053***
(0.002)

Constant

11.63 1***

-6.197***

-8.715***

-8.797***

-9.960***

(0.887)

(0.279)

(0.197)

(0.283)

(0.459)

2,435
0.647
0.640

29,878
0.673
0.672

36,647
0.827
0.827

29,009
0.785
0.784

12,226
0.700
0.699

Observations
R2
Adjusted R 2
Residual Std. Error
F Statistic
Note: Robust
StandardErrors

026889)

0.080 (df= 29832) 0.076 (df= 36601) 0.094 (df= 28963)

0.187 (d)

97.276*** (df= 1,362.251*** (df= 3,888.474*** (df= 2,347.594*** (df= 747.527*** (df=
38;12187)
45;28963)
45;36601)
45;29832)
45;2389)
*

p**

p< 0 .0 I
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Table 26 confirms the limited predictive power of the proximity to commercial areas on the price of the

dwellings. The estimated coefficients are statistically significant, as expected given the large dataset.
However, their magnitude is very small. For instance, a ten percent increase in the distance to
commercial clusters of Hawker centers generates an expected increase of the price of a 5-room HDB by
0.2 percent. The coefficient of the variable proximity to the largest commercial areas in town has the
right signs across unit sub-types, although its effect is small: a greater distance is associated with
diminishing prices. This is what we expected for the HDB resales. As we mentioned before, land use
policies regulate not only the location of HDB units, but also the plots surrounding such developments
and even the provision of commercial facilities in the area.

6.7. Conclusions
The most important finding of this chapter is the demonstration that the systematic approach to identify
the SpotRank places and characterize them produces relevant spatial units that have a high degree of
association with the price of private housing in Singapore. The error term captures unobserved variables
in the benchmark hedonic price models. However, the results show that the geometry of the SpotRank
places -and of the commercial patches within- are successful in capturing a fraction of those
unobserved attributes highly correlated with price and presumably also with other independent
variables. The geometry of the SpotRank places is valid because the boundaries truly represent peaks of
human concentration, while the patches of commercial activity have the richness to differentiate
between different hierarchies of place attraction of non-work visits. The improvement in the fit of the
models, after the inclusion of the variables with the typology of commercial patches, demonstrates that
proximity of a housing unit to a major non-work destination positively correlates with price. The fact
that these commercial patches are within the SpotRank places indicates that at least a proportion of the
fixed-effects SpotRank Place association with housing prices is explained by proximity to non-work
destinations.
The linear regression models do not demonstrate causation between the medoid groups and the price.
These estimates are only a proof of correlation of the elements. Confounding variables, captured by the
error term, associated with price and medoids could explain the correlation that we observe between
price, medoids and size of the units. Longitudinal development patters could be a potential explanation
of the correlation. For instance, the size of the units change over time along with the gradual
development of the suburbs could be concurrent factors explaining the variations in the estimated
coefficients for the medoid groups or place fixed-effects and price that we observed across the different
versions of the model by size of the unit.
Nontheless, there are elements or attributes that manifest themselves at the geographical scale of the
neighborhoods, which could be the offerof non-work amenities in the neighborhoods or the social
status of a place. These elements affect the price of private housing in Singapore. The problem is that
typical hedonic models omit the representation of such variables; they rather incorporate variables
either of the micro-scale (e.g. area of the unit or floor number) or of the macro-scale (e.g. zonal
accessibility or distance to the closest bus stop). These models could improve after the systematic
characterization of geographical units that capture fixed effects of place, as demonstrated in this
chapter.
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The problem of omitting those important variables for private transactions is twofold. First, it biases the
estimates of the other coefficients of the benchmark hedonic prices. Second, the OLS produces residuals
centered at zero and normally distributed at the cost of under-predicting the price at nine locations
(Beauty World, Orchard Road, Downtown, Holland Village, Sixth Avenue, Stevens, Botanic Gardens,
Stadium and the East Coast), while over-predicting the value in the rest. The largest over-predictions
occur at places in the suburbs. Beauty World, Holland Village, Sixth Avenue, Botanic Gardens, Stadium
and the East Coast are not central locations. In the case of HDBs, we only notice such similar effect at
Beauty World, Marine Parade, Holland Village and Kent Ridge. Nevertheless, the effect on price for HDBs
is minimum for the rest of the SpotRank places.
A question that remains is to what degree these omitted variables that affect price correspond to a
representation of proximity to commercial non-work destinations. We tested this element as proximity
to the typology of commercial areas that we built in Chapter 5 through the clustering of medoids.
Proximity to large commercial areas and to hawker centers has a positive and large impact on private
housing, especially for the large and very large condominiums and apartments. Units in proximity to
these two types of non-work destinations obtain a premium in price. However, not every commercial
area exerts the same attraction on people. For instance, proximity of units to midsize and small
shopping malls, and to supermarkets in plazas, has a negative influence on the expected price of private
units.
A vein of future research is the aggregation of commercial patches onto SpotRank places to develop a
new patch-based typology or classification of these SpotRank places, and test it with the SpotRank
model. This classification would be based on the patch type composition by place. In Chapter 5, we
hinted about the different composition of the SpotRank places by the diversity and density of the
patches that they contained. However, we did not develop such combined typology of place. However,
such approach is worth pursuing for two reasons. First, it would add to the discussion regarding the
relative importance of proximity to patch-types versus proximity to the SpotRank places to differentiate
between the impacts of each of the two on price. On the other hand, as the commercial patches are
conditional on being within a SpotRank place, currently a confounding effect of place-scale and patchscale effect is present. The classification of the places based on the patch composition would help to
disentangle the two elements.
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Chapter 7
Discrete Choice Model of Non-work
Destination and Transportation Mode
7.1. Introduction
Chapter 6 demonstrated that the systematic approach to identify and characterize places serves to
identify important positive correlations between the typology of commercial patches and the price of
housing, which suggest that proximity to major attractors of non-work trips positively associates with
the price of private dwellings. The current chapter presents the results of a discrete choice model of
non-work destination choice. The objective of this model is to assess the implementation of the
SpotRank places as destination alternatives, and to assess the enriched characterization of the places in
a model that predicts non-work destination choice. An additional goal will be to illustrate that our
methodology to identify and characterize SpotRank places could be extended to statistically represent
richer nested spatial structures of destination choice.
The first section of the chapter conducts a literature review of non-work destination models. It delves
into the literature of activity-based travel demand, and introduces the most typical model specifications
for destination choice -the Nested Logit and the Multinomial Logit-. Then, it discusses the sequential and
simultaneous estimation of the parameters forthose models.
The subsequent section describes the dataset with the choices of non-work activity, which consists of
the non-work trips in the Household Interview Travel Survey (HITS) of 2012. The HITS is the same
database as used in Chapter 2 to validate the boundaries of the SpotRank places against the observed
destination alternatives. The next section outlines the model framework, which follows the structure of
Random Utility Models (RUM). First, we fit a benchmark model using the HITS, considering the Transit
Analysis Zones (TAZ) as destination alternatives. The benchmark model is the starting point of
comparison with the richer specifications with SpotRank and medoid groups that come later. Second,
we fit such model with the same database but with the SpotRank places as destination alternatives.
Then, we discuss the fit and evaluate the contribution to the literature of non-work activity. The final
section takes a deeper look at the non-work and non-lunch trips of fulltime workers to analyze the
internal validity of the HITS dataset for exploring non-work travel. The last section presents our
conclusions and suggests future work.

7.2.

Literature Review

The literature of statistical models to predict non-work destinations is prolific and embodies an
important component of the broader literature in activity-based travel demand. According to this
literature, daily activity patterns, transportation mode, scheduling of travel and the destination choices
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are interdependent elections of the decision maker; one element or decision affecting the others (Bhat
& Koppelman, 2003). Likewise, preceding and succeeding activities that are part of the daily pattern,
affect the selection of the alternatives regarding the mode choice of travel, the time-of-the-day for the
activity, the activity itself, and its destination. As a result, the selection of destinations is a choice
component interrelated that involves purpose, time and mode (Bhat & Koppelman, 2003). The setback
of this approach is the complex probabilistic functions that it entail to represent such interdependency
of the choices, which contains a large number of parameters to estimate. Likewise, it involves a large
number of alternatives to consider in the choice sets. Theoretically, this type of activity-based model
should be estimated simultaneously to account for the interdependencies across elements, but in
practice they are often estimated sequentially to handle the computational effort required (Adler
Ben-Akiva, 1979).

&

Adler, Bowman and Ben-Akiva contributed to seminal work on activity-based travel demand,
representing activity patterns, time-of-the-day, destination and mode choices as an enormous nested
logit model, with a cascading sequence of hierarchical structures (Adler & Ben-Akiva, 1979; Bowman
Ben-Akiva, 2000). In Adler and Ben-Akiva (1979), the choice set consists of different daily activity travel
patterns. The number and characteristics of the destinations chosen for non-work activities, the modes
used to travel to those destinations, and the number of tours of travel to the set of destinations describe
what the authors define as a travel pattern. The travel pattern has a choice set with numerous
alternatives. The attractiveness of this model is that it derives from consumer theory; it assumes that a
household selects the travel pattern from which it derives the greatest utility, subject to time and
budget constraints. It also assumes that non-work travel destinations are short-term decisions,
conditional on residential location, work place location, work mode choice, and car ownership. In
practice, the model can be computationally intractable given the choice sets with thousands of
alternatives spread throughout the nests. The large number of alternatives is product of the
combination between the elements affecting an activity pattern.
Similarly, Bowman and Ben-Akiva (2000) approach to destination and mode choices -within an activitybased framework- is the estimation of a nested logit model. Let us review the different nests that the
authors propose, in order to clarify the structure of the choice set. A daily activity schedule is a set of
tours tied together by an overarching activity pattern. The activity pattern encompasses all the tours
that occur in a single day. This activity pattern is the upper nest in the decision hierarchy. Because the
election of an activity pattern conditions the tour decisions made by an individual, this element
represents the upper nest in the hierarchy. An activity pattern can have one or many tours. For each
tour, the model defines destination, transportation mode and time-of-the-day in a nested structure.
Thus, the nest structure has the following hierarchy: after the activity pattern, whose alternatives are
staying at home or selecting an activity pattern, a second lower nest represents the alternatives of the
time-of-the-day of the primary tour; while a third nest contains the destination and mode. The third
nest contains what is the relevant component to this chapter: destination and mode choice of non-work
trips. Similarly, further nests at lower levels repeat the same structure for secondary and even tertiary
tours.
The interesting part, relevant to our work, is their joint representation of destination and transportation
mode as part of the same nest. Transportation mode and destination would be in the same level of
decision. Interestingly, Bowman and Ben-Akiva (2000) do not split these two elements into different
nests, but they jointly consider them as alternatives. The nesting specification of the entire model
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contains a large number of alternatives in the choice set. Only the joint component of destination and
mode contains 4,288 alternatives (6 modes x 786 zones). In this case, the authors conduct a stratified
sampling of the alternatives, sampling eight zones for the six available modes. Their method generates
choice sets of 48 alternatives for that particular nest in the model structure. The total number of
alternatives once activity and time-of-the-day are included increases to the tens of thousands.
A limitation with the comprehensive activity-based approach that we find in Adler, Bowman and BenAkiva is that the simultaneous estimation of the parameters could be computationally intractable
because of complex nesting specifications and the large number of alternatives in the choice sets (Adler
& Ben-Akiva, 1979; Bowman & Ben-Akiva, 2000). As a result, most operational integrated travel demand
models employ a sequential estimation of separated sub-components of the same framework. There are
separate and distinct sub-models for activity, time-of-the-day, and destination with mode choice. These
models pass information up from lower level model nests in the form of an inclusive value, typically as a
logsum (Ben-Akiva & Lerman, 1985; Salvini & Miller, 2005). A good example of this type of sequential
models for microsimulation is the regional travel forecasting model system (SACSIM) used by the city of
Sacramento (Bradley, Bowman, & Griesenbeck, 2010). In this platform, single daylong activity pattern
choices, tour level choices, and trip level choices are modeled sequentially. In SACSIM, the modeling of
the non-work destinations belongs to a sub-model named as the Intermediate Stop Location, which
predicts destination zone and parcel of each intermediate stop, conditional on a given tour origin,
primary destination, and location of previous stops. These elements integrate onto the sub-models as
input logsums in the sequential estimation. Under this simulator, transportation mode is not part of the
non-work destination choice because the main mode and the stop of origin are already known for the
tour. Thus, the choice set of the sub-model exclusively contains destination alternatives by zone.
Likewise, the availability and attractiveness of stop locations depends heavily on the stop purpose. The
impedance variable in the sub-model is time of travel to each alternative (Bradley et al., 2010).
Another literature in transportation has posed simplified versions of the model specifications of
destination and mode choice to predict either non-work destination choice or time spent on non-work
activities. This literature avoids the complex framework of the simultaneous or sequential estimation
procedures of activity-based travel demand, focusing on specific aspects of non-work trips. For instance,
Boarnet and Sarmiento (1998) use an ordered probit to measure the impact of land use characteristics
near the individual's place of residence on the number of non-work automobile trips. The alternatives
are the number of non-work trips in a day of activity. Handy (1994) explores the impact of urban form
on shopping trips, comparing the averages of shopping trips and their destination in four neighborhoods
of San Francisco. Castro, Eluru, Bhat and Pendyala (2011) propose a joint model of participation in nonwork activities and time-of-the-day occurrence of such trips. The dependent variable in the latter case
corresponds to travel mileage allocated to non-work activities during various time-periods of the day.
Yagi & Mohammadian (2008) focus exclusively on a destination choice and transportation mode model
for work and non-work activities with the potential to be transformed into a modular component of a
microsimulation framework of travel demand. The authors attempt to improve the sub-model of
destination-mode choice as part of a broader activity-based approach, by proposing a joint MLM of
mode and destination choices for home-based tours in Jakarta, Indonesia. To handle the very large
choice sets, product of the combination between modes and traffic zones, a method of stratified
sampling of the alternatives reduces the number of alternatives. Additionally, a number of variables
such as number of jobs across occupation and industry capture the magnitude of the attraction at
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destination choices. Typically, this type of models include variables of employment by TAZ as proxy of
place attraction or agglomeration forces of attraction. Travel time is the impedance factor in the model.
They develop four different specifications of this destination choice model: 1) work, 2) school, 3)
maintenance and 4) discretionary activity types. In our case, the relevant types as non-work destinations
are the models for what they call as maintenance trips (shopping) and discretionary activity (social and
entertainment).
It the literature, we could also find examples of nested specifications of mode and destination, without
handling the alternatives as joint combinations of the two. Nested logits are useful to allow covariance
in random components among nests of alternatives. In the case of a nesting between mode and
destination, the discussion is about the proper hierarchical structure to represent the two elements.
Whether people decide mode first and destination second, or in the inverse order. Newman & Bernardin
(2010) propose a nested choice model for destination and mode choices. To these authors, the right
sequence of the nest is mode in the upper level and destination in the lower. They justify this ordering in
the nest by arguing that travelers are most likely to change destinations than to change transportation
modes, at least in the United States where penetration of public transit is limited. Meanwhile, other
authors consider destination choice as the upper-level decision and transportation mode to be in the
lower (Boyce 2002; Jonnalagadda et al. 2001; Siegel et al. 2006). The discussion about the order of the
hierarchical representation is far from resolved. However, this chapter also assumes that travelers tend
to be more reluctant to switch modes than to switch destinations in a place as Singapore, where car
availability is limited.
A problem arises when the nested logit structure for destination and mode alternatives is a large choice
set with thousands of alternatives, as it is typically the case. It makes the estimation of the coefficients
computationally infeasible or time consuming under the best scenario. For nested logits, a typical
approach, similar to the joint structure, is to sample the alternatives. However, a critique is that the
sampling of the alternatives in a nested logit model structure does not guarantee consistent parameter
estimates, and can require large sample sizes to achieve quality results (Nerella & Bhat, 2004). The
discussion about the sampling of nested alternatives is far from resolved. A benefit of relying on the
joint MNL instead of the NL, and a reason the former approach is more common to find in the literature,
is that the MNL estimates are consistent and efficient using the sampling of alternatives.
Finally, there is another literature on destination choice developed by Fotheringham in the field of
geography (A. S. Fotheringham, Nakaya, Yano, Openshaw, & Ishikawa, 2001; A S Fotheringham, 1986).
The author articulates a discrete choice model for shopping alternatives, in what he calls as the
competing destination model. This literature omits mode choice, but proposes a hierarchical spatial
structure to estimate using a nested logit structure. The upper nest of the model corresponds to a
cluster of destinations, while the lower nests belongs to commercial destinations and stores. This is a
separate literature from transportation, but relevant to market research.
In summary, a rich literature on non-work destination choices has been developed over the past
decades. Destination choice is part of broader literatures of activity-based travel demand and
geographical competition models. The common trait in these literatures is the assumption of destination
choice as an interdependent element of transportation mode, and with other factors as well. The
interdependency is modeled either through a joint choice set in MNL or through a nested hierarchical
structure. Activity-based travel demand is theoretically sound, but its model specification entails a
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complex framework in which destination choice occupies a nest (for simultaneous estimation) or a
chained sub-model (for sequential estimation). Because of the complexity of activity-based models,
other research has focused exclusively on destination choice, proposing a multinomial logit or a nested
structure to consider the dependency of transportation mode and destination choice. For the large
number of alternatives in the choice sets, random and stratified sampling of alternatives has been a
solution to make the estimation computationally tractable.
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In general, the literature of destination choice in transportation has focused on discussing the proper
model representation and on the best way to capture its interdependency with mode, time-of-the-day,
and activity-tour patterns. Of course, these are important elements to consider. However, the
hierarchical spatial representation of the alternatives, and the systematic characterization of places
through newly available data are important topics that deserve more attention in the literature of nonwork destination choice. To the best knowledge of this author, the only attempts to approach to those
two topics are in Fotheringham and Huang & Levinson (A. S. Fotheringham et al., 2001; Huang
Levinson, 2015). Fotheringham delves into the spatial representation of the hierarchical structure of the
destination alternatives, while Huang & Levinson the usage of new GPS data for exploring non-work
destination choices. However, we do not find in the literature an approximation to define richer spatial
choice sets that reflect spatial nests from bigger places to smaller ones.
The goal of this chapter is twofold. On the one hand, we want to demonstrate that a systematic
approach to generate the spatial alternatives of travel can be a solution to have more realistic choice
sets than the TAZ, and can open the doorto develop a nested hierarchy of place and transportation
mode. On the other hand, we want to demonstrate that new data such as from Google Place combined
with SpotRank enable a richer characterization of the alternatives, which could improve current
destination choice models.

7.3. Data
The analysis of non-work destination choice relies on the Household Interview Travel Survey (HITS) of
2012 as previously mentioned. The data contain the travel logs of 70,987 trips from 35,714 travelers. For
each trip, the dataset reports the purpose of the activity and the destination postcode, along with the
attributes of the traveler. A pool of 5,382 trips was selected. The trips of this pool report the non-work
purpose and a valid destination postcode. These trips represent about eight percent of the total number
of trips in HITS. The survey reports purpose of the trip as a categorical variable. Hence, we restrict our
definition of a non-work trip to contain the following purposes: 1) dining and refreshment, 2)
entertainment and social, 3) recreation, and 4) shopping. Any other categories of purpose, such as
school, work, religious or accompanying someone are excluded from our analysis. The split of the nonwork trips by purpose in the sub-sample is 34 percent is dining and refreshment, 4 percent is
entertainment-social, 8 percent is recreation, and 54 percent is shopping.
The choice sets of the model specifications will test two spatial units as destination alternatives: the
Traffic Analysis Zones (TAZ) of Singapore and the SpotRank places derived in Chapter 2 through the
spatial-temporal scanning tool.11 The number of TAZ alternatives is bigger than the number of SpotRank
" Refer to Chapter 2 for a detailed description of the derivation of these spatial units.
195

places, but only a fraction of them record non-work visits. From the 1169 TAZ, only 525 receive at least a
non-work trip. Similarly, 63 of about the 90 SpotRank places are non-work destinations at least for a trip.
Although, a small number of places receives a disproportionate number of non-work trips, such as
Marine Parade, Tampines, Orchard Road, Bugis, Downtown and Woodlands.
Depending on day of the week, the number of SpotRank places and their boundaries vary because we
consider the SpotRank buffer from the corresponding day of activity when the trip occurred.' 2 For each
trip in the pool of analysis, we consider the SpotRank place from the day of activity that matches to the
day of occurrence of the trip. In summary, about 4,575 of the 5,382 non-work trips have a valid
SpotRank place as destination.
Important variables to our model are cost and time of travel between the postcode of origin and the
potential destination alternatives across different transportation modes. These data originates from an
origin-destination matrix by TAZ, where the matrix comprises time and cost of travel across modes. The
travel time and travel cost by TAZ correspond to data from 2012, same year as in HITS. An initial attempt
to generate origin-destination travel times without relying on the TAZ and the origin-destination matrix
generated such information from the Google Maps API. However, the effort did not produce accurate
results. The problem is that Google Maps API reflects the transportation infrastructure at the current
date, while the HITS corresponded to the state of the transportation network in 2012. As a result, travel
times varied considerable for a good number of destinations, introducing an unwanted bias onto the
analysis. As a solution to this problem, we relied on the origin-destination by TAZ matrix to generate
travel times. In the case of the TAZ as destination alternatives, the procurement of time and cost of
travel consists of a simple dual join of the geometries from the postcode-to-TAZ of origin to the TAZ in
the destination alternatives.
In the case of the SpotRank places as alternatives, the procurement of travel and cost times is not as
straight forward as with the TAZ because of the un-matching geometries between the two scales. As a
solution, we compute a weighted average of time and cost of travel across modes from the TAZ of origin
to the SpotRank destinations in the choice set. The geometrical apportionment of the TAZ that filled a
SpotRank buffer determines the magnitude of the weighting of each TAZ to every SpotRank place. For
instance, suppose that five TAZ intersect with a given SpotRank place. Thus, we compute the proportion
of each of the five TAZ that fills the place, and use those ratios to weight the travel time and cost from
the original matrix. This method generates a single value of time and cost of travel from the given TAZ of
origin to the SpotRank place.
Regarding mode of travel, the HITS 2012 reports fifteen alternatives. This number increases when a trip
combines different modes at different stages. We recode the modes and their combination to generate
only four alternatives: car, transit, walk and other. Taxi, motorcycle and company shuttles were recoded
as the 'other' category, while cycling pertain to the 'walk' mode. The resulting small number of mode
options responds to our willingness of reducing the total number of joint alternatives in the choice sets.

12

Refer to Chapter 2 for a detailed explanation of the temporal variation of SpotRank places
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Descriptive Statistics of the subset of non-work trips in HITS
Before fitting the models of destination choice, let us start by exploring the dataset to understand what
type of non-work trips the HITS is including. This exploration will be helpful to interpret the results of the
models in the next section, and to test the internal validity of the HITS to analyze non-work destination
choice.

Demographic profile of travelers to non-work destinations
Figure54 compares the age distribution of the entire HITS sample (bars in blue color) and the subset of
non-work trips. We observe that our selection of trips under represents young people and over
represents seniors. This bias seems to occur because a large number of young travelers travel only
once in a day, mainly to commute to work or school, and without further non-work or non-school
activities in the day. Contrary, a number of elder-retired travelers would dispose of more spare time
to spend in non-work activities.
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Figure 54. Percentage distribution of age among the travelers of non-work trips; 4,954 unique travelers and5,382 trips.

Regarding transportation mode of non-work trips, 18 percent of the trips take place by car, 35
percent by transit, 44 percent by walking, and only 2 percent by other mode. Interestingly, the 44
percent of walking trips appears as a large fraction when compared against the 14 percent share of
the same mode in the entire HITS. About 69 percent of the non-work trips in HITS originate at home,
15 percent at the workplace, and 16 percent at other locations than work and home. Therefore,
home is the predominant anchor location for non-work destination choice, especially among certain
demographic groups, as we will see in the lines below.
The age distribution of the travelers and the mode share agree with what we would expect from the
split of non-work trips across the different employment status of the travelers: the subset from HITS
contains a small number of students and a large fraction of seniors. Homemakers represent 33
percent, retirees 28 percent, workers 28 percent (fulltime, part-time and self-employed), while
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students and other categories are the 7 and 11 percent, respectively. Fulltime workers, retirees and
homemakers are the majoritarian profiles of non-work travelers.
If looking exclusively to the trips of the fulltime workers, we find that 67 percent of their non-work
trips started at the work location, 21 percent at home, and 12 percent at locations elsewhere than
home and work. By contrast, 89 and 92 percent of the non-work trips of homemakers and retirees
originate at home, and the majority of these trips are by walking. For homemakers and retirees, the
offer of non-work activities around home restricts their options. Interestingly, for the full-time
workers, 48 percent of their non-work trips that started at the workplace were by walking mode, 27
percent by transit, 17 percent by car, and 7 percent by other mode. Thus, the fact that walking is the
preferred mode for non-work trips is a remarkable attribute or uniqueness of this type of travel. The
large mode share of walking indicates proximity of the destinations to the origin of the trip, especially
when such origin is at home. About 68 percent of the trips of full-time workers originate in their
workplace and have a purpose of dining. This latter pattern of workers is interesting and deserves
further exploration.

Patterns of Non-Work Travel for Fulltime Workers
The case of full-time workers is illustrative of what type of activity the selection of non-work trips in
HITS is seizing. Figure 55 shows the density distribution of time of arrival for the non-work trips of
fulltime workers. The six plots in the same Figure correspond to the selection of trips with different
combinations of mode (walk, transit and car) and activity (dining & refreshment and shopping). The
label in the top of every plot indicates the mode and purpose. The reader can observe that the
average travel time-of-the-day of the 413 walking trips for workers with a purpose of dining is at
noontime. These are trips of workers walking for lunch and returning to their workplace by the same
mode. By contrast, the fraction of walking trips for dining after work is small. Therefore, the majority
of non-work stops of fulltime workers after work have other modes than walking and to locations far
away from work. The case of dining and refreshment by car is interesting because its plot shows two
peaks: one that occurs at lunchtime and the other during the evening. The evening peak, the nonlunch peak, would be the most interesting one for exploring from a point of view of destination
choice.
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Figure 55. Density of time of arrival (units in hh:mm)forfull-time workers across different combinations of mode and purpose of
the trip.

In the case of shopping, this activity generally takes place after work, regardless the preferred mode
of transportation. Figure56 delves further onto such pattern by illustrating the density distribution of
time of arrival for the trips of shopping from retirees and homemakers. The reader please compare
the densities from Figure 55 and Figure 56.
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Figure 56. Density of time of arrival (units in hhmm) homemakers and retirees across different combinations of mode and
purpose of the trip.

The density distributions of Figure 56 are parallel for homemakers and retirees. The majority of the
walking trips for shopping occurs in the morning between 8-9 am, while the peak of shopping trips in
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transit and car is at 10 am. The distribution of time of arrival contrasts with the arrival time for
workers, whose average time-of-the-day value is in the evening. In summary, retirees and
homemakers predominate in the data and have more predictable destination choices for places
nearby the home location, where they usually go to in the morning.

Differences in Non-Work Travel across Categories of Employment Status
important differences in travel patterns arise when comparing across the type of employment status
of the travelers. Figure57 illustrates the percent of trips by purpose of activity by differentiating the
employment status of the traveler.13 The differences in purpose between full-time workers,
homemakers and retirees are striking. Amongst full-time workers, the trip for dining and refreshment
predominates (recall the large frequency of the walking trip for lunch), while shopping is majoritarian
amongst homemakers and retirees.
80%
70%

73%

63%

60%

56%

52%
47%

48%

50%
40%
40%

31%

36%

33%

30%

30%

20%

10%
0%
Employed
Full-time

IWNMII 0.1m
INN 1.
18%

Employed
Part-time

Self-employed

Full time
student

N Entertainme nt- Social

U Dining, refreshment

Homemaker

Recreation

Retired

a Shopping

Figure 57. Distribution of trips by purpose across employment status. Bars add to 100 percent by purpose of activity.

Differences in Non-Work Travel by Transportation Mode
Table 27 illustrates the split of trips by purpose and across different modes.1 4 Again, we observe that
almost half of the trips of dining and refreshment and recreation have a walking mode. Meanwhile,
43 percent of shopping trips have a transit mode.
Table 27. Mode split by purpose of the trip

Car
Other

Dining &

Entertainment

refreshment

& Social

23.0%
2.1%

21.0%
1.3%

Recreation
24.7%
2.2%

Shopping
13.8%
2.2%

The bars add to 100 percent by purpose of activity
14 Columns add to the 100 percent.
13
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.ANWI

23.8%
51.1%
100.0%

Transit
Walk
Total

42.0%
42.0%
100.0%

25.2%
47.9%
100.0%

66.1%
11.6%
100.0%

Differences in Non-Work Travel by Type of Origin of the Trip
The last analysis included in Figure58 and Figure 59 compares the frequency of non-work trips with an
origin at home or elsewhere, across different purposes and transportation mode.
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Figure 58. Split of home and non-home based trips across purpose of the trip.

About half of the trips for dining and refreshment originate at a non-home location. Nonetheless,
the large number of lunch trips from fulltime workers is what makes this proportion of non-home
based trips look very large. In general, the home-based trip is predominant for the purposes of
entertainment, recreation and shopping.
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Figure 59. Split of home and non-home based trips across mode of travel.
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Figure 59 illustrates that a slighter bigger fraction of trips by car did not originate at home, as
compared with transit and walk modes. Remarkably, a non-work trip with a transit or walking
mode has a 0.72 chance to have started at home versus a non-home location.
This exploratory analysis of the subset of non-work trips in HITS is helpful to understand what the data
are representing at the time when the next section describes the estimates of the discrete choice
models. It is also helpful to demonstrate the heavy dependence of non-work destination choice on
mode choice and on the demographics of the traveler. In summary, the non-work trips of homemakers
and retirees account for more than half of the total number of non-work trips in HITS. The majority of
the trips from homemakers and retirees are walking trips, occurring before 9 am and with a shopping
purpose. Thus, it will not be a surprise that the estimates calculate higher probabilities to destinations
reachable through walking, and to destinations in proximity to the origin and to home.
The exploratory analysis shows that a demographic group with interesting locational tradeoffs between
home and work is that of the full-time workers. For fulltime workers, the most frequently observed nonwork destination in HITS is the location for lunch at noon. Taken together, this overwhelming fraction of
non-work trips of fulltime workers for lunch conceals the smaller fraction of non-work trips after work.
These latter cases denote complex locational decisions between proximity to work versus to home. The
next section delves into the details if the discrete choice model of non-work destination, while the final
section revisits the case of the fulltime workers.

7.4.

Model Definition

Our non-work destination choice models draw from classic Random Utility Models (RUM), assuming that
decision makers select the alternatives with the highest utility payoff. The choice set represents the joint
elements of mode and destination. The two specifications developed in this chapter include a
Multinomial Logit (MNL) of the joint alternatives between the 4-modes and the destinations, and a
Nested Logit (NL) with transportation mode as the upper level component of the decision hierarchy. To
reduce the degree of dimensionality in the choice sets, the sampling method is as in Bowman & BenAkiva (2000), which samples randomly the destination alternatives for each transportation mode. The
sampling method generates a choice set of 32 alternatives (eight destinations by four transportation
modes) for each trip, where one of the alternatives is the observed choice in HITS.
The MNL assumes that each individual selects the alternative with the highest utility Uin payoff among
those in the choice set Cn. The utility has two components, a systematic (Vin) and a random component
()
such that
Uin =

Vin + Ein

Likewise, the systematic utility is a function of observable variables Xin:
Vif = >K=lflkXink

Consequently, the probability of person n selecting the alternative i is defined as:

Pn(iICn) =

efVin
jEc evin
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Where y is a scale factor. The random component of utility follows a Gumbel extreme value distribution.
Because of this unknown scale factor of the utility, the parameters P that define Vin are only
discoverable by comparing the utility across the alternatives. This imposes the limitation that individual
specific variables (the intercept being one of those) should be alternative specific; otherwise, they
cancel in the differentiation of the utilities of the alternatives. In our case, having alternative specific
coefficients does not make sense because the alternatives are random samples for each individual that
do not repeat across trips. Thus, the model specifications will contain generic coefficients across the
alternatives; individual variables could be included but as interactions with variables that represent the
attributes of the alternative but not of the decision maker.
The estimation procedure is Maximum Likelihood (MLE), where the likelihood function is defined by the
probability of a person n choosing the alternative that was actually observed, which is:
1(Pin)Yin
where yin = 1 if person n choose iand zero otherwise.
Assuming that each decision maker's choice is independent of that of other decision makers, the
probability of each person in the sample choosing the alternative that he was observed actually to
choose is:
N

L(f3) =

11

J7(Pin)Yi

n=1

Where 1 is the vector containing the parameters of the model. Finally, the log likelihood function to
estimate is the following:
N

LL(J) =

ZY inInPin
i

n=1

&

The critical assumption of the MNL is the Independence from Irrelevant Alternatives (IIA) (Ben-Akiva
Lerman, 1985; Train, 2009). In our case, as the literature review suggested, a Nested Logit (NL) can be a
preferred option to the MNL to model the correlation of the error terms of alternatives in a same nest
explicitly, satisfying the IIA. However, we should bear in mind the concerns from the literature on
transportation regarding the potentially biased parameter estimation of the NL from a sample of
alternatives and not from the entire choice set (Nerella & Bhat, 2004). For the destination choice model,
the four transportation modes define a nest. Unlike the MNL, the utility of the alternative i is the sum of
two terms under the NL specification:
Vi = Zi + W
The term Zi of the previous expression is specific to the alternative and the second W belongs to the
choice of the nest. Thus, we can rewrite the probability of choosing an alternative i as
e ZL/ A+
i

EBj eZkIAI

*

M=1 eWm+Am+Im

Where the M are the different nests and X is the measure of correlation within nests. The first term of
the equation is the lower model, which is the conditional probability of choosing alternative i if the nest I
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is chosen. The second term is the marginal probability of choosing the nest /and is referred as the upper
model. The log of the denominator of the previous expression is the conditional component, defined as:
Zk

Ii

=

InkEB, eAi

This log of the denominator is referred as the inclusive value, the inclusive utility or the Logsum term.
The decision maker obtains the inclusive utility from the choice of the alternatives in the nest. The NL is
expressed as a function, whose parameters are estimated through Maximum Likelihood as well (BenAkiva & Lerman, 1985; Train, 2009).

7.5. Variables
Once we explored the data and the model specification, the current section describes the independent
variables to be included in the discrete choice model of non-work destinations. These variables pertain
to four categories.

a. Time and Cost of Travel
The variables time and cost of travel from a given TAZ of origin to the alternatives in the choice
set represent the impedance factor of travel. The source for this dataset is the origin-destination
matrix at the TAZ level referred before. The data were produced by SimMobility for the year of
2012, where SimMobility is an activity-based travel demand and land used integrated simulator
(Adnan et al., 2015). This dataset reports distance of travel, along with time and cost forthe
modes of car and transit. The units of measure for travel time are hours, while the units for cost
are Singapore dollars; the cost of travel for transit is the train and/or bus fare, while the cost for
car corresponds to the Electronic Road Pricing (ERP) fare of cost per-mile. This dataset does not
report travel time and cost for the transportation modes of 'waking' and 'other'. In the case of
walking, travel time is approximated by the distance as reported from the same origindestination table, assuming a walking speed of 3.5 km by hour; travel cost is set to zero forthis
mode. In the case of the 'other' mode category, which comprises the modes of taxi and shuttles,
we assume travel time as a random ratio between 1.2 and 1.5 the travel time by car. Likewise,
we assume the cost of taxi and shuttle to be the same as the car option given the restrictions
and high cost of car ownership in Singapore. Table28 shows the summary statistics of travel time
across all the modes. The median travel time of the observed choices is 11 minutes with a mean
of 18 minutes. The maximum of 10.70 hours of travel corresponds to a walking trip between
two distant locations.
Table 28. Summary Statistics of Travel Time to Non-Work Destinations (units=hours, n=5,382). HITS 2012.

Minimum
0.0

1 st

Quantile
0.167

Median
0.193

Mean
0.304

Quantile
0.375
3 rd.

Maximum
10.70

The density distribution of travel time skews to the right with a long tail. The models that we
present take the natural log of travel time as such specification improves the overall fit. These
variables of travel time and cost exert as controls, and are typically included in the literature of
destination choice as independent factors in the models.
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b. Purpose of the Trip
Three dummy variables mutually exclusive characterize the purpose of a non-work trip: 1)
purpose_food for the category in HITS of dining & refreshment; 2) purpose-shop for the HITS
category of shopping; 3) purposeentertainment for the categories of recreation and social and
entertainment. In the descriptive analysis of the data, we explored the distribution of the trips
by purpose of activity, finding noticeable differences in mode and travel time across the
categories. Therefore, the model specification will represent such variation by including
interactions between the dummies of purpose of the trip with travel time and with travel cost.
The interaction terms enable to differentiate between frictional time and frictional cost across
the different purposes of travel. For the benchmark models with random samples of
alternatives, the interaction between the dummies of trip purpose and the alternative attribute
of travel time is the only way to incorporate trip specific variables without having to include
alternative specific coefficients for each.

c.

Density of Jobs

&

The variables denjobsentertainment, denjobs retail, denjobs_food take the natural log of
the density of jobs in retail, food, and shops by TAZ. The source of the data with the number of
jobs by business type is a synthetic population of jobs and establishments in Singapore, which is
part of the SimMobility land-use and transportation simulator (Le, Cernicchiaro, Zegras,
Ferreira Jr, 2016). The synthetic population of jobs was built with data from various sources
using Iterative Proportional Fitting (IPF) to match with marginal probabilities of the job
distribution at a number of administrative-jurisdictional boundaries, detailing the composition
of jobs by postcode and even by building. The synthetic population classifies the jobs in
Singapore by industry type in 45 categories. In our case, we filter the number of jobs by TAZ
relevant to retail, food and entertainment. The literature refer to these variables as controls of
the agglomeration effects that capture the largest attraction that places with a higher density of
non-work activity exert on non-work travel.

d. Eight Groupsfrom the Partitioning Around Medoids (PAM)
Chapter 5 of this thesis is the source of the eight-medoid group typology of PAM. Table 29
summarizes the composition of the eight groups, along with the attributes considered for the
clustering of the commercial patches from DBSCAN. The values correspond to the commercial
patches that each medoid represents. The most relevant groups as non-work attractions are the
fifth, the sixth, the seventh and the eight groups, which correspond to the large commercial
areas, the midsize shopping malls, the plazas with a supermarket, and the hawker centers
surrounded by retail, respectively. The discrete choice model will test statistically the presence
of these facilities by medoid group in the destination alternatives as attractors of non-work
visits. The objective is to illustrate the potential of such richer characterization of place on the
improvement of destination choice models as compared with simpler specifications that we find
in the literature, such as the previously described number of jobs by alternative.
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Table 29. Attributes of the Medoids of the eight groups of commercial patches.
Statistics of the K-Medoids
PAM Groups

No of
Patches

No of
Establish
ments

ROC/AUC
Shopping
Mall

ROC/AUC
Hawker
Center

H
Concen
tration

ompa

ctness

No of
Superma
rkets

No of
Dept.
Stores

Propor
tion of
Food

Propor
tion of
Shops

G1 Retail; food
_ 9_
0.500
1 194 1
.redominates
_2.i------------t-------1,-----------

-

0.222
0
0.556
0 _
0.259
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0.500 _
t---------- ----t--------- --l' ------------------ _
G2 Mixed retail; 1
i
i1
1
1
1
0 1 0.222 1 0.444
0 1
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_ 9
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__ 0
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_
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218 1
reuarshapes_
t-.-----t. ------ i ---- -t'-----------t------- - t---------- *--------G4 Clusters of
specialized
0.079
0.868
0
0
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0.631
_ 0.500
38
_ 0.500
_
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1
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1
1
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0 1
0 1 0.350 1 0.288
0.500 1
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36 1
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retail

I

To translate the medoid groups into a measurement variable by TAZ rather than by SpotRank
place, we relied on the following method. The commercial patches of each group are a spatial
data frame of polygons that corresponds to the Convex-Hull calculated from the Points of
Interest (POI). Therefore, an intersection operation between the polygons of the PAM and the
polygons of the TAZ produced a combined geometry of polygons. Then, an overlay operation of
the new intersected file with the original PAM polygons allowed us to compute a geometrical
apportionment of the PAM by TAZ, computing the proportion of the PAM polygon falling within
each TAZ. This generated a measurement by TAZ, which is a weighted number of commercial
patches of a given PAM group within the TAZ. The weights consist of the ratio of the area of the
PAM contained within each TAZ. This procedure generated the proportion of each of the eightgroups of PAM, creating eight new variables for every TAZ. For instance, suppose that TAZ x
contained two patches of a PAM Group 6, we call them pl and p2. The TAZ x contains the entire
patch p1 and about 85 percent of the geometry of p2, therefore TAZ x would have a
ProportionPAM_ G6 with a value of 1+0.85 = 1.85. We repeated this procedure across the
patches of the eight PAM groups, generating eight new variables.
The goal of including these eight variables developed with data from Google Place API into the
model is to test whether the methodology proposed in Chapter 5 could have an application in
the typical destination choice model by TAZ, before attempting the same objective with the
SpotRank places as alternatives.
Generating the PAM variables by SpotRank places was a straightforward operation. It is the
addition of the patches from each group by SpotRank place. We tried different versions for the
SpotRank places, such as the interaction of number of establishments by the number of patches.
However, the simpler sum of the patches yielded the best model fits.
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e.

Workers and trips after 8 pm.
The exploratory analysis in the beginning of the chapter illustrated that a large fraction of the
non-work trips from fulltime workers correspond to walking trips at noon for lunch. However,
the truly interesting locational tradeoffs are those that workers face after work; decisions that
force the traveler to decide between locations close to work, close to home or close to
elsewhere. For exploring this travel behavior, we generate a dummy variable that represents the
trips of fulltime workers happening after 3 PM. This dummy variable represents the 498 cases of
non-work and non-lunch trips of fulltime workers after 3 PM. In the models, this variable
interacts with travel time from the origin to the home of the traveler. The goal of the interaction
is to test how likely is the traveler to select a destination choice at a location in proximity to
home, while controlling by the other factors in the model.

After reviewing the typical approach of the destination models in the literature, exploring the non-work
trips in the HITS, and defining the variables of control that will help us to test our richer characterization
of places through the discrete choice models, the next section introduces what we call as the benchmark
models of non-work destination and transportation mode choice. They are benchmark because the
destination alternatives correspond to the TAZ instead of the SpotRank places to be introduced shortly
after. These benchmark specifications will be useful to compare against those models that count on the
SpotRank places as alternatives. They will be useful to evaluate the explanatory power of the PAM
typology on destination choice. The independent variables in the models exhibit an absolute value of
correlation smaller than 0.5, discarding problems of multi-collinearity in the specifications to be shown.

7.6. Results of the Benchmark Model of Non-Work Destination and
Mode Choice
Table 30 presents the results of the four model versions of the benchmark specification of destination
alternatives by TAZ. Let us review them on a one-by-one basis. The random sampling of alternatives
precludes the inclusion of alternative specific constants or alternative specific coefficients for variables
that measure characteristics of the trips rather than of the alternatives.
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Table 30. Comparison of Benchmark discrete choice models of destination and transportation mode by TAZ.
Dependent variable:
Destination Choice by TAZ

Model 2 M Model3
Joint MNL
JtMNL
with Valid
Improved
Base Modeld
SpotRank
with PO
Places

Model 4
Nested
Logit

-1.321***
(0.053)

-1.338***
(0.053)

-1.237***
(0.068)

-1.806***
(0.061)

Purpose Food
ln(travel time)

-l .369***
(0.031)

- 1.438***

-1.368***

(0.032)

(0.036)

-2.087***
(0.042)

Purpose Shops
In(travel time)

- 1.444***
(0.026)

-1.441**
(0.026)

-1.384***
(0.028)

-2.060***
(0.038)

Purpose Entertainment
travel-cost

-0.514***
(0.050)

-0.438***
(0.051)

-0.650***
(0.073)

-0.088**
(0.059)

Purpose Food
travelcost

-0.937***

-0.863***
(0.044)

-0.888***

(0.044)

(0.050)

-0.303***
(0.039)

Purpose Shops
travelcost

-0.664***
(0.027)

-0.593***
(0.028)

-0.635***
(0.030)

-0.125***
(0.037)

Ln(densityJobs
Entertainment)

0.008
(0.008)

Ln(densityJobs
Retail)

0.291***

Ln(densityJobs
Food)

0.005
(0.007)

ProportionPAM_GI

0.082***
(0.020)

0.046**
(0.022)

0.017***
(0.027)

ProportionPAMG4

-0.051***
(0.015)

-0.048***
(0.016)

-0.078***
(0.019)

ProportionPAMG5

1.769***
(0.057)

1.786***
(0.057)

1.720***
(0.066)

ProportionPAMG6

1. 141 ***
(0.033)

1.038***
(0.03 5)

1.056***
(0.043)

Proportion PAM G7

0.292***
(0.031)
0.589***
(0.044)

0.221***
(0.032)
0.562*
(0.044)

0.305***
(0.040)
0.404***
(0.061)

-0.196***

-0.120***

-0.264***

-0.627***

(0.063)

(0.062)

(0.069)

(0.042)

*

*

*

*

*

*

Purpose Entertainment
ln(travel time)

*

Model I
Joint MNL

(0.010)

ProportionPAMG8
dummy_ worker*
dummy after3PM*
travel time home
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iv.car

0 55 **
(0.020)

iv.other

0.157***
(0.027)

iv.transit

0 737***
(0.023)

iv.walk

2.001**
(0.052)

Observations
Log Likelihood
Null Likelihood
McFadden R^2
Note:

5,382
-12,502
-17,060
0.26

5,382
-12,209
-17,060
0.28

4,045
-9,240
-12693

5,382
-7,1 11
-17,060

0.27

0.58

*p<0. ;**p<0.05;***p<0.01

Model 1: Joint MNL Base Model
Model 1 in Table 30 is the base MNL with a choice set from the sample of the 32 joint alternatives of TAZ
and transportation modes. This base model includes the interaction terms between the dummies of
purpose of the trip and travel time to the alternative, and purpose of the trip and cost of travel to the
alternative. The coefficients of these six variables have a negative sign as expected, given that travel
time and cost are impedance factors for destination selection. The results show that travel time for
shopping trips, on average, is more frictional than for dining, refreshment and entertainment. In other
words, travel time discourages the selection of an alternative located further away if it is a shopping trip
than if it is a dining trip. On average, travelers consider locations farther away as alternatives for
purposes of entertainment and dining than for shopping. By contrast, regarding the cost of travel, its
greatest impedance factor is on dining and refreshment trips than on shopping or entertainment trips.
Interestingly, this travel behavior by purpose is consistent with classic Central Place Theory (Brian J L
Berry & Garrison, 1958), in that people select facilities in closest proximity to their anchor locations for
shopping, while they might travel longer distances searching for entertainment or dining options.
The next three variables of Model 1 correspond to the natural logarithm of the density of jobs related to
food, related to shopping or retail, and related to entertainment. Forthese three variables, we tried
interactions with the purpose of the trip, which yielded worse fits. The estimated coefficients of these
three variables exhibit a positive sign and are statistically significant. The effect is considerably larger for
retail than for food and leisure, which is logical given the larger number of trips for shopping than for
other purposes in HITS.
Finally, the coefficient of the interaction of dummyworker*dummyafter3PM*travel_time_home

has a

negative coefficient, which suggests that full-time workers prefer, on average, destination choices in the
evening nearby their home. Interestingly, if we replace this variable by the interaction
dummy worker*dummy after3PM*traveltimework, the estimated coefficient is 0.40 with a positive
sign. The negative and positive signs of these two coefficients indicate that, on average, workers prefer a
destination closer to home for non-work trips after working hours, refraining from locations nearby the
workplace.
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Finally, the model fit of this version records a McFadden RA2 of 0.26. The evidence of these models is
not conclusive and several other variables could be added to the specification, which could modify the
estimated coefficients of travel time and cost. The objective of this benchmark model is to have a base
of comparison against the models shown in the subsequent sections of this chapter.

Model 2: Joint MNL Improved with the POI Data and the PAM
The main trait of Model 2 is that it replaces the variables of density of jobs with the variables
representing the eight-medoids and the POI data. The goal of including the PAM variables is to measure
the potential of our richer typology of commercial patches to improve the characterization of the
destination alternatives in typical destination models, even of those that count on the TAZ as
alternatives.
From the eight-medoid variables, Groups 2 and 3 are not statistically significant. These two groups
correspond to small patches of mixed retail forming regular and irregular geometrical shapes. Thus, we
removed the variables representing those two groups from the final specification shown in Model 3.
The coefficients for the remaining six groups are statistically significant; all are positive excepting that
from Group 4. The only group with a negative sign is that of specialized shops, where a large number of
those facilities correspond to specialized clusters in industrial and manufacturing services. In general, a
TAZ destination with a large number of commercial patches from Group 4 is less likely to be picked as a
non-work destination.
The coefficients of the remaining medoid groups exhibit positive signs. The Group 1 -small patches of
mixed retail with a large fraction of food- has the smallest estimated coefficient among the groups. As
expected, this group exerts the smallest attraction given its low density-diversity. The patches of this
group spread across the island in any given neighborhood exerting a moderate attraction of non-work
visits. Meanwhile, the largest commercial areas (Group 5), the midsize shopping malls (Group 6), the
hawker centers with retail (Group 8), and the plazas with a supermarket (Group 7) -in this order from
the highest to the lowest magnitude- exert a larger attraction over non-work trips. It is fascinating to
observe how this result is consistent with the hierarchy of places as theorized by the classic Central
Place Theory. Moreover, these estimated coefficients of the PAM variables confirm the richness of the
systematic representation of the patches of POls within the SpotRank places.
The McFadden RA2 of this model is 0.28, which is an improvement of 0.02 over Model 1. Despite the
manipulation of the typology of patches to convert the SpotRank measures onto the TAZ units, these
variables still preserve explanatory power on the choices over non-work destinations. The next section
will test the same variables having the SpotRank places as destination alternatives.
Parallel to Model 1, the Model 2 in Table 30 includes the interactions of the variables travel time and
travel cost with the trip purpose. In general, the new estimates of travel time and cost are consistent
with the findings in Model 1, but the magnitudes fluctuate when comparing the two fits.
The most important result of this model is to illustrate the potential that a richer characterization of
place has in representing the place attraction of non-work activities, at the time that it reproduces a
hierarchy of places reminiscent to Central Place Theory.
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Model 3: Joint MNL Improved with the POI Data and PAM, with a valid SpotRank place
The specification of Model 3 contains the same variables as Model 2: impedance factors and the PAM
typology. The only difference between Model 2 and 3 is in the number of cases. This version is a subset
of non-work trips with a choice destination to a valid SpotRank place. The estimated coefficients of this
model will be our main element of comparison with the models in the next section. The estimated
coefficients between Model 2 and Model 3 fluctuate in their magnitudes, but exhibit consistency in the
signs and hierarchical ordering of the PAM variables and deterrence of time by purpose. The large
commercial areas, the midsize shopping malls, the plazas with supermarket, and the hawker centers, in
such decreasing order, have a positive effect attracting non-work trips.

Model 4: Nested Logit with the PO Data and PAM, with a valid SpotRank place
The nesting of mode before destination considerably increases the explanatory power of the model. The
NL specification in Model 4 increases the magnitudes of the coefficients of travel time and reduces the
coefficients of cost of travel, as compared with Model 2. The impedance factor of travel time is higher
for dining & refreshment and shopping than for entertainment, as in Model 2. The impedance factorof
cost is considerably higher for dining & refreshment than for shopping and entertainment. In other
words, it is more likely that the cost of travel would discourage the election of an alternative located far
away for dining & refreshment than for shopping and entertainment. Similarly, the high cost of travel
deters the selection of distant locations, first for shopping, then for dining & refreshment, while it has a
marginal effect on entertainment activities. Cost of travel has a minor effect on the locational choices of
activities of entertainment, after controlling by travel time. Again, the deterrence effects from time and
cost are consistent with what we would expect from Central Place Theory (Barnes & Ullman, 1984; Brian
J L Berry & Garrison, 1958). People are willing to travel further away to find specialized services of
entertainment, such as theaters or amusement parks, while they tend to select places in proximity to
their origin for commoditized goods of shopping and dining.
Interestingly, the interaction term between the dummy of trips after 3 PM from full-time workers and
the travel time to home has a negative sign, but with a larger coefficient than in Models 2 and 3. This
larger magnitude suggests that the selection of an alternative close to home for this subset of trips is
even more likely to occur, after controlling for the correlated error terms of destination alternatives in
the same nest of mode choice.

&

Finally, the last four rows in the table report the inclusive values or logsums of the nest. In this case,
walking is the preferred mode for non-work activities and possesses the largest inclusive value, which
reflects the fact that that such mode is the most frequent choice in our dataset of non-work trips. The
alternative has a cost of zero and yields a high level of utility. The second mode with the largest sum of
utilities is transit; car is the third one, and other mode is the fourth. The better fit and the statistically
significant inclusive values indicate a nesting structure in the decision choices in HITS for non-work
activities. However, we should cautiously take the estimates of the NL given the potential bias that the
sampling of alternatives introduces in the data, which is an unresolved issue in the literature (Nerella
Bhat, 2004).

211

In summary, the main take away of the benchmark models is the potential that our systematic approach
has to characterize places, using the typology of commercial patches within SpotRank places, to imitate
realistically the urban hierarchies that influence place attraction. The following section replicates the
same models, considering the SpotRank places as destination alternatives.

7.7. SpotRank Representation of Non-work Destination Choice
This section presents the results from the specifications with the models from the joint and nested
SpotRank places and transportation mode as alternatives. The HITS reports the origin and the
destination choice of a trip by postcode. Thus, an overlay of SpotRank places on the postcode is enough
to find out the SpotRank place of a trip destination.

Towards a Richer Representation of the Nesting Structure of Non- Work Destination Choice
The objective of having the SpotRank places as destination alternatives is twofold. On the one hand, it
seeks to evaluate the explanatory power of having the SpotRank places as alternatives, combined with
the characterization of commercial patches computed at the same geographical scale of place. This with
the objective of seeing if it does a better job than with the TAZ.
On the other hand, it seeks to evaluate the potential of expanding this methodology of SpotRank places
and commercial patches to define a more realistic nesting structure of place destination. For instance, as
we have seen, the literature of transportation typically considers two structures within a decision nest
for non-work destination choice: transportation mode and the TAZ (Bowman & Ben-Akiva, 2000), being
the TAZ the only approximation to space. The problem of that approach is that considering the TAZ as
the only level of destination alternative is unrealistic and oversimplifies the decision process because
people do not think and evaluate every TAZ as a potential non-work destination. In reality, as
Fotheringham (1988) suggest, people consider hierarchies of places in the definition of the alternatives.
However, Fotheringham misses the importance of transportation mode, which is a critical component as
well. Another problem with Fotheringham is that in his consideration, every shopping mall has the same
level of attraction, which fails to represent and capture the hierarchy of places and commercial
corridors.
Our proposal seeks to remedy those gaps in the two literatures, by developing a richer nested structure
with various hierarchies. This nested structure should make a more realistic spatial representation of the
non-travel destinations. For instance, an upper structure of the nest would represents the
transportation mode; the second structure would correspond to the SpotRank place whose boundaries
reflect dynamics of people concentration; the third structure would consider the commercial patch
computed from the POI data; the final level would represent the establishments within the patch. This
approximation would entail a more realistic interpretation of non-work destination choice because the
boundaries of place would truly reflect undergoing human activity and hierarchies of place attraction.
The models in this section do not get as far as to develop such complete hierarchical structure, but
demonstrate the potential of the methodology of place characterization to achieve such richer approach
to non-work destination choice. We defer to future research to continue developing that richer
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hierarchical representation of the nest and concentrate to show a working simpler structure of
SpotRank place and transportation mode.

Construction of the Choice Set of Destination Alternatives from the SpotRank places
We observe the non-work trips from the HITS to 63 SpotRank places - destinations, which combined to
the observed 4-modes in the survey represent about 192 potential alternatives with a least an observed
choice in HITS. As the number of alternatives is considerably smaller than the version of combined TAZ
and transportation mode, we attempted a version of the joint models without the sampling of
alternatives, including the 192 options in the choice set. The benefit of not relying on the sampling
procedure as we did for the TAZ is the prospect to include alternative specific constants and alternative
specific variables of the trips, instead of merely alternative generic coefficients. A simple version with
alternative specific constants and travel time as the only independent variable was successfully
estimated. However, problems of singularity prevented the estimation of the coefficients of more
interesting specifications with more variables. The main problem was the unbalance of the panel data.
In other words, a considerable number of alternatives contained only few observed trips, while other
SpotRank places with certain modes had a very large number of observed cases. Additionally, the
simpler version of the model with alternative specific constants for the 192 alternatives plus travel time
produced a suspiciously very large McFadden RA2. This occurred because the alternative specific
constants for alternatives with very few observations were capturing the entire predictive effect of that
alternative, producing an artificially inflated fit. As a solution to these problems, we had to rely on the
sampling procedure as forthe TAZ and transportation modes, sampling 32 alternatives for each trip and
stratifying by transportation mode as in Bowman and Ben-Akiva (2000). The following Table 31
reproduces the model fits from Table30, having the SpotRank places as alternatives. Let us describe the
results.
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Table 31. Comparison of Benchmark discrete choice models of destination and transportation mode by SpotRonk place.
Dependent variable:
Destination Choice by SpotRank Place

Model 5
Joint MNL
Base Model
with density ofjobs

Model 6
o
l
oit

Improved

Model 7

L
Nested Logit
e
with P0

Ln(area of the SpotRank
Place)

0.586***
(0.021)

0.282***
(0.025)

0.107***
(0.016)

Purpose Entertainment *

-0.826***

-0.844***

-2.417***

In(travel time)

(0.059)

(0.059)

(0.093)

Purpose Food *
In(travel time)

-0.886***
(0.030)

-0.895***
(0.030)

-2.608***
(0.061)

Purpose Shops *

-1.047***

-1.045***

-2.569***

In(travel time)

(0.024)

(0.024)

(0.047)

-0.613***

-0.663***

0.125

(0.071)

(0.070)

(0.089)

-1.024***
(0.051)

-1.053***
(0.051)

-0.151***
(0.056)

-0.664***
(0.030)

-0.691***
(0.030)

-0.061
(0.052)

Sum PAM Gl

0.017***
(0.007)

-0.003
(0.008)

Sum PAM G2

0.104***

0.049***

(0.010)
0.017***
(0.007)
-0.037***
(0.005)

(0.013)
0.004
(0.009)
-0.0 l2**
(0.006)

Sum PAM G5

0.160***
(0.022)

0.336***
(0.027)

Sum PAM G6

0.199***
(0.018)

0.326***
(0.022)

Sum PAM G7

0.090***
(0.018)

0.195***
(0.026)

Purpose Entertainment *

travelcost
Purpose Food
travelcost

*

Purpose Shops
travelcost

*

Ln(densityJobs

0.356***

Entertainment)

(0.025)

Ln(densityJobs
Retail)

-0.052***
(0.011)

Ln(densityJobs

0.050***

Food)

(0.014)

Sum PAM G3
Sum PAM G4
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Sum PAM G8
dummy worker*
dummy after3PM*

travel timehome

-0.891

(0.061)

-0.005
(0.020)

0.050***
(0.025)

-0.830***

-1.217***

(0.060)

(0.049)

iv.car

0.507***
(0.021)

iv.other

0.264***
(0.030)

iv.transit

0.605***

(0.021)
iv.valk

Observations
Log Likelihood
Null Likelihood
McFadden R^2
Note:

1.479***
(0.049)
4,045
-10,631
-12,879
0.17

4,045
-10,441
-12,879
0.19

4,045
-5,673
-12,879
0.56

*p<0.1;**p< 0 .0 5 ;***p< 0 .0 1

Model 5: Joint MNL of Transportation Mode and SpotRank Places
The first variable shown in Table 31 is the natural log of the area of the SpotRank buffer. This is an
independent variable of control to capture the factthat big SpotRank places (e.g. Orchard Road) register
a larger number of observed trips, inflating the odds of selecting those places as destination
alternatives. We attempted a number of controls for this phenomenon, such as the number of
establishments. However, those other controls introduced problems of multicollinearity, given their high
degree of correlation with other independent variables of the medoid groups. Meanwhile, the natural
log of the area has a moderate correlation with the PAM variables. The estimated coefficient of this
variable is positive and statistically significant. As anticipated, the largest SpotRank places are more
likely to attract a larger fraction of non-work visits.
-

Model 5 from Table 31 corresponds to the joint MNL specification. The independent -alternative specific
variables are the natural logarithm of the density of jobs in entertainment, food and retail. Recall that
such variables originate from the synthetic population, being this time grouped by the SpotRank place.
The coefficients of time and cost of travel in Model 5 are consistent with the results from Table 30: cost
and time are frictional; a greater distance or cost of an alternative affects its probability of selection
negatively. Similarly, time of travel exerts a higher deterrence for shopping than for dining and
entertainment. Meanwhile, travel cost has a larger effect on the selection of alternatives for dining than
for shopping and entertainment. Again, these results agree with the arguments of Central Place Theory.
The main difference between Model 5 from Table31 and Model 2 from Table 30 is in the estimated
coefficients of density of jobs by business type. In the current version, agglomeration effects for jobs in
retail and leisure are positive, as expected. However, the estimated coefficient for entertainment is
negative. This latter point is counterintuitive and contradicts the logic: larger density of jobs in
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entertainment decreases the odds of non-work visits. The crude representation of place attraction
through density of jobs by business type might be the cause of this inconsistency in the estimate.
Moreover, the McFadden RA2 is 0.17; the model fit is worse with SpotRank places as alternatives than
with the TAZ. This point is worth a discussion that we will defer for the final section of this chapter.

Model 6: Joint MNL improved with the P0/ data and the PAM
Model 6 in Table 31 replaces the variables of density of jobs by the sum of PAM patches from each of the
eight groups in the typology. The goodness of fit improves to 0.19 and results are consistent with Model
5 from Table 30. Deterrence of travel time is greater forshopping trips than for entertainment or dining,
while deterrence of cost is higher for dining than for the other two purposes.
The coefficients of seven out of the eight-medoid groups are statistically significant. The coefficient of
the group of Hawker centers is the only one not being statistically significant. Of these seven medoid
groups, all of them excepting the fourth PAM group of specialized shops exhibit a positive sign. This
result is consistent with Model 5 as well. Remarkably, the sixth PAM group in Model 6 -that of the
midsize shopping mall- has a greater coefficient than the fifth PAM group -the very large commercial
areas, after controlling for size with the log-area term. The goodness of fit confirms that the typology of
medoid commercial patches is a relevant variable to differentiate the attraction to a SpotRank place,
which could replace the characterization by the variables of density of jobs.
A benefit of including the PAM groups rather than the variables of density of jobs is that when
simulating the allocation of trips in a travel demand platform, a place that combines a large commercial
area, a midsize shopping mall and a supermarket with retail will be more attractive as a non-work
destination. In summary, there are several possible characterizations of place. Additionally, there are
various possibilities to represent that characterization of place as a factor that influences the choices of
destination alternatives. The specification with the PAM groups is one of these possibilities and it
demonstrates that it can work as well as the traditional measures and it captures some additional
characteristics of places that can be useful for urban planning.

Model 7: Nested Logit with the P01 data and the PAM
Finally, Model 7 is a NL. In this version, the signs of the variables are consistent with the previous
specification while the goodness of fit substantially improves. In this case, the PAM cluster with the
largest commercial areas has a bigger coefficient than the corresponding for the midsize shopping malls.
The logsums indicate that walking yields the greatest average utility across all potential destinations,
followed by transit, car and other mode. The NL rescales the magnitudes of the coefficients and the
utilities; the coefficients of travel time become larger in magnitude. The results suggest that once we
control by the upper level preference of travel cost, the travel time exerts larger influence than cost on
the selection over non-work destinations. This is logical given the cost of zero for the walking
alternative. For the non-work trips after 3 PM of full-time workers, the travel time from home inversely
correlates to the selection of a destination alternative fora non-work trip.
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Contribution of including the SpotRank places as alternatives and the PAM groups as
independent variables to a new understanding of non-work destination choice.
The discrete choice models of this section would require further refinement and testing of other
variables before reaching conclusions about the elements determining non-work travel destinations and
their elasticities. As we observed in the literature review, this type of efforts require of complex
modeling and nesting structures that consider activity and time-of-the-day scheduling. We defer this
task to future research.
However, the models presented in the previous section are helpful to demonstrate applications of our
place characterization, to make more realistic and behavioral representations of non-work destination
choice, first, by enriching the characterization of the alternatives, second, by systematically deriving new
units of place that draw the boundaries of nesting places that reflect real human activity.

Improved Characterization of SpotRank Places
The characterization of the SpotRank places through the eight PAM groups reflects the weights of
density and diversity attracting non-work visits to a given place. Chapters 3, 4 and 5 showed that the
main characteristic of the largest attractors of non-work visits was the mixing of different types of
patches; the combination of diversity and density in the commercial patches that they enclose. The
estimated coefficients of the PAM variables reflect this structure, by giving higher chances of
attracting trips to those patches that combine largest commercial areas, midsize shopping malls and
supermarkets. Using these estimated coefficients in a simulator of travel demand would produce
higher probabilities of trip attraction fora place such as Orchard Road, a place that concentrates a
number of large commercial patches.
In summary, the systematic approach to identify places from the SpotRank data and characterize
those places through the commercial structure that they contain is an improvement over a too
simplistic representation of place attraction only through density of jobs. This can be seen even with
the better fit achieved when the destination alternatives consist of the TAZ, despite the loss of
information when translating the values from the SpotRank place to traffic zones.

Improved Definition of the Choice Sets
Models 5, 6 and 7 with the SpotRank places as destination alternatives illustrate that the
methodology to define places from the SpotRank data and the scanning algorithm is a plausible
alternative to conceptualize places. The benefit of this approach is that the definition of place is built
from a systematic method constructed from the data of human activity approximated by the number
of cellphone locational requests at a given time and space. This methodology is supplemented by the
richer characterization of every SpotRank place through the type of commercial patches that they
enclose. These two elements combined represent a richer definition and characterization of the
choice sets of destination alternatives for discrete choice models to what is currently done in the
literature.
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Another benefit of our approach to definite the destination choice sets is the introduction of the
variable time in the definition of place. The TAZ are fixed and do not vary in the short run. By contrast,
the SpotRank places shrink or expand depending on the day and time of the activity, making a
conceptualization of place that is dynamic and adjustable to underlying human activity. This is also a
practical solution to what geographer Mei Po-Kwan has called about the incorporation of the
temporal dimension into our conceptualization of space (Kwan, 2013).
The models with the SpotRank places illustrate as well the potential of the methodology to define
richer nested choice sets of non-work destination that incorporate transportation mode, places, subplaces, commercial patches, and specific stores, being the spatial definition temporally dependent on
human activity. For instance, a future exploration would be to redo the clustering of the SpotRank
places from Chapter 3, but this time to include the medoid patch types at the interior of the places.
Then, test these SpotRank alternatives with the patch characterization in a nested structure with
transportation mode to see if the model fits improve or not. Another future work would be to fit a
nested structure that incorporates the transportation mode, the SpotRank place, the commercial
patch and the specific stores, in subsequent hierarchies with four levels.

Comment on the Negative Coefficient of Density of Jobs in Retail
The coefficient for the variable natural log of the density of jobs in retail is negative in Model 5, which
is a counter intuitive element. We discard a problem of collinearity in this case because the
correlation between density of jobs in retail and density of jobs in entertainment and food is 0.45 and
0.47, respectively. Thus, the data suggest that once controlling by the travel time of the alternatives,
the number of retail jobs has a de-agglomeration effect on trips. However, the justification of this odd
sign could be that number of jobs in retail is not an accurate variable to proxy for place attraction. The
number of jobs in retail by SpotRank place distorts the clustering effect of the commercial patch. The
PAM variables are a better proxy as they reflect density and diversity of commercial patches, and
hierarchy of place. The version of the model with the eight PAM variables improves the fit from 0.17
to 0.19, which indicates that the medoid patches effectively make a better representation of the data
using the scale of the SpotRank places.

Comment on the Worse Fit of the Versions of the Model with SpotRank Afternatives
The model fit of the version with the SpotRank places is noticeably worse than the versions with the
TAZ as alternatives. The TAZ make a better representation of non-work destination alternatives in the
HITS data. There are two potential explanations to this. On the one hand, the HITS is a household
survey that takes the TAZ as the anchor administrative unit for the stratified method of sampling.
Thus, rearranging the questionnaires into different spatial units distorts the sample survey. This could
relate to the Modifiable Areal Unit (MAUP) problem (Monmonier, 2014): the aggregation of the data
onto new spatial units distorts the values.
On the other hand, we assembled the travel time from the origin to a place destination, computing a
weighted average of travel time by the TAZ comprised within the SpotRank places. The problem is
that these weighted averages might misrepresent the data. The ideal would be to obtain origin218

destination travel time and cost at the postcode level rather than by TAZ. Future research should
explore a methodology that builds an origin-destination matrix of places that does not rely on the TAZ
as anchor spatial units. Public APIs such as Google Maps can turn into a valuable source for these data
in the future.
The demonstration of the potential application of our methodology to study non-work destination
choice raised questions about the correct survey data to collect, and about the precise geographical
scale to rely on when collecting that data. Therefore, the remainder of the chapter delves into an
exploration of how the current survey of HITS represents non-work trips, by focusing on the pattern of
the most interesting demographic group to our purposes: the fulltime workers.

7.8. Descriptive Analysis of non-work destinations of fulltime workers

afterwork.
This final section explores the non-lunch and non-work trips of fulltime workers. We focus on a
descriptive analysis of these trips because the preliminary exploration of the data demonstrated that
fulltime workers face the most interesting locational tradeoffs for non-work activity after work.
Fulltime workers, homemakers and retirees take 89 percent of the non-work trips. In the case of retirees
and homemakers, their home location is the anchor element affecting the non-work destination choice;
a majority of these trips is by walking mode to locations that are proximate to their home. The case of
fulltime workers is paradigmatic because their most common non-work trip is a walking trip for lunch
and to a place nearby the workplace. For those trips, the workplace is the anchoring spatial element that
restricts the range of alternatives.
However, the HITS contains a small subset of 498 non-work and not-for-lunch trips of fulltime workers
taking place after 3 PM. These are the most interesting cases for exploring the locational tradeoffs of
evaluating destination alternatives. For instance, suppose that for a given purpose a worker can choose
from alternatives in proximity to her workplace. Alternatively, she can choose a location in proximity to
her home location or at some place along the route between work and home. She could simply select a
location elsewhere in the city. Chapters 3 and 4 showed that the provision of non-work alternatives
nearby the home or work locations affect those locational choices for non-work purposes, and that the
predominant non-work trip is a stop after work and before heading to home. We want exploring this
claim through the HITS data.
Figure 60 illustrates the split of the 498 non-work and non-lunch trips of the fulltime workers in HITS
2012. We have that 332 of these trips started in the workplace, 114 started at home and 52 started at
other location than home or work.
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Figure 60. Number of Non-Work Trips by place of origin forfulltime workers andfor non-work trips after 3 PM

About 304 of the 332 non-work trips of these workers started at 'work' and continued to 'home' after
the non-work stop, while 12 of the trips went to another non-work destination after the stop. The
remaining 16 trips of the 332 went to other places in the subsequent trip, such as to a hospital, hotel or
to the office. Thus, the majoritarian pattern for the 332 trips starting at work consists of the workplace>non-work destination->home. The question is whether the non-work stops of these trips are in
proximity to home or to work.
Concerning the 114 trips that started at 'home', 78 of those trips came from workers who arrived from
their workplaces in an already preceding trip, made a stop at home, and then went to undertake a nonwork activity. About 16 of the 114 trips were on the weekend, when there is not an anchor workplace
location. Finally, the majority of the 52 non-work trips in Figure 60 that started at 'other' location consists
of travel with a preceding non-work trip that started at 'home' (n=14) or started at 'work' (n=28), where
the traveler chained two non-work stops in a row.
In summary, this exploration suggest that a problem of internal validity with the HITS to analyze nonwork destinations is that the survey contains very few cases of non-lunch and non-work trips from
fulltime workers. Of those non-work trips that started at work, about 92 percent consisted of the activity
pattern work->non-work activity->home.
The non-work trips that started at home are only a handful, but represent complex locational behavior.
About 68 percent of the home based trips were from workers who arrived home after work, made such
stop at home, and undertook a non-work trip afterwards. The question is why did they stop at home and
then went to the non-work activity? What type of activity motivates them to leave home after work?
Meanwhile, the 19 percent of the home-based trips corresponded to weekend trips of workers who
started their trip at the home location. The remaining 13 percent represent the trips in the activity
pattern non-work activity->home->non-work activity operable on both weekends and weekdays. Now,
our interest is adding a spatial dimension to the destinations of these trips to determine whether the
offer of amenities around the workplace or home location could influence the selection of the
alternatives. The next lines address this attempt.
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Analyzing the Spatial Dimension of Non-Work Destination Choicefor Non-Lunch Trips of
Fulltime Workers.
To conduct this exploration, we condense the regions of Singapore into three simple spaces: Central
Area, Central Region and the Suburbs. Figure 61 illustrates the three zones, which follow the boundaries
of the Planning Areas of Singapore. The central area comprises Downtown, Bugis and Orchard Road. The
Central Region is the outer circle of the central area, which contains neighborhoods such as Bukit Timah,
Bukit Merah, Marine Parade, Toa Payoh, Novena and Geylang, among others. The suburbs corresponds
to the outwards concentric circle from the Central Area and the Central Region, shown in green color in
the map. The central area contains 35 percent of the jobs and 4 percent of the residents in Singapore;
the central region represents 28 percent of the jobs and 27 percent of the residents; the suburbs
contain the 37 percent of the jobs and the 70 percent of the residents.

Figure 61. Regions in Singapore built from the Traffic Analysis Zones (TAZ)

The analysis of Chapters 3 and 4 (using the EZ-Link transit data) suggested that workers living in the
suburbs but working in the central area preferred non-work destinations nearby their workplace to a
larger degree than workers living and working in the suburbs. Presumably, this pattern was observable
because of the larger and wider offer of leisure in the central area than in the suburbs, which motivated
those workers to stay in the same central region after work for non-work activities. Let us explore
whether the HITS registers trips under this pattern of activity or not. The next three subsections explore
the trips in hits under the following configurations: workers living and working in the suburbs, workers
living in the suburbs but working in the central area, workers living in the central area but working in the
suburbs.

Non-work trips offulltime workers, after work and heading to home after the non-work
stop, later than 3 PM (N=300 trips)
Table 32 summarizes the statistics of travel time and arrival time to the non-work destination of 300 nonwork and non-lunch trips from fulltime workers. These trips arrived to the non-work destination from
the workplace, and headed to home after the non-work stop. The HITS of 2012 includes only 300 trips
with such characteristics, which is about 0.5 percent of the total number of trips; a small number to
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identify patterns across SpotRank places. In the interest of brevity, Table 32 shows the 12 most frequent
patterns of the 36 observed in HITS. The three first columns indicate the location of the workplace (the
origin of the trip), the destination of the trip (where the non-work activity takes place), and the homeplace (where the traveler is heading after the stop). The fourth column indicates the transportation
mode of those trips.
The first and most numerous combination is that with the 71 trips of the worker who labors in the
suburbs, lives in the suburbs, and makes a non-work stop to the suburbs (by transit) as well. The
travelers of these trips have a median travel time of 15 minutes from their workplace to the non-work
destination, while the median travel time from the non-work stop to home is only 3 minutes. About 59
of these 71 trips have a purpose of shopping; about 10 have a purpose of dining. The pattern of this
group is consistent with our findings from Chapters 3 and 4 with the EZ-Link Data: travelers who work
and reside in the suburbs, and select a non-work destination in proximity to their home place. Places
such as Clementi, Yishun, Kathib and Woodlands contain trips from HITS under this pattern. The social
profile of the traveler is the middle class worker, occupied in clerical, professional, managerial or
services positions, and living in a four or five room HDB.
The second most frequently observed pattern records 35 trips and represents the workers in the central
area who live in the suburbs, and make a non-work stop after hours in the central area, rather than in
the suburbs. In other words, the non-work destination is to a place in proximity to the workplace.
Interestingly, these 35 cases are walking trips, occurring at the average time of 6:18 PM and having a
purpose of shopping. Interestingly, travelers walk a median of 13 minutes to their destination, and then
most likely continue the trip to home by switching to transit or to car mode because the home locations
of these travelers are remote from the central area. This group corresponds to the workers in the
central area, who walk to a facility in the same area for shopping, before taking the long commute to
home. The profile of the traveler is also the clerical and professional worker who lives in an HDB. We
need to collect more data of these interesting cases to evaluate the locational tradeoff in which they
decide staying in the central area rather than going home.
The third most frequent pattern is the traveler who works, resides and makes the non-work stop in the
suburbs, although by 'other' transportation mode rather than by transit. Correspondingly, the selection
of the location is far from the workplace and at short proximity to home. A majority of these trips are for
shopping, although there is an important fraction fordining. Recall that the 'other' mode of transit
includes the options of taxi and company shuttles.
The fourth most observed pattern, which records 25 trips is that of workers in the central region that
reside in the suburbs, and who make a non-work stop in the suburbs as well. This stop has a mode of
transit. The median travel time to the non-work stop is 35 minutes, while the median travel time from
the non-work destination to home is 2 minutes in transit. About 19 of the 25 trips have a shopping
purpose. The socio-demographic profile of the small number of travelers is the middle class worker.
The fifth and sixth patterns with 25 and 24 trips each correspond to travelers who work and live in the
suburbs, make a non-work stop in the suburbs, relying on a transportation mode by walking and by car,
respectively. The median travel time by walking is 25 minutes, and it is of 19 minutes by car. The median
travel time by walking to home is 63 minutes, while the median travel time by car to home is 5 minutes.
Despite, the 63 minutes by walking, the distance to home is only 4-5 km. This distance could be covered
in a small number of minutes with a motorized vehicle. The trips of these two patterns are interesting
because the travelers select destination choices that are far from the workplace, even for the walking
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trips that involve a considerable amount of time. The destinations are in proximity to home, but still
take the travelers between 5-10 minutes to reach home. The data show that the destination of these
trips corresponds to regional centers of activity, such as Ang Mo Kio, Tampines, Jurong East, and Yishun.
The comparison between the seventh and eighth patterns is interesting because those trips correspond
to residents in the suburbs who work in the central area and take transit to the non-work destination on
their way to home. However, the travelers in the seventh pattern take a trip of 30 minutes to the nonwork destination, which is going to be far from work and at short distance from home. By contrast,
travelers in the eighth pattern select a non-work destination also in the central area, after a short ride of
10 minutes to the non-work stop, taking a long commute of 30 minutes to home after the stop.
Let us draw conclusions from this exploration. Unfortunately, the sample in HITS contains only a handful
of trips of residents in the Central Area and Central Region; the vast majority of the travelers in the
sample happen to live in the suburbs. The most observed pattern corresponds to travelers whose
workplace and residential locations are in the suburbs, making a non-work stop at a place in the suburbs
as well. This stop could be under any transportation mode. Typically, the choices of these non-work
destinations favor locations closer to home than to work. Interestingly, even the walking trips from the
workplace to the non-work destination are not as close from the workplace as one might suppose given
the election mode of walking. The prevalence of this type of patterns or cases in HITS is the reason why
travel time from home for the non-work destinations of fulltime workers had a negative sign in the
models. The fulltime workers exhibit very interesting travel behavior for the trips after work.
Unfortunately, the HITS contains very few of these cases as for exploring patters across the SpotRank
places. The HITS might not be the most suitable data to analyze locational tradeoffs for non-work
activity.
However, three clear patterns emerge from the descriptive analysis. First, the workplace, the home
place and the activity pattern of the day definitely constrain the locational choices for non-work
activities. Second, a traveler both living and working in the suburbs most likely selects a non-work
destination in close proximity to home. Third, a resident in the suburbs but working in the central area
faces a mode-destination tradeoff between three options:
a) Can decide to walk somewhere nearby her work location and then commute to home by taking
other mode than walking;
b) Can opt for taking transit or driving for about 10 minutes to a non-work destination, and then
commute to home for another 20 minutes on average;
c) Can select a non-work destination in the suburbs, at a place nearby home.
In conclusion, a worker in the central area but living in the suburbs selects between staying in the
central area (and walk to the destination) and going somewhere nearby home (taking a motorized trip
or even walking), without really considering a stop along the route to home as an option. By contrast,
workers in the suburbs are most likely to select a location in between home and work, such as a regional
sub-center of activity, as a suitable spot to stop for shopping, leisure or dining. These sub-centers of
activity could be along the route, or most likely in closer proximity to their homes. A pattern that is not
observable in HITS is that of the resident in the central area who travels to the suburbs after work and
before returning to home in the central area again.
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Table 32. Non-work and non-lunch trips offulltime workers, whosesubsequent trip was to home. (N=300)
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Non-work trips offulltime workers, after work and stopping to home after work, before
heading to the non-work stop, after 3 PM (N=94 trips).
contains the summary statistics of 94 out of the 114 trips of fulitime workers that take place
after 3 PM, where the point of origin to the non-work destination is the home of the traveler. These 94
trips are a subset of the 114 because they restrict to trips on weekdays with the following pattern of
activity: work->home->non-work destination. In summary, these fulltime workers commute to home
once they finish their daily job, and then undertake a non-work activity outside home.
Table 33

The profile of the travelers is slightly different from that of the fulltime workers doing the non-work
activity after work. In this case, we observe a larger fraction of residents of private housing, a smaller
fraction employed in clerical and services' positions, and a larger fraction of professionals and managers.
Why this pattern of travel suggest a higher income among these travelers? Is it that people with higher
incomes live closer to work and find more convenient to make a stop at home after work or is it
anything else? The median arrival time to the non-work destination of these trips occurs at the average
late time of 8 PM. It would be interesting to count on a larger fraction of trips in HITS under this pattern,
in order to explore the destination of those trips that travel further, whether it is Orchard Road or Bugis
or a regional center of activity.
Table 33 includes the six most observed of the 28 combinations with the largest number of trips under
this pattern of activity. A majority of the combinations contain only one or two trips observed in the
HITS. Interestingly, almost half of the trips have a dining purpose. Recall that the vast number of trips in
the previous pattern of non-work trips of fulltime workers after work and heading home after the nonwork stop were for shopping. In this case, the trip after a stop at home is equally likely to be for food as
for shopping. The trips by walking take a median travel time between 12 and 21 minutes, depending on
the combination. This is a fair amount of travel by walking and especially under the hot weather of
Singapore. The median travel time by car is between 4 and 15 minutes, depending on the locational
combination. Thus, non-work destinations are close to home, but they involve a considerable amount of
travel, especially if it is a walking trip. The amount of travel time indicates that the non-work destination
of choice is not the immediate facility in the ground floor of the residential building.
We observe in HITS a small number of trips from residents living in the central area and in the central
region. The third, fourth and sixth patterns (rows) in Table 33 include 17 trips by car and by walking from
travelers who work in the suburbs, live in the central area/central region, but select a non-work
destination in the suburbs. HITS only contains few cases like these, but represent a very interesting
pattern to explore further on the activities of motivations of these travelers who decide to walk towards
suburban locations.
For the workers who travel from work to the non-work destination and then to home, the HITS does not
report any record of travelers living in the central area and traveling to the suburbs after work, with a
non-work purpose. However, this pattern provides evidence in HITS of few cases of workers living in the
central area, where they also stop after work, to continue their journey to the non-work destination in
the suburbs. It is an opportune pattern of activity: the traveler stopping at home in the central area after
the job, and then undertaking a non-work trip later on for dining to a place that involves some travel but
does not locate very far from home. Again, the HITS only reports 1-2 cases under these circumstances.
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Table 33. Non-work and non-lunch trips offulltime workers, whose preceding trip was from work to home (N=94)
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Non-work trips offulltime workers, after work and stopping to other location after work,
before heading to a second non-work stop, after 3 PM (N=51 trips).
The HITS contains only a handful of cases of trips from fulltime workers chaining two non-work
destinations in the same travel. There are 51 trips from a non-work origin to a non-work destination.
About 14 of these 51 trips had an activity pattern of 'home'->'non-work destination 1'-> 'non-work
destination 2', while 28 of the trips showed the pattern 'work'->'non-work destination 1'->'non-work
destination 2'. The median travel time from the first non-work destination to the second one is 14
minutes. On average, the location choice of the second non-work destination is closer to home than to
work, even for those travelers whose previous non-work trip departed from the workplace. The mode
split of these 51 trips is 26 by car, 17 by transit, 7 by walk and 1 by other. In summary, the second nonwork destination has an average travel time of 15 minutes from the previous non-work location. The
destination choice favors the proximity to home for the selection of the preferred alternative.
Unfortunately, the number of trips under this pattern is small for exploring their split by region in
Singapore.

Summary
The estimates of the discrete choice models showed the potential of developing a systematic approach
to identify places and characterize them as destination alternatives, in order to generate a richer
understanding of non-work destination choice. The discrete choice models were helpful to illustrate
applications of that methodology on data from the HITS survey. However, the exploration of the subset
of non-work trips in the HITS data suggest that those estimates from the discrete choice model should
be considered cautiously because the transportation survey is not the most suitable data to explore
locational tradeoffs for non-work activity.
The problem of exploring non-work destination choice with a transportation survey is that certain
demographic profiles and mode choices predominate, such as those from the retirees and homemakers
walking to the closest facility to where they live -or those from the workers going for lunch-. The
prevalence of those cases in the survey pulls the estimates of the coefficients towards a preference fora
walking mode and non-work destinations located at short distance from the trip origin, which is what
the estimates of the variables travel time and cost show in the discrete choice models. However, the
most interesting cases from a locational point of view are atypical behaviors barely observed in HITS,
such as the worker living in the central area who travels to the suburbs after work. The few cases in HITS
with complex locational tradeoffs prevents a deeper exploration of the spatial dimension of the trips
across the SpotRank places. Therefore, further research is needed regarding appropriate methods of
data collection to explore non-work activity.
Another source of bias in our exploration of non-work destinations is the representation of the TAZ in
the HITS, and the conversion of those spatial units onto SpotRank places. The problem with that method
of converting spatial units is that it generates a disproportionate number of cases from HITS in the
largest SpotRank places, which happen to be the same places that enclose the largest number of TAZ
polygons. The next section describes this problem in further detail.
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Note on the Spatial Mismatch between SpotRank Places and TAZ.
The HITS is statistically representative of the TAZ. Recoding the questionnaires to accommodate to the
SpotRank places could generate a bias in the results of the model. A problem is that the conversion of
the trips' destinations onto SpotRank places could distort the sampling representation. About 95
percent of the SpotRank places comprise more than one TAZ. Actually, a number of them, especially the
SpotRank places in the central area, contain between 15 and 20 different TAZ.
For instance, Figure 62 compares the overlapping between two SpotRank places and their corresponding
TAZ. The two radiuses of the SpotRank place are comparable, the first one is 1,022 meter and the
second one is 1,039. The difference between the two is in the location of the place and the number of
TAZ that they contain or overlap.
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Figure 62. Overlap of TAZ and SpotRank places in Downtown (left) and a suburban place (right)

The left pane illustrates the SpotRank place of downtown and the number of TAZ polygons that they
contain. The right pane is a suburban SpotRank location of Woodlands. The circles of the two SpotRank
places enclose similar areas, but Downtown contains twice the number of TAZ than Woodlands.
The HITS relies on the TAZ as sampling unit. The problem is that the sampling procedure stratifies the
TAZ to include enough questionnaires in each TAZ to be representative of this spatial unit. As a result,
when we reconvert the HITS to SpotRank places, we can expect an over representation -or a larger
number of choices of SpotRank alternatives- at those places that contain a large number of TAZ, such as
in the central area of Singapore. Then, the estimates of the discrete choice models fitted with the
SpotRank places as alternatives would be reflecting in a higher proportion variables that affect the
observed choices at locations in the central area. In other words, the manipulation of the HITS
questionnaires to accommodate a different scale would over represent the cases of those SpotRank
places in the central area of Singapore, potentially biasing the estimates of the models than if relying on
the TAZ. This evidence is a call to re-evaluate and discuss what is the suitable data and scale to collect
data on non-work activity. A survey whose sampling unit is the SpotRank place instead of the TAZ could
be a solution to this potential problem.
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7.9. Conclusion
This chapter replicated a classic discrete choice model of transportation mode and non-work destination
choice from the literature, fitting versions with an MNL and a NL specification. The model specifications
relied on the sampling procedure of alternatives to handle the problematic large number of options in
the choice set. The next lines enumerate the most important findings of the chapter.
First, the characterization of the alternatives with the PAM typology of commercial patches developed in
Chapter 5 proved its potential to achieve a richer representation of place attraction. A representation
that explicitly integrates the commercial hierarchy of a place, the density of the commercial patches and
their diversity, through a typology of eight variables. This richer specification could replace the typical
characterization that we find in the literature of transportation of density of jobs by business type. Our
richer characterization has the potential to improve the simulation of travel demand allocation because
it is sensitive to local characteristics of the space. It would consider, for instance, the combination of
types of commercial patches into a place to calculate its probability of attracting non-work visits.
Suppose a place such as Orchard Road that includes a number of patches from the fifth and sixth
medoid groups. Under a hypothetical travel demand simulator, Orchard Road will obtain the highest
probability to be chosen as a destination alternative because the place combines the larger number of
big with midsize commercial areas. This representation is consistent with our exploration of the EZ-Link
data.
Second, another interesting finding of this section is that the estimates of the eight-medoid variables in
the discrete choice model, their signs, order and magnitude would reproduce a representation of place
attraction as theorized by the classic Central Place Theory. Bigger and more specialized commercial
patches would drag people from further away. By contrast, smaller patches of mixed retail are found
everywhere and cater mostly to local neighbors. This is also consistent with the frictional travel time and
cost found in the model estimates.
Third, estimating the models with the SpotRank places as alternatives revealed as a fruitful approach. It
demonstrated that the definition of the SpotRank places is a systematic and replicable solution to create
meaningful spatial units that reproduce human activity. Moreover, this methodology can represent
temporal variations of activity in the definition of the places and produce meaningful estimates for a
discrete choice model.
Fourth, the systematic identification of SpotRank places is a methodology with the potential to improve
the creation of rich nested structures for the choice sets. It is also a way to reconcile the literature of
place attraction in geography with the literature on transportation, by proposing a systematic and datadriven approach to identify 'places' and to characterize the spatial-hierarchical nests in the interior, at
the time that it is sensitive to transportation mode. Future research would test a nested logit model
with transportation mode, SpotRank place, commercial patches within, and commercial establishments
inside, to explain destination choice. However, to test such rich model, we will need to evaluate
alternatives to a transportation survey. It would require of appropriate data that capture non-common
patterns of non-work destination and activity.
Fifth, the SpotRank places yielded worse model fits than the TAZ as destination alternatives. The
explanation of the worse fits with the SpotRank places than with the TAZ as alternatives could be the
inappropriate spatial representation of the time and cost of travel when rescaling these values to fit by
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SpotRank place. This element would also require further exploration. Similarly, there is a problem when
combining the HITS data, its sampling procedure by TAZ, and the bias introduced when combining the
questionnaires to accommodate to the SpotRank places. The usage of the HITS data with SpotRank
places and discrete choice models is a methodological challenge because it produces unbalanced panel
data. A few discrete spatial units with large areas that encompass various TAZ capture the vast majority
of the trips. The imbalance in the panel could generate problems of matrix singularity when estimating
richer statistical specifications with alternative specific variables. The solution would be to collect new
data that are statistically representative of the SpotRank places rather than the TAZ.
Finally, the exploration of the non-work and non-lunch trips from fulltime workers demonstrates that
the HITS might not be the best data to explore non-work destination choice. The problem is that the
large fraction of non-work trips by walking and to locations close to home pushes the average of the
estimated coefficients to those common cases, concealing other minority but interesting travel patterns.
For instance, we observe in HITS about 300 trips of fulltime workers with the activity pattern workplace>non-work destination->home. These 300 trips show that, on average, workers prefer locations close to
home than to work for the non-work stop. We identified another interesting pattern in 35 trips of
travelers who work in the central area, live in the suburbs, but take a non-work walking trip to a
destination close to work. Similarly, there is little evidence -only 4-5 trips in HITS- of workers living and
residing in the suburbs who travel to the central area for non-work purposes and then go back to the
suburbs to entry home. Moreover, the HITS represents one day of activity of the traveler. To identify
more complex non-work activity patterns, we would require panel data of the trips of the same traveler
during an entire week, or at least information that registers the trips of a same traveler on both
weekend and weekdays. Therefore, the challenge is to design a methodology able to collect enough
cases from such interesting locational behaviors, along with more detail on the undertaken activity
besides the broad categories the HITS reports. More data would allow us to explore differences across
SpotRank places in non-common and non-work destinations. It would also allow us to answer finally the
question of why a worker could prefer walking for shopping to a non-work destination close to her
workplace rather than taking the train to home and doing the shopping at a place that is close to home.
We need more than transportation surveys to explore non-work activity.
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8. Conclusions
This thesis sheds light on the study of non-work travel destinations. The study relates to a bigger
question in urban planning, that of exploring the relationship between the built environment and the
social behavior of people. In light of this larger question, two elements, the characteristics of a place and
the non-work related travel behavior present a conundrum: place characteristics can affect non-work
activity (e.g. destination choice, time spent at the place, socialization), while the flow of visits can
change the character of place (e.g. mix of establishments, density). The policy implication of this
phenomenon is that land use and transportation policies affecting place characteristics could indirectly
impact the social behavior of people- where they go, and at what time, which in turn has implications on
the social sorting of people in urban space, consumption of catchment areas of businesses, and travel
demand.

8.1 Motivation
"Place" is a key concept for the exploration of the interaction between the built environment and social
behavior. A place embodies the geographical and territorial scale that anchors the interaction between
these two elements. Consequently, a pertinent question in the field of urban studies is that of what
characteristics a place must have to be a successful attractor of non-work visits. However, a limitation in
the field of urban studies is that we do not even have a clear answer to the question of what a place
represents, and what elements should define its geographical boundaries (e.g. travel, activity, mental
maps, built environment, among other possibilities). Therefore, even if fully answering such a question is
beyond the scope of this thesis, a first step towards exploring the link between place characteristics and
travel behavior is to trace the boundaries of those places in a meaningful way that preserves the
characteristics that matter to urban planners when exploring non-work travel behavior. In other words,
we need a consistent and replicable method for identifying places, drawing their boundaries and
characterizing them to explore non-work activity. This method should be a data-driven approach that
draws lines between places by considering both human presence and the built environment.
The current literature in transportation does not commonly identify and characterize places with the
level of detail required by planners to explore the attributes of the built environment that affect nonwork travel behavior. Transportation surveys typically use Traffic Analysis Zones (TAZ) to define place or
destination of non-work activity. TAZ are effective to forecast travel demand. Nonetheless, for our
purposes, their limitation is that TAZ boundaries do not pay attention to the physical composition of the
built environment that defines an attractive place. Similarly, the characterization of place in
transportation literature consists either of density of jobs in businesses associated with non-work
activity, or a diversity index of types of businesses located in the place. Likewise, the problem with these
measures by TAZ is that they are a coarse representation of the attraction of the built environment for
non-work visits. For instance, a description of downtown Singapore that includes the number of
shopping malls, the number of food markets, and the number of commercial strips entails a richer
characterization of downtown than simply counting the number of jobs in retail in the entire downtown.
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The characterization of a place is important because more elements beyond diversity of commercial
establishments define the potential for attraction of non-work visits. Generally, the places contain subspaces where activity clusters, and the combination of those sub-spaces is part of what defines the
character of a place. Moreover, the characterization of a place should be able to reproduce the
hierarchy of importance of those sub-spaces as potential attractors of non-work visits. For instance, the
method must distinguish between a large shopping mall and a small plaza with a supermarket because
their respective levels of attraction of non-work activities are different from each other.
The introductory chapter of this dissertation stated that the question motivating this research is how
new sources of data can contribute to identifying and characterizing the non-work destinations of
travelers in cities, systematically and based on data. The next section describes the methods and results
of each chapter to the answer to this question.

8.2. Results
A Data-Driven Approach for Developing a Methodfor Identifying Non- Work destinations.
Chapter 2 utilized a score of people-presence by hour of the week for 100x1O0 meter cells throughout
Singapore, combined with a pattern-detection algorithm, to circumscribe places and blocks of time with
peaks of people-presence for every day of the week. The data for the analysis consisted of cellphone
locational requests from the data SpotRank. The pattern detection algorithm scanned the data by hour
and cell to identify peaks of human concentration over time and space. The method of pattern detection
from Chapter 2 produced a number of cylinders.15 This thesis refers to these cylinders as "SpotRank
places" through the chapters.
The pattern-detection algorithm simulated the drawing of cylinders with varying radiuses and heights on
the data. These cylinders served to identify peaks of people-presence in the following way. The method
compared statistically the average scores within a cylinder against the average of the scores outside of
the same cylinder. If the difference between the two was an extreme case under a normal distribution,
then it randomly permuted the observed scores from the entire grid to compute a p-value of the
likelihood that such an unusual detected high-score -within the cylinder- was the product of
randomness. The same method was run separately on all seven days of the week with the objective of
generating a definition of SpotRank places across days and then comparing their boundaries and peak
hours.
The resulting SpotRank places contain spatial-temporal boundaries identifying between 86 and 95 places
depending on the day of the week. Generally, the boundaries exhibit regularity from Monday to
Thursday, Friday, Saturday and Sunday being the days with higher variation. A reason for this variation is
the fact that the data reflects the changing patterns of human activity on weekdays and weekends. The
time of occurrence of a peak of people-presence varies from morning, noon and evening; this
information provides clues regarding the predominant type of ongoing activity at the place. For
instance, places with a morning peak at 10 AM seem to have a large concentration of jobs. Meanwhile,
The radius is defined by latitude and longitude of the SpotRank cells, while the height of the cylinder
corresponds to time of the day.
is
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evening peaks seemed to relate to residential areas or spaces with a large offering of leisure activities.
The picture that emerged from the exploration of the results is that the SpotRank places enclosed nonwork destinations, but also comprised areas with a large proportion of jobs and residential dwellings, or
areas that combine non-work destinations together with work destinations, residences and schools. The
non-work trips of a transportation survey confirmed that the SpotRank places were good at capturing
the boundaries of places with shopping or dining activities. The SpotRank places comprised above 90
percent of shopping and dining destinations. However, they also contained about 50 percent of the trips
to industrial or open space destinations. It was clear that additional data were needed to supplement
the characterization of the SpotRank places, especially to distinguish those places with a high
concentration of non-work people-presence.
The results indicate that this cylindrical representation of place is a competitive spatial representation to
the Traffic Analysis Zones (TAZ) for exploring the relationship between built environment and non-work
travel mainly for two reasons. First, the people-presence by hour represents real human activity taking
place in the built environment. Thus, the traced boundaries that our tool delineated enclose spaces with
the highest concentrations of people at specific times. The facilities or physical traits underlying these
peaks of activity are the focus of our exploration of place attraction. Thus, we are indirectly drawing the
boundaries of the physical environment from the information about the human activity overlaying it. By
contrast, the TAZ are transportation zones that reflect travel infrastructure and travel demand, whose
boundaries are not necessarily representative of human presence in the built environment. The second
advantage of our representation of place is the representation of the temporal dimension in the
definition of place. The temporal dimension is important because non-work travel is highly dependent
on daily activity patterns, which fluctuate across time of the day and day of the week. For instance, the
location of the workplace influences the selection of non-work destinations of workers after hours on
the weekdays, while this constraint is non-existent on the weekends. Thus, the boundaries of the places
should be able to expand and shrink adapting to the varying human activity across time. The SpotRank
method incorporates the temporal variation of activity and produces different boundaries for the places
depending on the day of the week. These boundaries shift, collapse or expand across days. In areas with
a large proportion of jobs, the change in the boundaries is dramatic between weekdays and weekends.
In summary, the SpotRank data from cellphone locational requests are a new source of data that,
combined with our method of pattern detection, offers a promising approach to identify non-work
destinations in the city. The approach appears promising because it incorporates the built environment
and human activity as the definitional elements of these boundaries through the use of not just the
SpotRank data alone but its combination with the pattern detection method. The method appears
appropriate because it exploits the high level of spatial and temporal resolution of the data by
generating results -boundaries- with the same high level of resolution as the raw data. Similarly, the
method is systematic and replicable with SpotRank data from other cities. The next step in the analysis
was to test this definition of place with data of non-work travel to measure the internal validity of our
unit of scale, the SpotRank place.

233

Test of Validity of the Method of Constructing the SpotRank Places
Chapter 3 tested the SpotRank place as a unit of analysis for exploring the non-work destination choices
of workers traveling by transit. This analysis used the EZ-Link dataset with information of 1-week of
transit ridership in Singapore by bus and by train.
An algorithmic and rule-based solution identified a pool of 500 thousand riders in the data for which the
method could identify, with an acceptable degree of confidence, their home and work locations. The
daily schedule and the frequency of usage of specific transit stops by the travelers over a week of
activity was the information used to identify home and work for each for these 500K cases. Once the
algorithm identified these two anchor locations in the subset, we explored the non-work destinations of
these travelers, by combining our own definition of SpotRank place to the trips in the data. To analyze
this large number of trips, our approach consisted of aggregating the trips by SpotRank place and
focusing on a common non-work activity pattern. This pattern was the worker leaving the workplace in
the evening, making a non-work trip to a destination, and then going home. This pattern was useful
because the data reported both the travel time from the workplace to the non-work destination and
from the non-work destination to home, with our goal being to compare the two segments. As a result,
the analysis aggregated the travel times of the two segments, taking their average by SpotRank place of
arrival of the non-work trip, and by the corresponding SpotRank place for home and workplace of the
traveler. This produced a number of plots that compared the average travel times by place.
The aggregated patterns of travel by place showed consistency in the distribution of the arrival and
travel times. The aggregation of the trips by SpotRank place showed that the central area of Singapore
was the main concentrator of non-work activity on both the weekends and the weekdays. Moreover,
the exploration suggested that the provision of amenities at a place could affect the odds of selection of
that same place as a non-work destination. For example, a majority of the workers with a workplace in
the central area prefer a non-work destination after work in the same central area rather than nearer to
home. A potential explanation to this phenomenon is the larger variety and density of non-work
activities available in the central area than in the suburbs. The analysis also showed that destination
choices of workers in the suburbs are richer, more diverse and harder to anticipate than those of
workers in the central area.
In summary, Chapter 3 tested the internal validity of the SpotRank places as a useful unit of analysis or
spatial representation for exploring non-work travel in a meaningful way, while it revealed interesting
locational patterns that seem influenced by a combination of accessibility and provision of activities. As
we mentioned about the method from Chapter 2, the tracing of the boundaries of the SpotRank places
was not arbitrary, but reflective of human concentration. Thus, Chapter 3 demonstrated that SpotRank
places could be a successful vehicle in aggregating large amounts of data to reveal spatial differences in
the locational patterns for residents, workers and visitors across the geography of Singapore.
Additionally, the exploratory analysis of the transit data showed that travel behavior could shed light on
the identification of SpotRank places that have a high concentration of non-work visits.
Chapter 4 systematized the exploration of non-work travel from Chapter 3 by using the same subset of
trips of 500 thousand riders, and the definition of their home and work locations. Chapter 4 focused on
developing a typology of place that exclusively considers the arrivals of non-work trips. We aggregated
the number of non-work trips in transit, counting them by SpotRank place and type of origin of the trip.
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The type of origin of the trip referred to the station of departure, whether it was home, workplace or a
non-work destination. We also aggregated the time of travel and time of arrival by SpotRank place, and
by the type of origin of the trip, taking the median value of those variables. This created more than one
hundred variables that represented normalized counts of non-work arrival, by origin (home, work or a
non-work destination) of the non-work trip, and the corresponding travel times and time of occurrence
for each combination. Then, principal component analysis reduced dimensions of these over one
hundred variables, and a k-means clustering used the first eight components to group the SpotRank
places according to those measures. The k-means clustering built two typologies of non-work travel by
place: one for the weekdays and another for the weekends.
The main results of Chapter 4 are twofold. The first is methodological. The chapter confirms what we
observed in Chapter 3, that the SpotRank place is a useful unit of analysis for aggregating non-work
travel behavior and for exploring spatial differences in the collective choices of people across places in
Singapore. The second result is significant forthe understanding of non-work travel because the analysis
suggests clear differences in the patterns of aggregated travel behavior by place. It could be an indicator
of the importance of place characteristics and accessibility on non-work destination choice. The
Singapore SpotRank places of Bugis, Orchard Road, Downtown and Vivo City are the most important
concentrators of non-work visits by transit in Singapore. It is hard to be conclusive regarding the
attraction of these places because they do have a large offer of non-work activity, but at the same time,
the four areas are in proximity to the largest pool of jobs on the island. Additionally, about ten regional
sub-centers of activity, spread across the city, attract an important fraction of workers' non-work trips
after hours, especially from workers who live near those centers. It is dangerous to argue about
individual travel patterns from the analysis of aggregated trips by place without falling into an ecological
fallacy. However, the differences in the patterns of arrival of the trips by place are remarkable,
suggesting that workers on the weekend tend to choose as non-work destination either a place in the
central area or a regional sub-center nearby home. By contrast, the destination choices on the weekdays
after work exhibit a large degree of variation. On weekdays, the most consistent or predictable pattern
as noted before, is a worker in the central area who lives in the suburbs, being likely to stay in the
central area for non-work purposes.

A Data-Driven Approach for Developing a Method of Characterizing Non- Work
Destinations.
Chapters 3 and 4 tested the validity of the method of identifying and drawing the boundaries of the
SpotRank places to study non-work destination choices. At the same time, they indicated important
differences regarding the patterns of transit trips to non-work destinations by place. These patterns
deserve more attention because the differences by place suggested that the offer of non-work activity
available at the workplace and at home could influence destination choices. Thus, a pertinent question
is which type of offering of non-work activity -alternatively, which type of configuration in the built
environment- could have such effect on non-work travel? The first approximation in answering this
question should be a systematic method of measuring and classifying the characteristics of place.
Chapter 5 returns to the research question of finding a systematic, data-driven approximation for
characterizing places in a meaningful way to study non-work activity. A problem with human activity at a
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place is that it is never uniformly distributed throughout the interior of the SpotRank places but rather,
clusters at delimited sub-spaces that appear to be patches of activity when we observe them on a map.
For this reason, it was a methodological challenge to develop a data-driven and systematic approach to
characterize the potential of a place to attract non-work activity. Chapter 5 proposed a potential answer
to this problem. To illustrate our approach, let us compare the method from Chapter 5 with a typical
representation in the literature. A common method in the transportation literature would have been
characterizing the places with a measure of diversity or density of commercial establishments to
represent the potential of attraction of the place. However, an approach of this type fails to represent
the richness of the built environment that matters to urban planners when exploring the link between
travel and social behavior, because the richness of a place lies in the composition of differentiated
spaces catering to different people or activities, rather than merely a count of the total number of
establishments.
The technique used in Chapter 5 employed data of commercial establishments from the Google Place
API to characterize places. The latitude and longitude of commercial establishments were our
approximation to represent the features of the built environment that are relevant to non-work
activities. The technique consisted of several steps. The first one utilized the DBSCAN algorithm of
spatial clustering to draw the patches within the SpotRank places, using the points of commercial
establishments as the input. The DBSCAN algorithm performed the clustering based on the density of
the spatial distribution of points; a benefit of this algorithm was its capability of identifying irregular
geometrical shapes such as commercial strips of retail.
Second, once the DBSCAN traced the boundaries of the patches, the method computed a number of
measures that captured the geometrical topology of the patch; the diversity and density of the
establishments contained; and the dependence of the location of these establishments on the presence
of anchor stores or shopping malls. The measures of the geometrical topology of the patch consisted of
the computation of the Convex-Hull polygon from the points of commercial establishments contained by
a patch. The area and the perimeter of this Convex-Hull polygon computed a ratio that measured the
degree of compactness of the geometrical shape enclosing the commercial establishments. The
rationale for including this variable of compactness was to have a measure that could guide the process
of distinguishing between patches of commercial strips versus boxed-malls.
The measure that captured density in a patch was the number of points contained over the area of its
Convex-Hull. The measures of diversity consisted of a Herfindahl Index of type of business (as reported
by Google Place) of the commercial establishments contained, and two variables that represented the
proportion of establishments that were restaurants and shops, respectively.
Additionally, a Receiver Operating Characteristic (ROC) was a measure of the extent to which shopping
centers and hawker centers served as an anchor that attracted other commercial establishments. The
reasoning for this measure was to compare the number of near-by establishments with what would
otherwise be expected if the shopping centers and hawker centers had no attraction effect on the
establishments. Finally, number of department stores within the patch was included as a proxy to the
size and scale of shopping malls in a commercial patch.
In summary, the purpose of these variables was to use them as input for a clustering algorithm, to
develop a typology capable of differentiating and classifying commercial patches based on their
potential of attraction of non-work activity.
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Third, a k-medoid algorithm performed a clustering using the variables previously described and built a
typology of commercial patches, resulting in the following eight groups: 1) small patches with retail,
where food predominates; 2) small patches with mixed retail forming irregular geometrical shapes; 3)
medium size patches with mixed retail forming regular shapes; 4) clusters of specialized shops into a
type of business; 5) large commercial corridors; 6) midsize shopping malls; 7) plazas with a supermarket
and mixed retail; and 8) the food market (Hawker center) surrounded by retail.
A result of the chapter is a data-driven and systematic method to characterize commercial patches at
the interior of the SpotRank places, based on characteristics of the spatial structure of commercial
establishments. Large datasets, such as the Google Place, demonstrated their potential to capture
measures of the built environment that allow us to characterize the built environment and place
attraction with a high level of spatial detail.
Beyond the methodological contribution of this chapter aforementioned, a substantial finding is the
discovery that the resulting typology of commercial patches reproduces a spatial hierarchical
organization of consumption that evokes the classic Central Place Theory. Twelve major commercial
corridors located in the central area of town, and at two satellite regional centers, occupy the top of the
hierarchy. These are large corridors with street-level retail connecting various shopping malls and zones
of restaurants. Midsize shopping malls that are present in almost every important sub-regional center of
activity occupy the next echelon of the hierarchy. Small plazas with supermarkets are in the third level;
food markets in the fourth one. Finally, four medoid groups represented small patches of various mixed
retail and restaurants, which spread across almost every SpotRank place. It is remarkable to observe
that our method of characterizing places validates a classic theory of the spatial organization of urban
services. In addition, Central Place Theory is still a valid theoretical framework for explaining the spatial
organization of commercial activity in a city such as Singapore.
Another substantial contribution of our place-characterization is the highlighting of differences in the
configuration of the commercial patches across places. In other words, not every SpotRank place has the
same composition by type of commercial patches. The most frequent locations of non-work trips from
Chapter 2 and 3 -Bugis, Orchard Road and Downtown- have unique amalgamations of commercial
patches not observable elsewhere in Singapore. For instance, Downtown and Bugis are the only
SpotRank places comprising patches from every medoid group. These two places contain a number of
differentiated sub-spaces that comprise an amalgam of all type of patches: supermarkets, food markets,
midsize and large commercial corridors. This combination of density and diversity seems to be an
attractor of non-work visits to these places because they represent differentiated spaces that cater to
different people and non-work activities. Similarly, Orchard Road is the only place in the island that
chains a large number of patches of big commercial areas forming a corridor. There are twelve large
commercial corridors in Singapore and Orchard Road has four of those. Vivo City highlighted in Chapters
2 and 3 as a major attractor of non-work visits competed with larger places such as Bugis or Downtown
in attraction. The place characterization of Chapter 5 indicates that Vivo City is a large commercial area
but the SpotRank places do not enclose patches of other types. Therefore, Vivo City is an interesting
example of top-down planning that was able to build an important non-work destination in the city from
a shopping mall.
A task that this chapter defers to future research was the systematization of this interpretation of the
SpotRank places by the combination of patches that they contained, through the refitting of the
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clustering of SpotRank places from Chapter 4, this time based on the combination of the groups of
commercial patches.

Hedonic Price Models to Test the Validity of the Characterization of the SpotRank Places
for the Exploration of Non- Work Activity.
The sixth chapter tests the internal validity of the 8-medoid groups from Chapter 5 for characterizing
commercial patches. We remind the reader that our objective has been to develop a useful
characterization of place -with enough detail about the built environment- to explore non-work
destination choice. An option to test the quality of the place-characterization developed in Chapter 5 is
to measure the degree of association between housing prices and proximity between dwellings and
commercial patches of each group. If the method of place-characterization was successful in identifying
major commercial attractions, then housing prices should exhibit a degree of association with proximity
to patches of that type. In other words, a place-characterization that meets our goals should be capable
of detecting the effect on housing prices from proximity to important patches.
Chapter 6 employed a large dataset with more than 400 thousand transactions of private dwellings and
resales of social housing, to fit a linear regression where log of the transacted price was the dependent
variable. The independent variables were controls for zonal characteristics and accessibility, and they
incorporated our definition of patch-type. The patch characterization from Chapter 5 was incorporated
into the model of housing price by taking the natural log of distance of the transacted housing unit to
the closest facility of each of the eight types of patches, creating the same eight new variables to test
within the model. We fitted different regression models by sub-type of units and a fixed-effect version
by SpotRank place and compared the different fits.
The chapter demonstrated through a hedonic price model that the characterization of the patches
works to identify different levels of attraction of the places. The estimated coefficients of the hedonic
price model show that the largest commercial areas have the largest degree of association with the
price of private housing, and the magnitude of the association decreases with the dilution with
commercial patches of minor relevance. By contrast, the association with price of public housing was
found to be negligible.
Chapter 6 also makes a substantial contribution to the field of real estate. The presence of the eightmedoid variables characterizing the patches improves the goodness-of-fit of the models, especially for
condominiums and the large apartments, whose R-Squared increases between 5 and 7 points. This is an
indicator that our systematic approach -of identifying and characterizing places with variables that
represent the built environment at the scale of neighborhoods- has a contribution to make not only to
the study of non-work destination choice but also in the prediction of housing prices. Variables that
represent the attraction of a place at the geographical scale of neighborhoods are relevant to explain
variations in housing prices of private housing in Singapore.
A common approach in the literature, which was tested in the benchmark models, is to represent these
neighborhood level variables by proximity to the closest shopping mall. However, the models suggest
that the association with price is of a different magnitude between proximity of a housing unit to a large
shopping mall, than with proximity of the same housing unit to a plaza with a supermarket. Therefore,
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hedonic price models predicting prices would benefit from a richer classification of commercial areas by
their potential of attraction of non-work visits or their hierarchy in the place.
Another interesting finding in Chapter 6 is the case of the SpotRank place of Beauty World. The place is
an outlier because our models for both social and private housing consistently underestimate the
housing price of the units at this place. We ventured some hypotheses of why housing at this location is
more expensive than the models would predict. First, the place is conveniently located in proximity to
major universities. Second, the place has immediate access to the natural reserve of Bukit Timah. Third,
the zone is adjacent to one of the wealthiest neighborhoods in Singapore. In any case, Beauty World
deserves closer attention, in order to understand why the place is so attractive for purchasing a home,
and how hedonic price models can better capture such characteristics of place.

Discrete Choice Model of Non- Work Destination Choice.
Chapters 2 and 6 verified the internal validity of the SpotRank place definition and of the
characterization of place, concluding that the methods produced an acceptable unit of analysis and a
correct depiction of the built environment to study non-work destination choice. Chapter 2 explored
the method by aggregating transit trips to explore the patterns of non-work destination choice by place.
Chapter 6 tested the method by fitting a hedonic price model to evaluate the association between
housing prices and proximity to patches with distinct characteristics. Meanwhile, Chapter 7 goes onestep further with the validation of the results by testing the explanatory power of both the SpotRank
place and its characterization, throughout a non-work destination choice model. Discrete choice and
random utility models have been the classical approximation to destination choice in the literature of
transportation.
The data to fit the models of non-work destination for Chapter 7 was the subset of trips with a purpose
of entertaining, shopping, dining and refreshment from the Household Interview Travel Survey (HITS) of
2012. There were two differences of our models with respect to the literature. First, in our version the
destination alternatives were the SpotRank places (instead of the TAZ). Second, the typology of the 8medoid groups represented the variables that characterized those alternatives (instead of density of
jobs). The tested formulation of place/proximity counted the number of patches of each type by
alternative, generating eight variables, one for each type of patch. The other independent variables in
the model were interaction terms between dummy variables of trip purpose and travel time and cost to
the destination alternatives. The tested model specifications were a Nested Logit (NL) of transportation
mode and destination alternatives, and a Multinomial Logit (MNL) of the joint destination alternatives
and transportation mode. A procedure of sampling of alternatives was followed to handle the large
dimensionality of the choice sets.
The results of the fits of the discrete choice model indicate that the systematic approach for identifying
places of non-work activity creates acceptable spatial units of analysis that produce estimates consistent
with what is in the transportation literature. Travel time and cost are frictional on the selection of the
SpotRank places; the coefficients of the medoid variables have a positive sign, and the magnitude of
these coefficients reproduce the spatial hierarchy of commercial facilities. Another finding is that the
estimated coefficients of the typology of commercial patches and travel time emulate the hierarchical
organization of place that we encounter in Central Place Theory. People are willing to travel further for
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entertainment than for shopping. Likewise, the largest commercial areas are the biggest attractors of
non-work trips, the midsize malls rank second in level of attraction, supermarkets third, and the small
patches of mixed retail last. Thus, the representation of destination alternatives by commercial
attraction is not only realistic, but mimics important aspects of the hierarchical organization of the
commercial offer that is concentrated at specific places in a city. According to the estimates of our
model, a place-alternative that combines density and diversity of the commercial patches contained
within it has the greatest chances of being selected as a non-work destination, ceteris paribus travel
distance and cost to the origin of the trip.
An additional finding is that the model results illustrate the potential of the SpotRank places for
extending and developing a more detailed and behavioral representation of the spatial nests of
destination alternatives. Recall the theoretical approach of Fotheringham (1986) -without practical
implementation at that time- which call for a hierarchical evaluation of nested places in a choice set of
destinations, where the decision maker starts considering broad areas of the city as potential
destinations, then narrows down the decision to specific shopping malls, and finally to brand stores
within a selected mall. The SpotRank place has the potential to supplement Fotheringham's approach
with a data-driven and systematic method of identifying the nests and drawing the boundaries of the
spatial alternatives. The plausible results from the models of Chapter 7 demonstrate that the same
framework can be extended to encompass complex nested structures. A conceivable representation,
which we defer to future work, is a destination alternative that is characterized by the combination of
commercial patches of different types that it contains. Another potential representation could be a
nested structure that first selects transportation mode, continues with the choice of SpotRank place, the
picks a commercial patch, and finally choses an establishments.
A substantive contribution of Chapter 7 is to the discussion regarding suitable data for the exploration of
non-work destination choice. The literature of transportation has relied on transportation surveys,
which are a valid source of information for forecasting travel demand. These methods, however, do not
contain the information required by urban planners to analyze the link between characteristics of the
built environment and non-work destination choice. Transportation surveys typically contain neither the
level of detail about purpose of the trip, nor a sufficient number of trips with non-trivial destination
choices. This approach is problematic in that the surveys are representative of the typical non-work trip:
the retiree and the homemaker going shopping from home, and the fulltime worker going for lunch.
However, from an urban planning perspective, these average cases do not contain locational tradeoffs
that enable a new understanding of the interaction between place and non-work destination choice.
The worker will most likely choose a place close to work for lunch, and the retiree a place close to home
for groceries. Travel time and cost are determinants of those types of trips, and there is no locational
tradeoff. The type of cases that urban planners need to study are those trips that compel the traveler to
enter into a tradeoff that forces the evaluation of the characteristics and accessibility of each
alternative. It is the exploration of such tradeoffs what would allow us to evaluate the characteristics of
the built environment that matter for non-work-destination choice. The transportation survey that we
explored contains a few cases with this type of tradeoff, but they are not enough to explore spatial
patterns across the SpotRank places. We need a different collection method and type of data to study
trips with complex locational tradeoffs of non-work travel.
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8.3. Contributions
A methodological contribution of this dissertation is the systematic development of data-driven
measures that identify and characterize place. This contribution might help urban planners to reach a
deeper understanding about how we can redefine places -and affect non-work travel- by analyzing
their characteristics in a more comprehensive way. This approach could incorporate a temporal
dimension in the definition of place, and could find applications in the field of real estate as well.
Beyond developing a method and testing its validity, the dissertation identifies gaps in the current data
and literature in transportation, and recognizes a series of topics to pursue in order to reach a better
understanding of the effect of place characteristics on non-work destination choices. One of the most
interesting contributions has been suggesting that a combination between diversity and density in the
patches, the ability of a place to offer differentiated spaces with varied offerings, seems to be a trait of
successful destinations of non-work activity. The next section addresses future lines of research in this
direction.
Additionally, the new data suggests that the Central Place Theory from the 1930-1940s maintains its
validity in explaining the offerings of non-work activity in Singapore, whose spatial deployment has an
impact on non-work destination choice. This work presents a way of validating this theory through a
data-driven approach.

8.4. Future Research
Integrate SpotRank Places and Commercial Patches into a Single Typology of Place.
The last section of Chapter 5 conducted an exploratory analysis of the mixing of different types of
commercial patches within the SpotRank places in Singapore. Downtown and Bugis were differentiated
from the rest of the places with their distinctiveness arising from the commercial patches from every
medoid group of which these places are comprised. The mixing pattern of patches across the places
evoked the Central Place Theory once more, as isolated and distant places from the central area
contained smaller patches with unspecialized services. However, important regional centers combined
patches from diverse medoid groups, predominantly supermarkets, midsize shopping malls and food
markets. The analysis also identified a number of outlier SpotRank places with infrequent compositions
in the type of patches. Two examples were Holland Village and Clementi. For instance, the two places
were unique in that the majority of their commercial patches related to food, without really comprising
many patches from other types. We would have expected patches of other types in these two places
because they are large and important regional places. In summary, this exploratory analysis indicated
that the amalgamation of the patches within places contains rich information about the place attraction
for non-work activities. Future research should extend our methodological framework to develop a
systematic method that considers the spatial amalgam of patches in a place -the density of patches and
the diversity by type- to develop a new typology of SpotRank places. The new typology of place should
be based on the spatial integration of internal sub-spaces. This enriched framework could eventually
make a stronger contribution to the prediction of housing prices because it might measure the
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association of proximity of dwellings to the SpotRank places of the different groups under the proposed
new typology and housing prices.

Develop a Richer Nested Structure of Destination Choice.
Chapter 7 tested a Nested Logit of transportation mode and SpotRank place, producing plausible
estimates that agree with the literature on transportation. We mentioned that our method of
identifying and characterizing places can reconcile the literatures of transportation and spatial
competition models, by improving the definition of the spatial choice set of non-work destinations. This
could occur by proposing a nested structure that integrates both spatial detail and transportation mode
into an integrated framework. This structure could be a better approximation to the process people
follow while selecting a non-work destination. An outline of this potential new framework is described
next. Transportation mode would be in the upper level of the nest with the SpotRank place occupying a
position beneath transportation mode. The commercial patch would be in the third position, and finally
commercial establishments or stores come fourth. This structure would represent a decision-maker
evaluating, first, possible transportation modes and selecting one, second, considering broader areas of
the city as potential destinations and choosing one, third, evaluating the different commercial patches
within the broader area and selecting one, fourth, picking an establishment at the interior of the
selected patch. Of course, this categorization is not definitive and the nest could have several alternative
representations. The important point to make is that our method of defining the places and their
patches of activity has the potential to create the appropriate spatial units to test these more detailed
representations of nested alternatives of non-work destinations. We defer this to future research
because generating a new nesting structure requires profuse testing of different parameter
configurations and feedback loops between the definition of the places and the estimation of the
discrete choice models with the revamped nests at each iteration.

Improve Data Collection of Non- Work Travel Information.
A concern in Chapter 7 was the collection of appropriate data capturing the most interesting locational
tradeoffs, those of people evaluating equally competing destination alternatives. Another concern was
to collect information about a more detailed trip purpose. The transportation survey that we utilized
reports whether the activity is entertainment, social, shopping or dining and refreshment. However, a
critical aspect to understand the locational tradeoffs between destination alternatives is to differentiate
between sub-categories of purpose. For instance, we need to know the sub-category of a shopping trip,
whether its purpose is for groceries, clothing, home-supplies or window-shopping. The same applies to
trips for dining and refreshment. Presumably, travelers consider and evaluate the destination
alternatives differently depending on the sub-category of purpose; they could tend to prefer locations
close to home or to work for daily activities that are part of their everyday routine, while they might
consider places further away for non-conventional and non-daily activities. These limitations show the
need to collect better data that focuses on specific profiles of the travelers and that includes a more
comprehensive battery of questions regarding purpose of the trip. New datasets from GPS or Call
Detailed Records (CDRs) would hardly include information with this level of detail regarding trips
purpose and demographics. Perhaps the most appropriate approach would be relying on an activity
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tracking app on smartphones, using a sample of travelers that fulfilled a specific demographic and
locational profile, while supplementing the tracking data with daily short surveys. Applications such as
the Future Mobility Survey have the potential to revolutionize the collection of data that meets these
requirements (Cottrill et al., 2013).
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Appendix 1
List of Google Place Typology to Classify Points of Interest
Google Place relied on the following typology to classify Points of Interest:
accounting, airport, amusement park, aquarium, art gallery, ATM, bakery, bank, bar, beauty salon,
bicycle store, book store, bowling alley, bus station, cafe, campground, car dealer, car rental, car repair,
car wash, casino, cemetery, church, city hall, clothing store, convenience store, courthouse, dentist,
department store, doctor, electrician, electronics store, embassy, fire station, florist, funeral home,
furniture store, gas station, gym, hair care, hardware store, hindu temple, home goods store, hospital,
insurance agency, jewelry store, laundry, lawyer, library, liquor store, local government office,
locksmith, lodging, meal delivery, meal takeaway, mosque, movie rental, movie theater, moving
company, museum, night club, painter, park, parking, pet store, pharmacy, physiotherapist, plumber,
police, post office, real estate agency, restaurant, roofing contractor, rv park, school, shoe store,
shopping mall, spa, stadium, storage, store, subway station, supermarket, synagogue, taxi stand, train
station, transit station, travel agency, veterinary care, and zoo.
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