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ORIGINAL ARTICLE

Validating Gravity-Based Market Share Models
Using Large-Scale Transactional Data
Yoshihiko Suhara,1 Mohsen Bahrami,1,2,* Burcin Bozkaya,2,3 and Alex ‘Sandy’ Pentland1

Abstract
Customer patronage behavior has been widely studied in market share modeling contexts, which is an essential
step toward estimating retail sales and finding new store locations in a competitive setting. Existing studies have
conducted surveys to estimate merchants’ market share and factors of attractiveness to use in various proposed
mathematical models. Recent trends in Big Data analysis allow us to better understand human behavior and de-
cision making, potentially leading to location models with more realistic assumptions. In this article, we propose
a novel approach for validating the Huff gravity market share model, using a large-scale transactional dataset that
describes customer patronage behavior at a regional level. Although the Huff model has been well studied and
widely used in the context of sales estimation, competitive facility location, and demand allocation, this article is
the first in validating the Huff model with a real dataset. Our approach helps to easily apply the model in different
regions and with different merchant categories. Experimental results show that the Huff model fits well when
modeling customer shopping behavior for a number of shopping categories, including grocery stores, clothing
stores, gas stations, and restaurants. We also conduct regression analysis to show that certain features such as
gender diversity and marital status diversity lead to stronger validation of the Huff model. We believe we provide
strong evidence, with the help of real-world data, that gravity-based market share models are viable assumptions
for retail sales estimation and competitive facility location models.

Keywords: market share; Huff model; customer patronage behavior; Big Data analysis; behavioral analytics

Introduction
During the past decades and especially by the advent
of the new machinery and technologies, the number of
companies has been increasing dramatically, which
has led to a highly competitive business environment.
For example, in the United Kingdom there has been a
sustained growth in total business population with a
64% growth rate since 2000, and the number of com-
panies has continuously increased during recent
years. In 2016, it has increased by 197,000, which is
equal to 4% growth.1 To compete in such an environ-
ment, perhaps the biggest challenge for companies is
to accurately estimate retail sales by location and
then ‘‘optimally’’ locate new facilities to capture
more demand and market share, while trying to alle-
viate the burden of their fixed and operational costs.
This makes facility location decisions of critical im-

portance to companies, as such decisions must take
into account the market environment to operate in
and consumers’ preferences.

For decades, companies have been trying to under-
stand how customers are attracted to retail businesses
so as to make effective decisions about where to open
what type of a new store to add to their chain. To ad-
dress this challenge, a vast literature on retail sales esti-
mation and facility location models has emerged. Many
of these models focus on retail stores operating in a
competitive environment.2–9 An overall aim of such
models is to understand how consumers are attracted
to store locations, maximize the market share captured
as a result of the new location(s) opened, and, conse-
quently, to maximize the profitability of the company
for its shareholders.10,11 Hence, decision makers must
understand and model the underlying processes for
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retail patronage before sales estimation and facility
location models can be solved effectively.

To explore the nature of customer behavior and
patronization choice, Drezner applies the Huff model
as part of a behavioral analysis based on manually col-
lected survey information.12 The survey uses a set of
merchants in Orange County, California and tracks
subjects to analyze how and why these customers pa-
tronize these merchants. Her metric for verifying the
estimated attractiveness levels derived from the survey
data is the correlation between the theoretical model’s
results and the estimation based on the survey, where
a high correlation was reported.

In this study, we take an approach similar to Drez-
ner’s to model customer retail patronization, but this
time relying on real transaction data collected from
tens of thousands of customers’ credit card activities.
The recent rise of Big Data analysis has led to many
similar studies trying to model and understand urban-
scale human behavior based on call records,13– 15 credit
card transactions,16,17 GPS traces,18 etc. The Huff model
is a very popular model used both in research, appear-
ing in 27 out of 55 articles on competitive facility
location modeling as reported by Drezner,19 and in
business/retail applications20; however, to the best of
our knowledge, there is no research on using real trans-
actional data sets to test or validate Huff or similar
gravity-based models. In contrast to the previous stud-
ies based on survey data for understanding shopping
behavior, this article presents a novel data-driven ap-
proach for patronage behavior analysis based on real-
world transaction records. We believe such an approach
also alleviates the limitations of survey-based studies re-
lated to data collection and data quality, by using readily
available data that reflect real human behavior as op-
posed to drawing conclusions based on stated prefer-
ences of consumers.

The contributions and advantages of our approach
include the following:

� Retail sales estimation and competitive facility lo-
cation models can now benefit from the validated
use of Huff or similar gravity-based models for
better representation of reality in retail patroniza-
tion and market share estimation.
� One can consider using the Huff model for dis-

tinct merchant categories to compare its perfor-
mance across various categories.
� Our analysis reveals that the presence or lack

of certain demographic features, such as gender

diversity or marital status diversity, leads to
better validation of the Huff model.
� Merchants and business owners can implement

our validation approach in different geographical
regions with different settings so that retail loca-
tion decisions can be used with higher reliability.
� It is computationally inexpensive to perform our

validation approach on a different transactional
data set. This eliminates the need and associated
costs to conduct surveys for data collection
under different settings.

The rest of our article is organized as follows. Back-
ground section provides background information, in-
cluding a literature review and a detailed description
of the Huff model. In the Methodology section, we
present our validation methodology, followed by the
experimental results and discussion in the Results
and Discussion section. Finally, we provide concluding
remarks and directions for future research.

Background
Literature review
Among various models of competitive facility location
that are developed and available in the literature,4,5,7,21

we are especially interested in those with underlying
market share models that consider customer shopping
behavior and retail patronization. The main goal of pa-
tronization models is to derive a realistic estimate of
how and where people shop, and consequently a retail
facility’s market share. These models assume that the
patronage behavior is influenced by multiple factors
such as the retail facility’s attractiveness to customers,
distance from customers’ location, and customers’
purchasing power.12 Among various market share esti-
mation approaches proposed, five main ones include
proximity,22 deterministic utility,23 random utility,24,25

cover-based,26 and gravity-based27 approaches.
The first and the simplest approach is the proximity

approach, which only considers the distance factor.
Hotelling was the first to propose and use this model.22

Based on this model, a customer is more likely to pa-
tronize the facility closer to his or her location. The sec-
ond approach is the deterministic utility approach
introduced by Drezner,23 which suggests that customers
are attracted differently to retail facilities. Therefore,
proximity only is not sufficient anymore and a utility
value is defined for allocation of the customers to the fa-
cilities. However, customers are assumed to spend most
at the facility that is most attractive to them. The third
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kind of model was introduced to address the problem of
‘‘all or nothing’’ in deterministic utility models. The ran-
dom utility model is an extension of the deterministic
utility model, where the utility of the customer is
drawn from a multivariate normal distribution of utility
function.24,25 The fourth is the cover-based approach,
where for each facility an influence circle with a certain
radius is defined based on its attractiveness. Customers
inside the circle are fully attracted by the facility in the
center and those outside the influence circles of all the
facilities are considered as ‘‘lost sales.’’26

The fifth and the most extensively used approach is
the gravity-based approach.9 Estimating market share
based on this approach was first introduced by Reilly28

and further extended by Huff.27,29 The Huff model ap-
proximates the probability of a customer’s patroniza-
tion of a particular retail facility based on two factors:
attractiveness and distance. This means that the more
attractive shops (based on various relevant criteria)
draw more customers, and people tend to visit shops
closer to where they live or work. It is common in
Huff-based models to approximate the market share
of each facility based on the total number of visits or
the total money customers spend, which translate
into the calculated probabilities of patronizing each fa-
cility. Nakanishi and Cooper29 further propose an im-
proved Huff model by developing a multiplicative
competitive interaction model that combines multiple
dimensions of attractiveness into a single measure.
Many extensions of the Huff model proposed by
other researchers using different attractiveness factors
and distance decay functions are also proposed.30–33

Since the original Huff model,27 which used the facil-
ity square footage as the attractiveness metric, other
metrics have been introduced in the literature. For ex-
ample, by conducting a survey with shopping mall cus-
tomers, Drezner34 identified the variety of stores, the
mall appearance, and brand names as the three most
important attractiveness measures. Other examples of
attractiveness measures in the literature are the avail-
ability/size of parking area,30,35,36 proximity to other
stores and/or attractions,30,36 buying power and price
levels,19,30,35–37 and product variety.30,35,36 Also, vari-
ous types of distance decay functions (e.g., logistic, ex-
ponential, and hybrid) have been proposed for the Huff
model.38–42 Sevtsuk and Kalvo43 used survey data, in-
cluding 1088 households providing information about
their shopping trips, and developed a variant of the
Huff model that uses street network-based distance.
Their model uses the exponential decaying function

for better modeling the shopping behavior in the
urban area. Recently, Busu et al.44 have conducted re-
gression analysis and have shown that the current as-
sets, the fixed assets, and the number of employees
are significant predictors of the net profit of a store
by using the financial data of 68 stores. This indicates
that such financial attributes (i.e., current asset, fixed
asset, the number of employees) can be good options
to be considered as attractiveness measures.

Another line of work uses machine-learning tech-
niques for location prediction45–49 and site selec-
tion.50–52 The techniques can be categorized by the
types of features used for prediction. Commonly used
features are cell-phone call records,48,49 GPS trajecto-
ries,45 check-in logs of the location-based social net-
work,46,50–52 or a combination of GPS trajectories
and check-in information.47 The main aim of these
studies is to leverage historical data with machine-
learning techniques to accurately predict the user loca-
tion or future market potential. Some recent work has
used machine learning techniques to predict future
market potential of various locations for site selection.
Ouyang et al.52 use location-based social network
check-in data and historical sales data to predict the
market demand by using a neural network model.
Wang et al.51 use a modified version of the Huff
model to calculate the spatial accessibility of digital
signage using multiple machine-learning methods for
site selection. Those techniques are designed for pre-
dicting future demand based on past histories. In con-
trast, the main focus of this article is modeling
customers’ patronage behaviors for market share esti-
mation and validating the goodness of fit of the Huff
gravity model using credit card transaction data.

The Huff model
The Huff model27 is an economic model for estimating
market share in relation to customer retail patroniza-
tion decisions. This model is based on gravity mod-
els,28,53 which describe the magnitude of interaction
by two factors, namely mass and distance. The Huff
model uses merchant attractiveness for the mass factor
(the square footage of a merchant facility is used in the
original Huff model) and the distance between a cus-
tomer and a merchant for the distance factor. The util-
ity of customer i visiting merchant j can be formally
defined as follows:

Hij =
Aa

j

Db
ij

(1)
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where Aj is the attractiveness of merchant j, Dij is the
distance between customer i and facility j, and the pa-
rameters a and b are used to adjust the sensitivity of the
model to the two factors. The two parameters help the
model better fit a target region. For instance, urban and
rural regions should have different land values and
transportation facilities. Thus, the square footage of a
merchant and the distance between the merchant and
a customer in a region are not always directly compa-
rable with those of a merchant in a different region.
The a and b parameters need adjustment to account
for the impacts of the attractiveness and distance fac-
tors for each region. We will describe how to optimize
the parameters in the Experimental Setting section. To
obtain the probability of customer i visiting merchant j,
Hij is normalized by the sum of all utility values for pos-
sible visits:

Pij =
Hij

+j¢ 2c ið ÞHij¢
(2)

where c(i) denotes the set of merchants that customer i
could potentially visit.

Methodology
Data
In this study, a large amount of credit card transaction
records were used for the designed experiment. The
dataset was collected from a major bank in a major
city of an Organisation for Economic Co-operation

and Development country between July 2014 and
June 2015. The dataset has three tables: customer infor-
mation table, merchant information table, and trans-
action table. Figure 1 shows a schematic diagram of
the three tables, and the statistics of the dataset are
shown in Table 1.

Customer information table. This table provides de-
mographic information of anonymized customers.
The demographic information includes age, gender,
marital status, education level, employment status, esti-
mated income by the bank, and their home and work
locations.

Merchant information table. This table contains mer-
chant information, including merchant category code
and locations (geo coordinates).

Transaction table. This table includes all credit card
transactions made by the customers in the customer
table. Each transaction record contains customer ID
and merchant ID, which can be linked to the customer
and merchant information stored in the customer and
merchant information tables. The table also includes
transaction amount and transaction date for each

FIG. 1. Schematic diagram and example values of three tables in the credit card transaction dataset used in
the article. FK, foreign key; PK, primary key.

Table 1. Dataset summary

Period July 1, 2014 to June 30, 2015
No. of transactions 4,254,652
No. of customers 62,392
Avg. transactions/customer 68.19
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record. We also separately calculate and store the total
merchant revenue for each merchant, which is the ag-
gregated transaction amount of all customers who
transacted at that merchant.

Data preprocessing
To retain the robustness of the experiment, we filtered
the customers who have at least 10 transactions in the
dataset. We also filtered the merchants based on their
business categories. Table 2 shows the selected mer-
chant categories and their corresponding number of
transactions and descriptions. We have chosen these
categories to compare patronage behavior over differ-
ent types of merchants. Customers tend to visit grocery
stores more often than other categories. During our ex-
periment, we evaluated the consistency and inconsis-
tency between these categories.

Model
We now describe how we use credit card transaction
data for the Huff model. Specifically, we explain how
we calculate the attractiveness Aj and estimate the a
and b parameters.

Revenue estimation for attractiveness. We use the
total revenue of merchant $j$ in the dataset as the mag-
nitude of its overall economic presence, and hence as
its attractiveness measure (Aj). Specifically, we approx-
imated the revenue of a merchant with the total pur-
chase amount of transactions made by all customers
at that merchant. Although total transaction count
of merchant j is an alternative option, the total reve-
nue is more appropriate from the facility location per-
spective. In other words, a company tries to choose
the right location for a new facility to maximize the
profitability. As a result, the revenue information
well represents the profitability and attractiveness of
a merchant. We aggregate the transaction amount of
a merchant by all customers as an approximated rev-
enue of each merchant.

Parameter estimation. Parameters a and b are opti-
mized to maximize the evaluation metric through the
particle swarm optimization (PSO) technique54 within
the range of a, b in [0, 100]. The PSO does not require
any derivative information for optimization, and thus it
is commonly used for model selection in machine
learning.55 A recent study56 has applied it to a facility
location problem. We also tested the ordinary least-
squares method,57 which is a common choice for the
Huff model parameter estimation. However, the
method significantly under-performed compared with
the PSO method. Therefore, we used PSO for parame-
ter estimation in this experiment. To the best of our
knowledge, this article is the first to use PSO or any
kind of derivative-free optimization technique to opti-
mize the a and b parameters of the Huff model.

Experimental setting
We split the dataset into 17 regions based on the ad-
ministrative districts of the city of interest. The Huff
model was fitted to each region for each merchant cat-
egory. Therefore, we created 68 (17 regions · 4 mer-
chant categories) Huff models for the experiment.
For each region, we had a set of merchants belonging
to the corresponding categories and a set of customers
who visited these merchants. This resulted in the crea-
tion of a visit-count matrix V r, cð Þ

ij , which consists of the
visit count of customer i to merchant j that belongs to
merchant category c and is located in region r.

Evaluation metric. We use Pearson’s correlation be-
tween the estimated visit distribution calculated by
the Huff model and the actual transaction-based visit
distribution of a region as an evaluation method. The
fitted model outputs the probability of a customer vis-
iting a merchant, resulting in a visiting probability ma-
trix P r, cð Þ

ij whose (i, j)-element is the probability of
customer i visiting merchant j of category c in region
r. Then, we aggregate P r, cð Þ

ij for all customers to obtain
the estimated market share Si

^
for each merchant i.

From the transaction data, we calculate the actual mar-
ket share of each merchant based on the number of
transactions:

Si =
Ni

N
(3)

where Ni and N denote the number of transactions
made at merchant i and all merchants, respectively.

Table 2. Basic statistics of the top 4 most frequented
merchant categories

Merchant category No. of transactions

Grocery store (Grocery) 1,089,614
GS 482,178
Clothing store (Clothing) 437,760
Restaurants 185,595

GS, Gas station.
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We calculate the Pearson’s correlation value between
the estimated market shares Ŝ and the actual market
shares S for each district.

Regression analysis
We conduct regression analysis to find significant indi-
cators of the performance of our models. Specifically,
we use linear regression and consider the model perfor-
mance (i.e., Pearson’s correlation values) as dependent
variables and the following indicators as independent
variables.

Mobility diversity. We define the mobility diversity of
a district i as the entropy value of visited districts for
shopping. That is, for a given district i, we aggregate
the transactions of all customers in that district by all
districts in the region where the customers purchased
items. A higher entropy value indicates that customers
living in a district visit diverse areas for shopping.

Demographic diversity. For demographic diversity,
we use gender, marital status, education level, and job
status attributes of customers living in a district. For
each district, we aggregate the demographic attribute
counts to calculate the diversity of each attribute. We
use entropy as a diversity metric.

Merchant diversity. We calculate the entropy value of
merchant category distribution for each district. If a
district has exactly the same number of merchants
for each merchant category, the entropy takes the high-
est value. We prepared this merchant diversity metric
following the intuition that a skewed distribution of
merchant categories possibly affects patronage behav-
ior in a district or region.

Merchant share bias. We calculate merchant share
bias based on the market share of the top-5 merchant
shares in a district. We calculate the total transaction
amount of merchants for each district and then we di-
vide the total amount of the top-5 merchants by the
total amount of all transactions in a district.

Income inequality. Based on the income information
reported to the bank, we calculated the Gini coefficient
of income distribution for each district for income in-
equality. As some customers reported their income as
0, we filter them out to get a reliable analysis. This is
mainly because we are not sure whether those custom-
ers who reported their income zero did not report their

income or did not really have any income (e.g., home-
maker). Thus, we decided to exclude such information
for the income inequality calculation.

We consider the indicators described earlier as inde-
pendent variables and the Huff model performance
value as a dependent variable.

We concatenated all district results to create a data-
set with 68 (17 regions · 4 merchant categories) sam-
ples for the regression analysis. All the variables were
standardized by converting into z-scores for easier in-
terpretation.

Results and Discussion
Model performance
Table 3 summarizes the basic statistics of the results,
and Figure 2 shows the boxplots of the model perfor-
mance distributions for each merchant category.
Detailed results, including Pearson’s correlation and
the optimized parameter of each district, are shown
in the Appendix Tables A1–A6.

The models in all categories perform well, as their
mean/median values of Pearson’s correlation values ex-
ceed 0.7 regardless of merchant categories. Except for

Table 3. Huff model performance for each merchant
category

Merchant category Mean Std Max Min

Grocery 0.8935 0.1068 0.9850 0.6753
GS 0.9050 0.1011 0.9928 0.6595
Clothing 0.8852 0.0930 0.9924 0.6916
Restaurant 0.7586 0.3418 1.0000 �0.0370

FIG. 2. Distribution of model performance
(Pearson’s correlation) values for each merchant
category. GS, gas stations.
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the Restaurant category, the Pearson’s correlation met-
ric of the worst-performing district of each category is
still above 0.65. The results indicate that the Huff mod-
els based on transaction data robustly capture customer
patronage behavior in these categories.

However, the Huff model in the Restaurant category
has relatively unstable performance compared with the
other categories. Four districts have less than 0.5 Pear-
son correlation values, and the worst performance
shows �0.037. We consider that the main reason of
the unstable performance of the Huff model in the

FIG. 3. Distribution of the distance between visited merchants and customer’s home/work locations (closer
location is taken) of each merchant category. (a) Grocery, (b) GS, (c) Clothing stores, and (d) Restaurants.

Table 5. Ordinary least-squares regression model
between Huff model performance (i.e., the Pearson’s
correlation values) and indicators

Indicator b coefficient Confidence interval (95%)

(1) Grocery
Mobility diversity �0.1799 �0.6516 to 0.2917
Merchant diversity �0.2038 �0.7601 to 0.3524
Merchant monopoly 0.0586 �0.3650 to 0.4822
Gender diversity 2.5007** 1.1776 to 3.8239
Marital status diversity �2.4411** �3.6434 to �1.2388
Education level diversity �0.3585 �0.8686 to 0.1516
Job status diversity 0.5106* 0.0858 to 0.9355
Income inequality 0.2643

(2) Clothing
Mobility diversity 0.1355 �0.3742 to 0.6453
Merchant diversity 0.5748 �0.0263 to 1.1760
Merchant monopoly �0.4263 �0.8842 to 0.0315
Gender diversity 1.4881* 0.0581 to 2.9181
Marital status diversity �1.3081* �2.6076 to �0.0087
Education level diversity �0.8321** �1.3834 to �0.2808
Job status diversity 0.2080 �0.2511 to 0.6672
Income inequality �0.3274 �0.9174 to 0.2627

*, ** denote p < 0.05, 0.01 respectively. Bold face denotes that the b
coefficient is statistically significant.

Table 4. Adjusted R2 values of the regression analysis
results

Merchant category Adjusted R2 score

Grocery 0.638
GS �0.281
Clothing 0.557
Restaurant 0.150
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Restaurant category arising from the fact that custom-
ers’ patronage behaviors do not fully follow the Huff
model’s assumption. That means that people often
choose to go to restaurants in distant locations with
various attractiveness measures (other than the total
revenue of the merchant) that are not captured in
our model. One can view restaurant patronage as a
more hedonic way of ‘‘shopping’’ experience, where
customers with a variety of tastes and expectations
may choose to patronize a variety of places around
the city to fulfill their expectations.

To verify our interpretations, we analyze the distri-
bution of the distance between visited merchants of

these four categories and customers’ home/work loca-
tions (closer location is taken). The distributions are
shown in Figure 3. As shown in Figure 3a–c, the visited
merchants of the Grocery, GS and Clothing categories
are basically located close to the customers’ home/
work locations whereas the distance distribution of res-
taurants contains long distance values as shown in
Figure 3d. The results support our interpretation of
the Huff model performance and also show a limitation
of modeling patronage behavior with the Huff model
based on transaction data. Despite this argument, we
see that the model performance for the Restaurant cat-
egory still suggests that the Huff model based on

FIG. 4. Mobility patterns of customers for the Grocery category. It is more likely that customers visit grocery
stores in the same district as their home locations.
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transactional data still performs reasonably well in sev-
eral districts since the Huff model’s performance in 13
out of 17 districts is higher than 0.5.

The patronage behavior of gas stations (GS) is a great
example of the Huff model being used on transaction
data, among the four categories considered. We ob-
serve that the most frequented GS are in close proxim-
ity to the customers’ home/work locations. Moreover,
the mean value of the Huff model performance in the
GS category is highest (0.905). The result confirms
the fact that customers often do stop by their popular
GS in the vicinity of their home/work locations.

Regression analysis
Table 4 shows the adjusted R2 values of regression anal-
ysis for all four merchant categories. As shown in the
table, the diversity measure indicates reasonably high
Huff model performance for the Grocery and Clothing
categories. On the other hand, the regression models
do not perform well in establishing a link between di-
versity measures and Huff model performance for the
GS and Restaurant categories. Further, the regression
models do not show any statistical significance in the
b coefficient values of the diversity indicators for
these two categories.

FIG. 5. Mobility patterns of customers for the Restaurant category. Customers do not necessarily visit
restaurants in the same districts as their home locations, showing a different trend from the grocery category.
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Table 5 shows the b coefficient output of the regres-
sion models for (1) Grocery and (2) Clothing catego-
ries. The table summarizes the b coefficient value of
each indicator with 95% confidence interval. We
show the regression analysis results of the GS and Res-
taurant categories in the Appendix Tables A1–A6 since
we did not confirm any statistical significance in all the
indicators for these categories.

The bold-faced values (i.e., statistically significant
coefficients) in Table 5 suggest that gender diversity
is positively correlated with the Huff model perfor-
mance whereas marital status diversity is negatively
correlated. A high gender diversity value means that
males and females are equally distributed in a district.

The gender diversity takes the highest value when the
male/female ratio is one. In other words, a skewed dis-
tribution of male/female customers in a district makes
the gravity model difficult to fit. On the other hand,
marital status diversity is negatively correlated with
the Huff model performance. The result follows our in-
tuition that single and married customers have signifi-
cantly different shopping styles. That is, the Huff model
cannot simply generalize the patronage behavior in a
district as the marital status diversity increases within
the district.

No significant statistical results can be seen in other
indicators, such as mobility, merchant, and income di-
versity. Originally, we hypothesized that the mobility

FIG. 6. Mobility patterns of customers for the GS category.

USING BIG DATA TO VALIDATE HUFF GRAVITY MODEL 197

D
ow

nl
oa

de
d 

by
 M

as
sa

ch
us

et
ts

 I
ns

tit
ut

e 
of

 T
ec

hn
ol

og
y 

fr
om

 w
w

w
.li

eb
er

tp
ub

.c
om

 a
t 1

1/
23

/2
2.

 F
or

 p
er

so
na

l u
se

 o
nl

y.
 



diversity and the merchant diversity would correlate
with the Huff model performance. For instance, the
mobility diversity is a direct indicator of the lifestyle
of customers living in a district. Therefore, we
would hypothesize that a high mobility diversity
value of a district would make the Huff model difficult
to fit. Although the Huff model works well for the GS
category, the regression analysis does not perform
well in the GS category. Our interpretation of this is
that the diversity features we propose are simply not
indicative of the model performance across various
districts in the region.

We have also conducted another type of mobility
analysis to understand the differences regarding cus-

tomers’ shopping behavior for each merchant cate-
gory. Figures 4, 5, 6 and 7 show the distributions of
mobility patterns for each category. The x-axis and
y-axis of these figures represent the district of a mer-
chant and the district of a customer’s home location,
respectively. The numbers are normalized by row.
For instance, the cell (i, j) is the normalized transac-
tion frequency of merchants located in district j by
customers who live in district i. It is intuitive that
the diagonal line basically has the highest values as
customers mostly visit merchants in the same district
as they live. However, Figure 5 shows that merchants
in the Restaurant category have more biased distrib-
uted with respect to the mobility patterns.

FIG. 7. Mobility patterns of customers for the Clothing stores category.
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Summary and Conclusion
In this article, we have proposed a novel approach in
validating a widely used customer retail patronage
and market share estimation model, namely the
gravity-based Huff model, using transactional data.
Our approach applies the Huff model that consists
of the attractiveness and distance factors to explain
customer behavior. Our computational results have
shown that the Huff model performs well in terms
of the Pearson’s correlation value calculated between
the predicted market share and real market share.

Our study is the first to validate the Huff model with
a large-scale transactional dataset to produce realistic
representation of customer patronage behavior. Since
gravity-based models such as Huff are widely used to es-
timate market shares in competitive facility location prob-
lems, our study provides key insights for reliable use of
Huff or other gravity-based models in competitive facil-
ity location problems. Compared with the conventional
survey-based approaches, the major advantages of our
transaction-based approach include: (1) no requirement
for surveys where data collection cost and data quality
might be an issue, (2) the ability to directly compare
different categories of shopping, and (3) ease of computa-
tional implementation in terms of computational com-
plexity and time so that the model parameters can be
updated in a periodic manner (e.g., daily, weekly, quar-
terly, etc.) and also with different data sets.

As we have shown in our analysis, the performance
of the Huff model varies between categories. For cer-
tain categories, additional criteria may need to be in-
cluded in attractiveness calculations, or human
behavior may simply be too complex to model by
using a gravity-based approach. However, we believe
that our approach provides various benefits that cannot
be obtained from the conventional (survey-based) ap-
proaches. On the other hand, we would like to empha-
size that survey-based approaches can collect more
fine-grained information and these two approaches
can be complementary to one another. In this regard,
combining survey-based information and transaction-
based information to build a sophisticated shopping
behavior model would be a future direction. Another
possibility for future study might be validating and
comparing the performance of other market share esti-
mation models with the Huff model.
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Appendix

Appendix Table A1. Grocery stores

District
ID

Avg.
distance a b

Pearson
r p-Value

4 8.073920 44.092704 54.290707 0.957693 1.815968e-50
17 7.193814 50.098677 100.000000 0.833162 6.116027e-14
33 9.475784 25.459851 100.000000 0.450857 2.355955e-04
34 8.946319 0.776089 0.026872 0.985043 5.379011e-46
42 9.842346 0.869327 0.486844 0.968569 1.247863e-61
50 8.526481 0.879940 0.000000 0.978794 3.661174e-134
53 10.068181 44.430748 82.520949 0.906168 2.923771e-14
59 9.293074 0.813904 0.000000 0.981842 3.553790e-55
61 8.975816 0.727393 1.654360 0.884556 3.198309e-44
63 8.391520 40.762860 100.000000 0.923845 3.488153e-63
70 7.241697 3.612020 31.386009 0.632991 1.179105e-08
82 6.566708 0.524779 1.277479 0.898500 5.617862e-30
84 9.907927 0.581690 0.923136 0.715644 6.018784e-14
115 8.304005 29.783773 100.000000 0.667452 2.556054e-17
121 7.396679 0.858752 0.044139 0.965963 1.453555e-80
123 6.220508 0.277481 1.423520 0.781789 1.194598e-22
160 8.681894 34.661848 56.752011 0.953576 1.277798e-69

Appendix Table A2. Gas stations

District
ID

Avg.
distance a b

Pearson
r p-Value

4 11.006358 0.592850 0.023663 0.940351 2.206558e-09
17 10.139055 0.988860 1.424924 0.978365 1.124570e-11
33 12.166465 40.288062 100.000000 0.978458 3.783059e-03
34 12.719812 0.502571 0.851630 0.992763 1.772337e-11
42 15.457192 0.983946 0.106719 0.974016 2.275157e-14
50 11.539085 0.497945 0.310459 0.952412 2.336259e-13
53 12.977294 0.698021 0.000000 0.867928 1.132502e-02
59 11.643731 35.637848 100.000000 0.837396 2.501177e-03
61 11.052237 0.711459 0.069953 0.896547 1.335805e-09
63 10.527793 23.877870 100.000000 0.659504 4.554565e-04
70 7.641760 0.507755 0.000000 0.930629 4.876992e-07
82 9.296232 23.872853 100.000000 0.980732 7.087527e-10
84 11.699089 0.698974 11.551928 0.966626 1.264309e-06
115 11.732630 3.930043 2.705459 0.902851 5.778257e-05
121 11.479532 0.453450 0.000000 0.895071 1.881786e-08
123 8.481359 0.037286 0.478554 0.666772 9.202447e-03
160 11.430354 0.748378 0.112061 0.964259 7.938458e-12

Appendix Table A3. Clothing stores

District
ID

Avg.
distance a b

Pearson
r p-Value

4 9.158209 0.815865 1.191384 0.933204 3.323991e-63
17 11.612848 1.129118 0.670492 0.970486 4.455518e-25
33 11.131178 1.111029 2.365670 0.726212 1.762807e-16
34 12.620926 1.014079 0.438777 0.854472 3.350070e-74
42 17.460296 2.551279 3.436768 0.964759 2.092163e-39
50 11.768580 0.799089 1.801190 0.811081 2.119634e-49
53 13.393870 1.251408 3.273314 0.931657 1.266878e-27
59 13.045309 0.863173 0.000000 0.691551 1.686600e-13
61 9.828976 0.939626 0.000000 0.864188 1.346881e-37
63 9.904244 0.701541 0.000000 0.908179 1.142956e-53
70 9.030380 0.792165 0.918037 0.924041 6.768797e-26
82 7.563128 1.052447 0.000000 0.977592 2.047455e-31
84 11.273849 0.906613 2.291778 0.741179 4.978748e-10
115 13.782368 1.065176 0.000000 0.878257 7.645000e-97
115 13.782368 1.065176 0.000000 0.878257 7.645000e-97
121 10.076457 1.356190 0.256458 0.992374 7.172498e-50
123 8.647519 1.047006 0.000000 0.972279 3.175114e-26
160 9.861500 0.826446 0.044827 0.907266 2.403986e-33

(Appendix continues /)
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Appendix Table A4. Restaurants

District
ID

Avg.
distance a b Pearson r p-Value

4 8.246086 1.694699e+00 14.005347 0.705706 3.513858e-04
17 12.973318 3.609896e+01 100.000000 �0.037036 9.306203e-01
33 12.393137 2.284407e-01 2.121636 0.620474 1.584134e-03
34 12.342009 1.000000e+02 46.690396 0.956793 1.102762e-06
42 14.321486 0.000000e+00 100.000000 0.521633 4.783672e-01
50 10.063284 4.376173e+01 100.000000 0.051864 7.932417e-01
53 11.459094 7.655047e+01 0.403219 1.000000 0.000000e+00
59 10.507480 1.200341e+00 11.290621 0.906397 1.909024e-03
61 9.491864 8.194770e+01 48.867638 0.957679 1.333397e-05
63 10.540970 3.694519e+01 100.000000 0.903863 1.347535e-04
70 11.275803 1.482044e+00 0.415506 0.996231 2.128370e-05
82 15.038343 6.727115e+01 97.742040 1.000000 0.000000e+00
84 6.991360 3.884061e+01 19.634595 0.997704 4.843408e-07
115 12.531356 3.360911e-08 0.000000 0.365079 3.992169e-02
121 6.372688 1.603767e+00 0.000000 0.980718 3.204930e-03
123 11.206271 3.784310e+01 30.296372 0.998778 3.147883e-02
160 9.775328 7.847438e+01 41.454500 0.970033 1.562465e-01

Appendix Table A5. Ordinary least-squares regression
model between Huff model performance and indicators

Indicator b coefficient Confidence interval (95%)

Mobility diversity �0.3949 �1.2822 to 0.4924
Merchant diversity 0.0228 �1.0236 to 1.0692
Merchant monopoly 0.2326 �0.5643 to 1.0295
Gender diversity �0.0024 �2.4916 to 2.4868
Marital status diversity 0.1781 �2.0838 to 2.4400
Education level diversity �0.5003 �1.4600 to 0.4593
Job status diversity 0.2611 �0.5382 to 1.0604
Income inequality 0.0928 �0.9343 to 1.1200

Gas station (5541).

Appendix Table A6. Ordinary least-squares regression
model between Huff model performance and indicators

Indicator b coefficient Confidence interval (95%)

Mobility diversity 0.2624 �0.4601 to 0.9849
Merchant diversity �0.2362 �1.0883 to 0.6159
Merchant monopoly �0.0775 �0.7264 to 0.5715
Gender diversity �0.6746 �2.7015 to 1.3524
Marital status diversity 0.1780 �1.6638 to 2.0199
Education level diversity 0.2504 �0.5310 to 1.0319
Job status diversity �0.1828 �0.8337 to 0.4680
Income inequality �0.4394 �1.2758 to 0.3970

Restaurants (5812).
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