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Abstract

This dissertation examines operational challenges faced by intermediaries in informal supply
chains, in which the relational and structural constraints present in traditional supply chains
are relaxed.

This research is organized into three papers, the first of which (Chapter 2) explores
business relationships in the context of emerging market retail supply chains. Attempts to
distribute durable, life-improving goods to customers at the Base of the Pyramid (BoP) have
struggled to succeed at scale. One potential explanation is poor relationship management
with informal retailers, which are embedded within communities. By analyzing data from
a distributor selling to 331 formal and 493 informal retailers in India, we demonstrate that
informal retailers recover more slowly than formal retailers after a sales agent reallocation.
This indicates that disruptions to social/business relationships are particularly harmful when
selling to retailers in informal markets.

The second and third papers (Chapters 3 and 4) explore incentive design for distributed-
task platforms. We use as a case study a supply chain for medical knowledge, featuring
“informal” suppliers without formal contracts. Using data on 5,418 crowdsourcing contests
for medical diagnosis, we examine how evaluation metrics (Chapter 3) and prize allocation
mechanisms (Chapter 4) shape participants’ decisions and performance. Chapter 3 assesses
the impact of evaluating participants using the longest “streak” of correct answers, rather
than an accuracy-based metric. Streak evaluation increases volume of quality responses and
speed of achieving consensus, largely through increased engagement. These findings are
relevant in settings where streak-based-rewards are used to boost motivation; we find that
they also boost performance.

Chapter 4 studies how changing the source of prize-related uncertainty from the proba-
bility of winning to the amount at stake affects decision-making. We evaluate the impact of
running a pool contest (in which participants who meet a performance threshold share prizes
evenly) instead of a rank-order contest (in which prize distribution is determined exogenously
and announced upfront). In pool contests, accuracy increases for average participants but
decreases for top performers, suggesting that participants modify engagement levels in re-
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sponse to performance thresholds. This suggests that pool contests with carefully-selected
thresholds can incentivize effort from participants with certain performance profiles.
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Chapter 1

Introduction

This dissertation explores the influence of relationships and incentives on the behavior of

actors in informal supply chains.

The concept of “informality" within supply chains has appeared in academic literature

in the context of smallholder farmers and other agricultural producers (Revoredo-Giha and

Renwick 2016, Hoyweghen et al. 2021), developing-world/ megacity retail (Boulaksil and

Belkora 2017, Ge et al. 2021, Iyer and Palsule-Desai 2019a, Fransoo et al. 2017), and supply

chains involving informal laborers in industries such as clothing (Sinha et al. 2020) and

recycling/waste management (Tuori 2012).

Informal supply chains are often framed as those involving members of the “informal

economy". Broadly, activities in this category are economically meaningful but do not add

to GDP and tax revenue because they are not formally recorded through registration of the

involved workers or firms (Delechat and Medina 2020). According to several major devel-

opment organizations, dominant features of membership in the informal economy include

failure to pay taxes, limited productivity, limited access to formal financial institutions, lack

of formal employee contracts, absence of benefits and other employee protections, and a fo-

cus on survival rather than maximizing profit (Delechat and Medina 2020, OECD and ILO

2019, WB 2021, ILO 2020). It is widely noted that precise definitions differ from country to

country due to variations in tax and labor regulations.

However, not all supply chains that feature hallmarks of informality are located in

emerging markets, or involve low-income workers. ILO (2020) mentions that members of
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the informal economy include both “all workers of the informal sector and informal workers

outside the informal sector". While workers in the former category can be associated with low

productivity, limited technology, and reduced contribution to the broader economy, emerging

methods of organizing work have led to the increasing prevalence of informal employer-

employee relationships outside of the informal sector, and often within (or as contributors

to) firms that are considered “formal" from a development perspective. For example, flexible

and distributed relationship structures such as spot markets, gig-based markets, outsourcing,

and distributed-task platforms meet these criteria.

More generally, informal supply chains can be thought of as supply chains in which

traditional relational and structural constraints have been relaxed. We adopt this definition

for the purposes of this dissertation. Table 1 provides examples of the ways in which the

structure of traditional supply chain functions might be relaxed in informal supply chains.

Supply chain
function

Examples of relational/structural
constraints present in formal SCs

Potential sources of
relaxation

Manufacturing Quality-controlled batch production Manual/variable production
Procurement Contracts Spot market, crowdsourcing
Order processing Tech-enabled order mgmt. systems Informal record-keeping
Warehousing Cost-minimizing inventory decisions Capacity-based inventory decisions
Distribution Optimal lot sizes, fixed schedules Small, inefficient order volumes
Payment Accts. payable/receivable, formal credit Cash, informal credit
Maintenance Warranties Informal support without warranties

Table 1: Informal supply chains as a relaxation of traditional supply chains

The relaxation of these constraints can have important implications for supply chain

structure and performance; for example, the absence of formal contracts often means that

a wider range of actors are able to contribute to informal supply chains. It is thus of both

academic and practical relevance to explore new ways of making informal supply chains

more productive and beneficial to involved parties. This dissertation contributes to the

study of informal supply chains by studying three papers in two distinct industry contexts:

1) informal retail supply chains in emerging markets, and 2) widely distributed digital supply

chains enabled by crowdsourcing contests.
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1.1 Informal retail supply chains

Informal retailers are often referred to in the literature using alternative names such as

“nanostore" or “microretailer". Fransoo et al. (2017) describe nanostores as “small, typically

less than 100 𝑚2...family-operated stores that function as a single establishment" (as opposed

to a chain), and which offer relationship-based credit, sell a smaller and less diverse range of

items, serve fewer customers, rely on limited technology (e.g., personal devices), sell usage-

based package sizes, and (sometimes) sell at higher prices due to inefficient distribution.

Informal retailers are thus distinguished from formal retailers, which —in addition to official

registration and tax payments—-may be characterized by “branded store formats...central

ownership or [franchising], with centralized purchasing and distribution functions", formal-

ized credit, professional employees, larger volumes/diversity of products, larger consumer

bases, and enterprise-level technology. Informal retailers can coexist with traditional retail

channels, and in fact researchers expect nanostores to retain their dominant status in certain

emerging markets given the geographic and socioeconomic realities in developing countries

(Fransoo et al. 2017).

Given that traditional supply chain processes are often replaced by relationship-based

processes for informal retailers, modifications to relationships with informal retailers could

plausibly affect retailer performance. We test this hypothesis empirically in Chapter 2 by

evaluating the impact of a disruption to the relationship between a distributor and retailers.

1.2 Crowdsourcing: widely distributed digital supply chains

In the economics literature, contests are broadly defined as settings in which an agent exerts

costly effort in order to try and obtain a reward. This effort may consist of actual monetary

payment, but commonly takes the form of labor (Dechenaux et al. 2014).

Crowdsourcing is an increasingly common way for a large, otherwise unconnected group

of people contribute to a common goal. Crowdsourcing is often facilitated by web-based

platforms structured around freelancing, contests, direct payment for microtasks, or com-

petitive programming (ILO 2021). Crowdsourcing contests share several characteristics with
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the classic contest structures mentioned in the contest theory literature (see Dechenaux et al.

(2014) and Segev (2020) for a review), which are distinguished by their methods of allocating

prizes.

Two key elements characterize most contests. First, there is typically a pre-established

method of evaluating the quality of participants’ effort. Second, this quality evaluation is

translated into a determination of who receives prizes via a “contest success function", or

prize allocation mechanism. (In some contests there is no need for a quality evaluation

metric, as the contest success function maps directly from effort to winner selection.)

Chapter 3 of this dissertation will evaluate two alternative contest evaluation metrics,

and Chapter 4 will compare two different prize allocation mechanisms. These chapters aim

to shed light onto how workers on distributed-task platforms respond to incentives.

1.3 Dissertation overview

The rest of this document is structured as follows.

Chapter 2 focuses on a distribution network set in the Indian retail industry. The

distributor serves as an intermediary between a relatively small number of manufacturers

and a much larger number of retailers, some of which are “informal" using a definition based

on tax registration. We use causal inference methods to determine the effect of a treatment

consisting of disruption to the relationship between the distributor and formal/informal

retailers. The key contributions of this chapter are 1) the quantification of the role of

trust/relationships in informal vs. formal settings and 2) a focus on durable goods, which

are understudied in the literature compared to e.g., fast-moving consumer goods (FMCGs).

In Chapters 3 and 4, the setting is a technology-driven crowdsourcing platform with a

massive number of suppliers serving a relatively small number of customers. The platform

serves as an intermediary, and its relationships with suppliers are informal due to e.g., a lack

of contracts connecting parties. Using data from contests run on this platform, each of these

two chapters examines one of the two processes that characterize contests (quality evaluation

and prize allocation). In Chapter 3, we hold the prize allocation mechanism constant and

study the effect of changing the evaluation metric used to rank participants. We contribute
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to the literature on contests by studying performance streaks (which are more commonly

used as a gamification tool) as an evaluation metric. In Chapter 4, we hold the evaluation

metric constant and change the prize allocation mechanism in a way that shifts the source

of earnings uncertainty from the probability of winning a prize to the amount at stake. We

contribute to the literature on decision-making under risk by studying the impact of a less-

common prize allocation mechanism (evenly split prizes subject to a performance threshold)

relative to standard rank-score contests.

Chapter 5 concludes by reflecting on the significance of our insights for the future of

informal supply chains.
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The value of long-term relationships

when selling to informal retailers -
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2.1 Abstract

Attempts to distribute durable, life-improving goods to customers at the Base of the Pyra-

mid (BoP) – the more than three billion customers who live on less than US$2.50/day –

through traditional supply chains or e-commerce have struggled to succeed at scale. One
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hypothesis for why distributors struggle to scale last-mile distribution is poor relationship

management with small informal retailers, who are the primary source of retail purchases

for BoP customers. These retailers are often embedded within communities, where local

and long-term relationships are particularly important to business transactions. We provide

empirical evidence for this hypothesis through an analysis of panel data from a distributor

selling to 331 formal retailers and 493 informal retailers in India from April 2016-December

2019. Specifically, we study the role of long-term relationships in selling durable goods to

informal retailers, by leveraging a staged natural experiment that allows us to examine the

effect of a sales agent reallocation on subsequent orders placed by informal and formal retail-

ers. Using two different quasi-experimental methods, we find that formal retailers experience

an average performance decrease of at least 35.7% relative to predicted order value and then

recover within three sales cycles of a sales agent reallocation; in contrast, informal retailers

experience an average performance decrease of at least 70.4% relative to predicted order

value, and do not experience sustained recovery within five sales cycles of a sales agent real-

location. This indicates that business relationships, and disruptions to these relationships,

are particularly important when selling to retailers in informal markets.

2.2 Introduction

The more than three billion people who live on less than US$2.50/day, a major part of

the Base of the Economic Pyramid (BoP), exhibit distinct purchasing behavior due to the

nature of their daily economics. They also have many unmet basic needs; meeting the

BoP demand for durable goods such as cookstoves, solar lanterns, and farming equipment

is considered key to achieving nearly all of the UN Sustainable Development Goals. These

needs have spurred significant research, investment, and human effort focused on developing

life-improving technologies tailored to the needs of BoP consumers (see e.g., D-Lab 2021,

Hand et al. 2020).

While these efforts have generated a wide range of innovative durable goods, building

distribution channels that are effective at getting these durable products to BoP consumers

remains a challenge (see, e.g., Baquié and Urpelainen 2017, Deloitte 2017, Gomes and Shah

2018, Aklin and Urpelainen 2020).
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BoP consumers often purchase products through small informal retailers, which are

part of the informal (or grey) economy – the portion of the economy that is neither taxed

nor formally regulated and therefore lacks formal institutions (Webb et al. 2010, Jue 2015).

Consistent with the recent literature, our fieldwork indicates that two key characteristics

make informal retailers particularly effective venues for durable-good sales in the BoP. First,

informal retailers are flexible enough to accommodate BoP customer needs, offering services

such as flexible home delivery, the ability to purchase products on credit, and the ability to

return products whether or not a warranty agreement is in place (see also, e.g., Viswanathan

et al. 2010). Second, informal retailers serve as a key and rare source of information for

BoP customers about the value and benefits of new products (see, e.g., Viswanathan et al.

2010, Nozaki 2018, Iyer and Palsule-Desai 2019b). Both of these characteristics are unique

to informal retailers because they are deeply embedded within their communities, they are

physically close to their customers, and the owners often know their customers by name.

To increase the reach of life-improving technologies tailored to the needs of BoP con-

sumers, it is therefore critical to work with small informal retailers. However, profitably

distributing products to these retailers is rife with logistical, financial and behavioral chal-

lenges, particularly those related to trust (Garrette and Karnani 2010, Shukla and Bairig-

anjan 2011, Simanis 2012, Jue 2015). While there is a growing literature on the logistical

and financial challenges at the BoP (e.g. Boulaksil and Belkora 2017, Boulaksil et al. 2019,

Calmon et al. 2017, Gui et al. 2019, Acimovic et al. 2020, Anderson et al. 2018), this paper

focuses on understanding the role of trust and relationships in BoP supply chains.

The key liaison between distributor and informal retailer is the sales executive (often

referred to as a “sales agent" elsewhere in the literature). Sales executives have varying re-

sponsibilities, including some or all of the following: offering and selling products to retailers,

negotiating prices, replenishing inventory, providing marketing material, and doing product

demonstrations. During our fieldwork with a BoP distributor, it became clear that while

there is significant heterogeneity in retailer practices, all retailers have a particular element

in common: the relationship between sales executive and retailer is a key repository of infor-

mation and trust. For example, this relationship critically determines a retailer’s perception

of the distributor’s reliability and responsiveness to return or repair requests.
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We posit that the relationship of sales executive with retailers is disproportionately

important when distributing to informal retailers, which have reduced access to formal in-

stitutions and infrastructure. For example, anecdotal reports from our partner distributor’s

ground staff suggest that informal retailers suffer a greater disruption in sales than for-

mal retailers following a reallocation of sales executives. Previous literature also provides

evidence related to this hypothesis. For example, in a qualitative study of small retailers

embedded in the communities of Chennai, India, Viswanathan et al. (2010) indicate that

business owners “rely exclusively on interpersonal relationships and the commitments that

develop within them to sustain their business," and assert that the influence of relationships

is uniquely large in the BoP setting. Using survey-based data, Graça et al. (2016) find that

commitments to suppliers are more heavily influenced by relationship-driven factors for buy-

ers in emerging markets like Brazil than for buyers in the US, who are more attentive to the

functional benefits of supplier contracts.

To study this hypothesis, we leverage a rich panel dataset (spanning April 2016 - De-

cember 2019) from our partner distributor, Essmart, which distributed 215 unique durable

goods across six product categories to 824 retailers in India at the time of data collection.

The distributor sells to both formal retailers and informal retailers (which includes a class

of retailers locally known as “kiranas" in India); the relationships with each retailer are

managed by 63 full-time sales executives. At any point in time, a single sales executive is

assigned to a given retailer.

We use quasi-experimental methods to study the impact that a change in sales executive

has on the orders placed by retailers to the distributor, and we examine how this impact

differs for formal versus informal retailers. We use two complementary quasi-experimental

methods, one based on within-unit matching (a before-after analysis) and one based on

between-unit matching/weighting (a difference-in-difference analysis), in order to confirm

the robustness of our results.

We find that both formal and informal retailers experience a decrease in order value

and diversity immediately following a change in sales executive allocation; with formal and

informal retailers experiencing an average decrease of at least 35.7% and 70.4%, respectively,

relative to expected order value during the period immediately following a transition. Our
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most important finding — supported by both the within-unit and between-unit methods —

is that formal retailers recover from this decrease within three sales cycles, whereas informal

retailers do not seem to recover sustainably within five sales cycles following the transition.

Given the limitations on sample size as the number of sales cycles increases, it is difficult to

estimate with confidence how long it takes for informal retailers to recover.

These results provide evidence that the sales executive relationship is disproportionately

important for distribution to informal retailers. A disruption to this relationship, in the

form of changing the assigned sales executive, has a significantly negative and long-term

impact on orders placed by informal retailers. This suggests an important link between

operations management at the BoP and the notion of “embeddedness" in organizational

behavior (Granovetter 1985); social relationships, such as the relationship between a sales

executive and informal retailers, support economic activity in the informal economy, where

formal institutions are absent.

The remainder of the paper is structured as follows: Section 4.3 describes the setting

and available data, Section 4.4 describes the quasi-experimental methods used in this paper,

Section 4.5 presents and discusses the results obtained using each method, and Section 4.6

provides further discussion and concludes the paper.

2.3 Data and Key Definitions

The context for this study is a supply chain with three tiers: (i) a distributor (Essmart),

(ii) retailers that sell the distributor’s products (among other products), and (iii) customers

who purchase products from the retailers. The retailers are located in India’s Tamil Nadu

and Karnataka states (see Figure 1).

The retailers operate small- to medium-sized shops with limited storage space, and thus

carry limited inventory of the distributor’s items; for bulky items, like cookstoves, retailers

often carry only one unit. As a result, the distributor has established a network of distribution

centers from which retailers’ inventory can be replenished with short lead times (typically

one or two days). Retailers therefore typically use the distributor for “deliver-to-order" sales;

they carry a demonstration unit inside the store and place an order with the distributor only
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Figure 1: Retailer locations

when a customer wishes to purchase the item. When a retailer places a purchase order with

the distributor, the items in the order are delivered by a sales executive.

We obtained three datasets from the distributor: orders placed by retailers, retailer

tax registration information, and sales executive employment information. In addition, we

collected data on time-invariant retailer characteristics. An anonymized version of the data

and our code is available at [link redacted for peer review].

We converted this data into a panel dataset, where the unit of observation is a retailer-

cycle. The length of a retailer’s “cycle" is defined as the median interval, in days, between

consecutive orders from that retailer (our results are robust to using retailer-month as the

unit of observation for applicable methods). We use cycles as a standardized unit of time

in order to compare performance across a wide range of ordering policies that retailers may

adopt (e.g. due to proximity to a distribution center, inventory space, etc.). To give a

concrete example; it would be difficult to compare the impact of an intervention on the

performance of two retailers in a given month when one retailer uses a periodic review model

with a review period of one month and the other retailer uses a review period of six months;

instead, we would want to compare orders over their respective inter-order intervals. Basing

our analysis on observed inter-order intervals achieves this.
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Retailers start ordering from the distributor at different points in time, and each retailer

enters the dataset on the date on which it placed its first order. The panel is therefore

unbalanced. The resulting panel has 14,102 retailer-cycles across 616 retailers (208 out of

the 824 retailers placed only one order with the distributor and therefore have an undefined

inter-order interval; see also 2.3.1).

We next define each of the datasets and key definitions used in this study.

2.3.1 Retailer order data

We define an order as a positive number of SKUs purchased by a retailer on a given day. The

order data includes 5,538 orders placed by 824 retailers on 967 days during the overall period

of 1,358 days (approximately 195 weeks) between April 2016 - December 2019. The order

data includes the date of the order, the order value, the categories to which the products in

the order belong, the ID of the retailer that placed the order with the distributor, and the ID

of the sales executive who handled the order. The product categories sold by the distributor

are listed in Table 1.

Product category Total volume
Kitchen 44,106
Farming 11,968
Lighting 6,536
Health & Safety 1,670
Home Comforts 646
Gadgets 145

Table 1: Product categories sold by the distributor (April 2016-December 2019)

We define order diversity as the number of product categories included in a given retailer

order. If more than 90% of a retailer’s order volume (over the entire time horizon) consists

of products within a single product category, we say that the retailer is a “specialist" in that

category.

Out of the 824 retailers (with a total of 5,538 orders) uniquely identified in the data,

we excluded 208 retailers that placed only one order over this time period because their

inter-order interval is undefined. These exclusions left us with 616 retailers that placed 5,330

orders.
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Because a single sales executive is associated with each order, the order data allows us

to infer whether a new sales executive has been assigned to a given retailer. Note that while

we know whether a retailer has witnessed a transition in sales executive between two orders,

we cannot infer when exactly the new sales executive was assigned. Retailers in our sample

experienced between zero and seven sales executive transitions (Figure 2). More than half of

the retailers in the sample never experienced a transition; 125 experienced a single transition.

Figure 2: Distribution of number of transitions across retailers.

In the analyses that follow, we focus on retailers that have either no transition or exactly

one transition. This ensures that the estimated effect of a transition is not contaminated

by subsequent transitions. Of the 616 remaining retailers, we therefore further excluded 73

retailers with two or more transitions, leaving us with a base sample of 543 retailers that

witnessed at most a single transition. Of these retailers, we excluded 65 that experienced

a transition in their first cycle, since we require at least one pre-transition period and one

post-transition period in order to complete a before-after comparison. The resulting dataset

contains 60 treated retailers that experience exactly one sales executive transition and 418

candidate control retailers that never experience a transition.

A summary of the exclusion criteria described above is provided in Table 2. Table 2

also includes a breakdown of retailers by formal/informal status, which we define next using

data on retailer tax registration.

30



Subgroup

All Formal Informal

# unique retailers served by distributor during study period 824 331 493
# retailers with >1 order 616 263 353
# retailers with 0 transitions 418 159 259
# retailers with exactly 1 transition 125 67 58
# retailers with 1 transition after first period (“treated retailers") 60 36 24
# retailers with 0 transitions (“candidate control retailers") 418 159 259

Table 2: Breakdown of retailers in our sample

2.3.2 Retailer tax registration

Businesses in India are required to register for a Goods and Services Tax (GST) number

if their aggregate annual turnover surpasses a certain threshold (thresholds differ for goods

and services), if they operate across multiple states or internationally, if they participate

in e-commerce, or if they were registered under older tax regimens such as VAT (ClearTax

2021b). For most states, including the distributor’s states of operation, the initial turnover

threshold (beginning in July 2017) was INR 2 million (≈$26,508), and it increased to INR 4

million (≈$57,720) in April 2019 for businesses whose only activity is to supply goods, such

as most of the retailers in the distributor’s network (ClearTax 2021a).

Businesses whose turnover falls below the threshold may voluntarily register for a GST

number in order to capitalize on several benefits. For example, voluntary registration may

increase retailers’ access to a wider range of suppliers; some suppliers will not sell large

volumes of goods to unregistered customers, since doing so may attract unwanted scrutiny

from regulators. GST registration may also provide greater access to large amounts of capital,

because some banks require GST registration as a requirement for business loans.

Given the structure of the regulations governing GST registration, we can have confi-

dence that retailers with no GST number (1) have an upper bound on annual revenue, (2)

operate within a single state (and in many cases, a much smaller area), (3) do not sell goods

online, and (4) do not charge their customers GST. Our partner distributor also indicated

that many of the unregistered retailers are small family businesses run by a sole operator,

or perhaps with a small number of helpers. These characteristics align with those typically

ascribed to informal retailers in the literature.
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Formal Informal p-value
Mean # of full-time staff 2.74 1.36 0.025
Mean approximate floor area in sq. ft. 785 461 0.011
Mean max. retail price, most expensive product (INR) 17,570 11,923 <0.001
Technology: % retailers relying on memory to manage sales & inventory 11 23 0.02

Table Notes: p-values are computed using the non-parametric Kruskal-Wallis test (for continuous variables)
or a chi-squared difference in proportion test (for variables representing % of retailers). We used non-
parametric tests due to skewness in the data.

Table 3: Comparison of survey results for 127 “informal" and 125 “formal" retailers.

We therefore classify retailers with no GST number as “informal retailers" and retailers

that have a GST number as “formal retailers." Using survey data (described in Section

2.3.4), we further micro-found this classification as a valid approximation of other metrics of

retailer “formality"; retailers classified as “informal" have significantly fewer full-time staff,

significantly smaller floor area, significantly less expensive products, and significantly higher

reliance on memory to manage sales and inventory (see Table 3).

Note that this definition implies that we might assign some retailers with informal

characteristics to the “formal" category, since some informal retailers might voluntarily obtain

a GST number–which would cause them to fall into the formal category based on our criteria.

As a result, we might underestimate the difference between treatment effects for formal versus

informal retailers. In contrast, a retailer classified as “informal" in our data is unlikely to

actually be a formal retailer, given the penalties associated with failing to register for a GST

number for companies that are required to do so.

2.3.3 Sales executive employment

We also obtained data on the employment history of sales executives. For each sales ex-

ecutive, the data contains the unique sales executive ID, the date of employment, date of

departure, and current active status.

2.3.4 Retailer-level characteristics

Finally, we collected supplementary information on retailer-level characteristics. First, we

obtained information from the distributor on the GPS coordinates or address of each re-
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tailer, which we used to compute the driving distance (in km) between a retailer and the

corresponding distributor’s branch.

Second, we conducted a survey in April 2019 on 251 of the retailers (127 retailers clas-

sified as informal and 124 retailers classified as formal). The survey was conducted by sales

executives during their routine interactions with the retailers over a period of approximately

three weeks. As such, only retailers that were actively placing orders with the distributor

at the time of the survey were included. Information collected through the survey includes

number and type of employees, technology use, type and price range of products sold, and

retailer size and layout.

2.4 Methodology

We use quasi-experimental methods to test the impact of a sales executive transition on the

performance of formal versus informal retailers. The treatment of interest is therefore the

assignment of a new sales executive to a retailer.

We use the dummy indicator 𝐷𝑖,𝑡 to denote whether or not retailer 𝑖 received treatment

in sales 𝑡 ∈ [1, 𝑇 ], where 𝑇 is retailer-dependent given the unbalanced nature of the panel.

Retailer 𝑖 is initially assigned a treatment indicator of zero (𝐷𝑖,𝑡 = 0) starting from the

retailer’s first (𝑡 = 1); the indicator is incremented to one during the treatment 𝑡0 in which

a new sales executive is assigned (𝐷𝑖,𝑡0 = 1), and it remains at one thereafter for all 𝑡 ≥ 𝑡0.

Because we limit the scope of our analysis to retailers that experience a single transition,

the treatment condition is both non-reversible and non-repeatable.

We aim to estimate the causal effect for each subgroup during a specified post-treatment

period. Let 𝑖 denote a retailer and 𝒢 denote the subgroup of retailers under consideration, i.e.

𝒢 ⊂ {ℐ,ℱ}, where ℐ is the set of informal retailers and ℱ is the set of formal retailers. We let

𝑌𝑖,𝑡(1) denote the outcome of retailer 𝑖 in period 𝑡 where 𝐷𝑖,𝑡 = 1, and let 𝑌𝑖,𝑡(0) denote the

estimated counterfactual outcome of retailer 𝑖 in period 𝑡. The group-time average treatment

effect for subgroup 𝒢 in cycle 𝑡0 + 𝐹 is given by:

𝜏𝐹,𝒢 = E[𝑌𝑖,𝑡0+𝐹 (1)− 𝑌𝑖,𝑡0+𝐹 (0)|𝑖 ∈ 𝒢]. (2.1)
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Because our eventual aim is to compare relative effects of two subgroups with differ-

ent baseline performance levels, the relevant quantity of interest is the ratio of potential

outcomes, rather than the difference (see e.g., Morgan and Winship (2015) for others who

followed this approach):

𝜏 ′𝐹,𝒢 = E

[︃
𝑌𝑖,𝑡0+𝐹 (1)

𝑌𝑖,𝑡0+𝐹 (0)

⃒⃒⃒⃒
𝑖 ∈ 𝒢

]︃
. (2.2)

The key decision is how to define the counterfactual “control" outcome for each treated

unit at the time of interest, i.e. 𝑌𝑖,𝑡(0). There are two options for members of the comparison

group: (1) observations from the same retailer during the pre-treatment period (within-unit

matching), and (2) observations from other retailers that are “similar enough" on defined

characteristics (between-unit matching/weighting). We next define estimators based on each

of these potential comparison groups.

2.4.1 Within-unit matching

Within-unit matching involves using the pre-treatment outcomes for retailer 𝑖 to estimate

𝑌𝑖,𝑡(0). This method therefore effectively compares the outcomes of each retailer before

and after treatment, and we use a nonparametric before-after matching estimator of Average

Treatment Effect on the Treated (ATT) to estimate the causal effect. Figure 3 shows, for each

subgroup, the time at which each of the treated retailers received treatment. By comparing

treated and control units across time within the same unit, this estimator has the benefit of

controlling for potential unobserved unit-specific, time-invariant confounders by capturing

unit-level heterogeneity.
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Figure 3: Time at which treated retailers received treatment, and potential controls using
within-unit matching.

Imai and Kim (2019) develop a non-parametric within-unit matching estimator that

compares an observed post-treatment outcome with the mean of the pre-treatment outcomes

for a given unit. They demonstrate that this estimator is equivalent to the conventional

inverse propensity-score weighted linear regression with unit-fixed effects, but allows relaxing

the linearity assumption of linear regression, and does not require assumptions about the

distribution of outcomes. This relaxation of these traditional assumptions through a non-

parametric approach is important in our context, given the limitations on our sample size.

The within-unit method requires three key identification assumptions. First, that there

are no unobserved time-varying confounders. Second, that past treatment has no effect on

current outcome. Third, that past outcomes have no effect on current treatment. Figure 3

indicates significant diversity in the timing of treatment across retailers (this is also true when

using calendar months rather than cycles as the time unit). Any time-varying confounders

would therefore add noise that would reduce our ability to detect a significant treatment

effect. The second assumption, also known as the absence of a “carryover" effect, is met

for each lag-specific estimate because treatment occurs just once. The third assumption

would be violated if, for example, there were a pre-determined threshold of performance

that triggered a transition (e.g., a dollar amount or minimum number of products). While

this is not the case, general sales executive performance is a factor in re-allocation decisions.
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We therefore also use between-unit matching/weighting (described in Section 2.4.2) and find

that time-varying confounders are unlikely to significantly bias our analyses; the two methods

yield consistent results.

Using Imai and Kim (2019), for each subgroup 𝒢 and cycle 𝑡0 + 𝐹 , the (within-unit)

estimated contemporaneous treatment effect is:

𝜏𝐹,𝒢 = E[𝑌𝑖,𝑡0+𝐹 (1)− 𝑌 𝑖(0)|𝑖 ∈ 𝒢],

where 𝑌 𝑖(0), the “control mean" of retailer 𝑖, is given by:

𝑌 𝑖(0) =

∑︀𝑡=𝑡0−1
𝑡=1 𝑌𝑖,𝑡

𝑡0 − 1
.

The relative form of the estimator is:

𝜏 ′𝐹,𝒢 = E
[︂
𝑌𝑖,𝑡0+𝐹 (1)

𝑌 𝑖(0)

⃒⃒⃒⃒
𝑖 ∈ 𝒢

]︂
.

Note that the magnitude of the effect in post-treatment cycle 𝑡0 + 𝐹 as a percentage

decrease from mean pre-treatment performance is given by 1− 𝜏 ′𝐹,𝒢.

To calculate confidence intervals, we use a block bootstrap procedure, which is often

used when the assumptions needed to accurately estimate closed-form uncertainty measures

cannot be relied upon (e.g., Gareth James 2013, Hazlett and Xu 2018, Liu et al. 2020). In

this case, the ratio format of our outcome makes it difficult to make distributional assump-

tions. We therefore sample with replacement 1,000 times at the retailer level for retailers

in subgroup 𝒢, compute each lag-specific treatment effect for each of the 1,000 samples,

and then use percentile methods to identify confidence intervals for the treatment effect

corresponding to each post-treatment cycle.

Our identification strategy allows us to recover a consistent and unbiased estimate of

the ATT in each post-treatment cycle, computed separately for formal and informal retailers.

However, we note that the number of retailers included in the within-unit analysis shrinks

over time, since we do not have observations for all retailers across all post-treatment cy-

cles (see also Figure 3). When reporting our results, we therefore display the number of

36



observations included.

In a pre-processing step, we remove outliers in the data. We use a threshold rule to

define how extreme an observation must be to be considered an outlier; for a given variable,

we remove retailers with observations that fall more than 𝑋 · 𝐼𝑄𝑅 (Inter-Quartile Range)

above the 75th percentile of that variable in at least one period between 𝑡0 − 5 and 𝑡0 + 5.

In Section 2.4.2, outliers based on relative order value and relative order volume (as defined

by 𝑌𝑖,𝑡0+𝐹 in Section 2.4.2) have an important impact on achieving balance between control

and treatment retailers; both are thus considered when removing outliers. For consistency

between the two methods, we remove retailers using the same criterion for the within-unit

method. For formal retailers, we set 𝑋 = 17 and 𝑋 = 15 for order value and order volume,

respectively. For informal retailers, we set 𝑋 = 10 and 𝑋 = 6 for order value and order

volume, respectively.

2.4.2 Between-unit matching/weighting

The within-unit estimator in Section 2.4.1 controls for unobserved retailer-specific, time-

invariant confounders, but assumes that there are no time-varying confounders and that past

outcomes have no effect on treatment. Here, we propose an estimator that matches treated

retailers to control retailers in order to control for potential time-varying and time-specific

confounders. We make the following five identification assumptions. First, we assume no

spillovers (i.e., retailers are not affected by the treatment status of other retailers). Second,

we assume no anticipation effects in pre-treatment periods. Third, we assume conditional

parallel trends after controlling for treatment, outcome, and covariate history in the speci-

fied lag periods (which here refers to the single period before treatment). Fourth, we assume

sufficient common support (i.e., there is a nonzero possibility of treatment in each period

included in the horizon). Fifth, we assume no unobserved time-invariant confounders after

controlling for covariate history and treatment. These assumptions, together with the ir-

reversibility of treatment, are sufficient to identify the causal effect of interest even in the

absence of random sampling.

Imai et al. (2020) extend the non-parametric within-unit matching technique described

in Imai and Kim (2019) to allow for comparison of treated units with (never-before-treated)
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Figure 4: Treated retailer and control retailers for between-unit k-nearest-neighbor matching
estimator with all potential control units (left panel) and with matched control units only
(right panel).

control units. They do so by comparing a specific retailer-period observation from a treated

retailer to one or more control retailers that match the treated retailer (with a degree of

similarity that must be specified) on a set of covariates. This includes both observations from

control retailers that are never treated throughout the entire time horizon and pre-treatment

observations from treated retailers whose treatment is introduced after the retailer under

study. Figure 4 provides an example of a retailer with all potential control units, as well as

with matched control units only.

We use two different approaches to identifying the set of control retailers included in

ATT estimation under this method. The first approach matches treated retailers to the

𝑘 candidate control retailers that are most similar to the treated retailer during the cycle

preceding treatment (𝑘-nearest neighbor matching). The second retains all candidate control

retailers and weights them based on similarity to treated retailers (inverse propensity score

weighting). In order to study the effect of treatment from period 𝑡0 to 𝑡0 + 𝐹 , we require

that retailers selected as controls for retailer 𝑖 do not experience treatment in any period

𝑡 ∈ [1, 𝑡0 + 𝐹 ].

We use the non-parametric estimator introduced in Imai et al. (2020) for the ATT of

stable policy change (i.e., irreversible treatment) relative to no policy change. This is a

difference-in-difference (DiD) estimator for a particular time period. The estimator for the
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treatment effect 𝐹 after a transition in 𝑡0 for subgroup 𝒢 is given by:

𝛿𝐹,𝒢 =
1∑︀

𝑖∈𝒢
∑︀𝑇−𝐹

𝑡=2 𝑋𝑖,𝑡

∑︁
𝑖∈𝒢

𝑇−𝐹∑︁
𝑡=2

𝑋𝑖,𝑡

{︂
(𝑌𝑖,𝑡0+𝐹 − 𝑌𝑖,𝑡0−1)−

∑︁
𝑖′∈𝑀𝑖

𝑤𝑖′

𝑖𝑡(𝑌𝑖′,𝑡0+𝐹 − 𝑌𝑖′,𝑡0−1)

}︂
,

(2.3)

where 𝑋𝑖,𝑡 = 𝐷𝑖,𝑡(1−𝐷𝑖,𝑡−1)× 1{|𝑀𝑖| > 0}, and 𝑀𝑖 denotes all control retailers in the

matched set for retailer 𝑖. Thus, 𝑋𝑖,𝑡 is exactly equal to 1 in period 𝑡0 (the treatment period)

for retailer 𝑖 if we can identify one or more suitable controls, and is zero otherwise (Imai et al.

2020). Furthermore, 𝑤𝑖′
𝑖𝑡 are non-negative normalized weights which determine the relative

influence of each control retailer such that 𝑤𝑖′
𝑖𝑡 ≥ 0 and

∑︀
𝑖′∈𝑀𝑖

𝑤𝑖′
𝑖𝑡 = 1. We use the weights

developed in Imai et al. (2020) for the ATT of a “stable", or long-term, treatment; in the

case of k -nearest neighbor matching the weights are 1/𝑘 for each of the 𝑘 control retailers,

and in the case of inverse propensity score weighting, the weights are given by a function of

the cycle-specific propensity scores in each of the post-treatment periods being considered:

𝑤𝑖′

𝑖𝑡0
=

𝐹∏︁
𝑓=0

𝑤𝑖′*
𝑖𝑡0𝑓

,

where

𝑤𝑖′*
𝑖𝑡0𝑓

∝ ̂︀𝜋𝑖,𝑡0+𝑓

1− ̂︀𝜋𝑖,𝑡0+𝑓

such that 𝑤𝑖′

𝑖𝑡0𝑓
≥ 0 and

∑︀
𝑖′∈𝑀𝑖

𝑤𝑖′

𝑖𝑡0𝑓
= 1, and ̂︀𝜋𝑖,𝑡0+𝑓 is the estimated propensity score for

retailer 𝑖 in period 𝑡0 + 𝑓 .

The summation indices in the numerator and the denominator of the first term on the

right-hand side of (2.3) ensure that we only include treated retailers with at least one period

of data before the transition (because period 𝑡0 − 1 is used as the reference point for DiD)

and at least 𝐹 periods of data after the transition (because we are computing the treatment

effect for period 𝑡0 + 𝐹 ).

While Equation (2.3) identifies the absolute treatment effect, we are interested in the

relative treatment effect in each subgroup, given the goal of comparing relative effects across

groups. The relative variant of the DiD estimator for the ATT is the same as Equation (2.3),

but with relative outcomes (defined as 𝑌 ′
𝑖,𝑡0+𝐹 and 𝑌 ′

𝑖,𝑡0−1) in place of absolute outcomes.
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Hence, the equation becomes:

𝛿′𝐹,𝒢 =
1∑︀

𝑖∈𝒢
∑︀𝑇−𝐹

𝑡=2 𝑋𝑖𝑡

∑︁
𝑖∈𝒢

𝑇−𝐹∑︁
𝑡=2

𝑋𝑖,𝑡

{︂
(𝑌 ′

𝑖,𝑡0+𝐹 − 𝑌 ′
𝑖,𝑡0−1)−

∑︁
𝑖′∈𝑀𝑖

𝑤𝑖′

𝑖𝑡(𝑌
′
𝑖′,𝑡0+𝐹 − 𝑌 ′

𝑖′,𝑡0−1)

}︂
,

where

𝑌 ′
𝑖,𝑡0+𝐹 =

𝑌𝑖,𝑡0+𝐹

𝑌 𝑖,𝑡0+𝐹

, and 𝑌 𝑖,𝑡0+𝐹 =

∑︀𝑡′=𝑡0−1
𝑡′=1 𝑌𝑖,𝑡′0

𝑃𝑖𝑡′∑︀𝑡′=𝑡0−1
𝑡′=1 𝑃𝑖𝑡′

.

Herein, 𝑃𝑖𝑡′ is an indicator variable indicating whether an outcome for retailer 𝑖 is non-

zero in cycle 𝑡′. 𝑌 ′
𝑖,𝑡0−1 is defined analogously to 𝑌 ′

𝑖,𝑡0+𝐹 .

For between-unit methods, we can evaluate the magnitude of the treatment effect for

each post-treatment cycle 𝑡0 + 𝐹 by measuring the percentage change between the counter-

factual and the observed outcome for that period:

Effect magnitude𝐹,𝒢 = E

[︃
𝑌 ′
𝑖,𝑡0+𝐹 (1)− 𝑌 ′

𝑖,𝑡0+𝐹 (0)

𝑌 ′
𝑖,𝑡0+𝐹 (0)

⃒⃒⃒⃒
𝑖 ∈ 𝒢

]︃
,

where the unit-specific counterfactual is given by:

𝑌 ′
𝑖,𝑡0+𝐹 (0) =

∑︁
𝑖′∈𝑀𝑖

𝑤𝑖′

𝑖𝑡𝑌
′
𝑖′,𝑡0+𝐹.

Standard errors are computed using the weighted block-bootstrap procedure developed for

between-unit matching by Imai et al. (2020). In this procedure, matching is not re-done

for each bootstrap replication; instead, sampling is done at the retailer level, and the ATT

is re-computed with each retailer-cycle observation in the resulting samples being weighted

based on the number of times the observation was used for matching in the original sample.

Importantly, these standard errors reflect uncertainty conditional on the matching process

that assigns each treated retailer to a set of control retailers. We sampled with replacement

1,000 times at the retailer level and recomputed the treatment effect for the sample produced

in each iteration, using the weights as described above.

Next, we describe in more detail how we identify the set of control retailers included

40



in the estimation, i.e. the matched set 𝑀𝑖 for retailer 𝑖. Imai et al. (2020) include only

time-varying covariates to determine which retailers to include in 𝑀𝑖. However, because we

match on pre-treatment history for only a single period (cycle 𝑡0− 1), we are able to include

both time-varying and time-invariant covariates to determine matches. The covariates that

we consider are:

• Retailer age (days between retailer’s first order and first day of the current cycle);

• Average value and volume of orders per period between the retailer’s first order in the

dataset and the first day of the current order cycle;

• Sales executive-retailer relationship length (days between assignment of departing sales

executive and first day of the current cycle);

• Distance to distributor branch;

• Median and standard deviation of cycle length;

• Dummy variables for branches that have treated/control retailers in both ℐ and ℱ .

In addition, to control for seasonality and unobserved time-specific confounders, we

consider the following time markers (determined on the first day of each cycle) in matching:

season, month, year, and month-year.

For 𝑘-nearest neighbor matching, the choice of 𝑘 (maximum number of controls allowed

in the final matched set) is a key parameter. To select 𝑘, we iteratively examine the balance

of key covariates between treated and control groups by varying the covariates included in

the matching, the choice of 𝑘, and the outlier threshold 𝑋. Matching and balance evaluation

may be performed iteratively without biasing the results, as long as outcome values are not

consulted along the way (Ho et al. 2007). We stop when we achieve an acceptable level of

balance on historical order value and volume, as well as time-varying covariates, which are

critical to evaluating the validity of the conditional parallel trends assumption (Imai et al.

2020).

To evaluate balance, we compute the standardized mean difference (SMD), which is a

widely used unitless quantity, before and after matching. The SMD for a given covariate 𝑗

and treated unit 𝑖 at time period 𝑡 is given by
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𝑆𝑀𝐷𝑖,𝑡,𝑗 =
𝑥𝑖,𝑡,𝑗 − 𝑥𝑖′,𝑡,𝑗

𝑠treated
,

for the original data, and by

𝑆𝑀𝐷𝑚
𝑖,𝑡,𝑗 =

𝑥𝑖,𝑡,𝑗 −
∑︀

𝑖′∈𝑀𝑖
𝑤𝑖′

𝑖𝑡𝑥𝑖′,𝑡,𝑗

𝑠treated
,

for the matched data. Herein, 𝑥𝑖,𝑡,𝑗 and 𝑥𝑖′,𝑡,𝑗 refer, respectively, to the value of covariate 𝑗

for treated unit 𝑖 and the sample mean of covariate 𝑗 for the control units matched to unit

𝑖. 𝑠treated denotes the sample standard deviation for (unmatched) treated units (Ho et al.

2011, Imai et al. 2020).

For each covariate 𝑗, the SMD is calculated for each treated unit for the period imme-

diately preceding treatment 𝑡0− 1, and then aggregated across all treated units (for all units

and matched units respectively):

𝐵𝑗,𝑡0−1 =
1

𝑁treated

𝑁treated∑︁
𝑖=1

𝑆𝑀𝐷𝑖,𝑡0−1,𝑗, 𝐵
𝑚

𝑗,𝑡0−1 =
1

𝑁treated

𝑁treated∑︁
𝑖=1

𝑆𝑀𝐷𝑚
𝑖,𝑡0−1,𝑗,

where 𝑁treated is the overall number of treated units (Imai et al. 2020).

For a given combination of outlier thresholds and covariate specification, we evaluate

the quality of matching by examining 𝐵
𝑚

𝑗,𝑡0−1 using covariate values from cycle 𝑡0 − 1. We

refer to 𝐵𝑗,𝑡0−1 and 𝐵
𝑚

𝑗,𝑡0−1, respectively, as the pre- and post-matching aggregated SMD.

An aggregated SMD with an absolute value greater than 0.1 is considered to indicate an

unacceptable level of imbalance between groups (Wang et al. 2013).

Figure 5 shows the balance results for key covariates using a range of possible permitted

matches.

We choose 𝑘 separately for each group in 𝒢 so as to optimize balance in period 𝑡0 − 1,

which serves as the reference period for the DiD estimator. We choose 𝑘 = 5 for formal

retailers and 𝑘 = 7 for informal retailers, thereby keeping the aggregated SMD below (or

close to) the threshold of 0.1 for key covariates of interest (see Figure 5).

Table 4 shows the pre- and post-matching aggregated SMD for covariates that were

included in the specifications for either formal or informal retailers, using the values of 𝑘
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Figure 5: Balance on key covariates by number of permitted matches based on 𝐵
𝑚

𝑗,𝑡0−1.

mentioned above. We find that treatment and control retailers are balanced after matching

on all covariates of interest – as indicated by all 𝐵𝑚

𝑗,𝑡0−1 being below the threshold value of

0.1. The fact that we achieve balance on historical measures of value and volume allays our

concerns about potential selection bias.

Formal Informal

𝐵𝑗,𝑡0−1 𝐵
𝑚

𝑗,𝑡0−1 𝐵𝑗,𝑡0−1 𝐵
𝑚

𝑗,𝑡0−1

Historical average value per order 0.06 -0.05 0.29 0.03

Historical average volume per order 0.16 0.09 -0.09 -0.06

Median inter-order interval 0.09 0.07 -0.28 -0.09

Std. deviation of inter-order interval -0.24 0.09 0.43 0.08

SE-retailer relationship length -0.00 0.06 0.09 -0.07

Retailer age at cycle start -0.00 0.06 0.13 -0.03

Distance from retailer to branch -0.29 -0.06 - -

Mettupalayam Branch -0.73 -0.00 - -

Table 4: Covariate balance before and after k-nearest-neighbor matching using values 𝑘 = 5
for formal retailers and 𝑘 = 7 for informal retailers.

Table 5 provides a summary of the number of retailers included in the treatment and

control groups for both inverse propensity score weighting and 𝑘-nearest neighbor matching.

Before computing the between-unit ATT estimates, we pre-processed the data by re-

moving outliers. We remove the same set of outliers that were removed for the within-unit

matching method, as described in Section 2.4.1.
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Between-unit sample sizes

Formal Informal
Control Treated Control Treated

IPW sample 143 25 229 19
(132/11) (219/10)

kNN sample 69 25 92 19
(63/6) (88/4)

Table notes: Number of retailers included to calculate DiD estimates using Inverse Propensity Score
Weighting (IPW) and 𝑘-nearest neighbor (kNN) matching. The kNN sample is smaller than the
IPW sample because only the 𝑘 most similar control retailers are retained. The control units in these
samples include both never-treated retailers (first figure in parentheses) and retailers which are treated
in later periods but serve as controls for retailers treated earlier (second figure in parentheses).

Table 5: Number of retailers included after matching for formal and informal retailers

2.5 Results

In this section, we present the results from both the within-unit matching method described

in Section 2.4.1 and the between-unit matching method described in Section 2.4.2. We

present results for two outcomes of interest: order value and order diversity.

We show the treatment effect for up to five sales cycles after treatment. The number

of cycles was chosen to balance three considerations. First, many of the distributor’s per-

formance reviews take place on a quarterly cycle, so a period of five cycles (for the median

retailer, equivalent to five to six months) captures at least a full quarter, with some buffer

on both sides. Second, after a longer period, retailer performance might be influenced by

factors unrelated to the transition. Third, after five sales cycles, the number of observations

becomes too small to confidently estimate an effect.

We also show the pre-treatment trend in relative outcomes for up to five cycles preceding

treatment in order to demonstrate no effect in pre-treatment periods and, hence, the validity

of our control observations.

2.5.1 Within-unit matching

Figure 6 shows the ATT for formal and informal retailers using the within-unit estima-

tor. Note that the null effect for this estimator is one, because the within-unit estimator

computes a ratio of observed post-treatment outcomes to potential outcomes under control
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Figure Notes: Pre-treatment performance (cycles -5 to -1), average treatment effect on the treated (cycles
1 to 5), and 95% confidence intervals for formal and informal retailers that experience a change in sales
executive. Confidence intervals are computed using block bootstrap with replacement (1,000 replications).

Figure 6: ATT based on the within-unit estimator.

(see Section 2.4.1). A ratio greater than one corresponds to a positive treatment effect, or

average post-treatment performance which is better than expected based on pre-treatment

performance. Conversely, a ratio between zero and one suggests a negative treatment effect.

Note that retailers experience a significant increase in order value and diversity during

cycle 𝑡0 However, this spike is a methodological artifact: cycle 𝑡0 contains – by construction

– an order for all retailers, whereas for other cycles some retailers may have zero orders.

For both groups, the most extreme change to order value and diversity occurs in the sales

cycle following a sales executive transition. Comparing the magnitude of the average effect

is instructive: for order value, formal retailers experienced a decrease in performance (rela-

tive to pre-treatment means) of 53.8%, and informal retailers experienced a corresponding

reduction of 81.9%. For order diversity, formal and informal retailers experienced reductions

of 64.9% and 57.6%, respectively, in the first post-treatment cycle. These reductions in per-

formance do not differ significantly between both subgroups, but differ significantly from the

null effect of one.

The most notable finding is that formal retailers return to their pre-treatment mean
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order value within three sales cycles, whereas informal retailers do not recover their mean

pre-treatment performance even after five sales cycles. In the appendix, we reproduce these

results using months as the time unit rather than cycles. This finding provides evidence

for our main conjecture presented in the introduction: the disruption of a sales executive

relationship is disproportionately important for informal retailers in the BoP.

In the next sub-section, we verify that this insight is preserved when we control for

time-varying confounders using the between-unit matching/weighting method.

2.5.2 Between-unit matching/weighting

Figure 7 shows the ATT for formal and informal retailers using the between-unit estimator.

Note that here a null effect is represented by an ATT of zero, because the between-unit

estimator is a difference-in-difference estimator. A negative (positive) treatment effect cor-

responds to worse-than-expected (better-than-expected) performance, where the “expected"

performance is defined by the estimated counterfactual outcome under “no treatment".

Because the difference-in-difference estimator uses cycle 𝑡0 − 1 as a reference point, the

treatment effect for cycle 𝑡0 − 1 is exactly equal to zero, with standard errors of zero.

The treatment effect in all other pre-treatment periods is statistically indistinguishable

from zero, suggesting that the sharp decrease in the cycle following treatment is indeed

attributable to a sales executive transition.

In the period immediately after a change in sales executive, informal retailers perform

an average of 70.4% worse than expected for order value, and an average of 50.0% below

expectations for order diversity. In addition, this under-performance is statistically signifi-

cant. Formal retailers experience more modest reductions of 35.7% and 46.7% for the two

outcomes, respectively, and these reductions are also statistically significant.

Consistent with our findings using the within-unit estimator from Section 2.5.1, we ob-

serve that formal retailers return to expected performance levels within three sales cycles,

whereas there is no consistent evidence that informal retailers return to (and remain at) ex-

pected levels. While our hypothesis is that these results are attributable to trust, alternative

explanations could explain the observed difference in results between formal and informal

retailers. For example, if one or both types of retailers changed the types of products that
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Figure Notes: Solid lines indicate results for propensity-score matching using the 𝑘-nearest neighbor
algorithm, and dotted lines indicate results using inverse propensity score weighting.

Figure 7: ATT and 95% confidence intervals for formal and informal retailers using the
between-unit estimator.

they sold after a sales executive re-assignment, this might results in results similar to the

ones we have obtained here. In the appendix, we are able to rule out a change in price of

the average product sold, as well as sales of durable (as opposed to consumable) products.

We note that we are unable to reproduce the between-unit results using months as

the time unit because of insufficient balance on key covariates for informal retailers. This

lends further importance to the use of cycles as our time unit; within the informal subgroup,

treated and control retailers are balanced on key covariates within the order cycle preceding

treatment, but not necessarily in the month preceding treatment.

2.6 Discussion & Concluding Remarks

The previous section’s results highlight the outsized role that personal relationships, and the

trust that they embed, play when interfacing with informal retailers – such as retailers serving

BoP customers. They have several immediate managerial implications for distribution of life-

improving durable goods to BoP consumers and, more generally, commercial settings where
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formal governance institutions are weak.

First, our results emphasize the importance of sales executive retention and retailer-

relationship management for BoP-focused organizations and distributors. A recent BoP

Last-Mile Distributor (LMD) survey found that most LMDs engage with retailers as a sales

channel and that most LMDs perceive sales executive retention as a significant challenge

(Collective 2019). Our results provide quantitative support for the importance of overcoming

this challenge to ensure continued retailer engagement and partnership. Future research may

seek to identify the determinants of sales executive attrition, particularly as it varies across

sales executive tenure and other characteristics, for the sake of improving retention. The

revenue loss associated with a disruption in the sales executive-retailer relationship is further

compounded by the additional training costs associated with hiring and training a new sales

executive. Since the negative effect of disruption to a sales executive relationship is most

salient for informal retailers, which often cater to more vulnerable consumers than formal

retailers, such disruptions can significantly hinder an LMD’s ability to achieve its social

impact goals.

Given these insights, managers at LMDs should aim to proactively prevent the disrup-

tion of a relationship between an informal retailer and sales executive once it is in place. Care

for this relationship should be reflected in human resources strategies, even when informal

retailers or customers seem to be performing worse than expected. In this setting, although

the distributor sometimes initiated sales executive reassignments to improve the quality of

service provided to a retailer, the consistent failure of informal retailers to recover from the

disruptive effect of a transition suggests that other approaches to improving retailer perfor-

mance may be worthy of consideration. We believe that these findings are generalizable well

beyond the setting in which this study was conducted, as informal economy dynamics are

similar across emerging markets.

Second, our findings provide empirical evidence for the importance of social relationships

in supply chains that cater to informal retailers in the BoP. When a sales executive transition

occurs, the products, prices, and financing terms offered by the distributor to the retailer

do not change; yet, for informal retailers, order value and diversity are negatively affected

for a significant period of time. This result can be interpreted using the sociological concept
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of embeddedness (Granovetter 1985), which argues that economic rationality is “embedded"

within social ties. The embeddedness literature has found that, on the one hand, social

ties facilitate economic activity by creating trust, building economies of time, and allowing

for joint problem solving. On the other hand, excessive dependence on social ties makes

firms more vulnerable to exogenous shocks and disruptions (Uzzi 1997). Our empirical

results are consistent with these findings, and highlight the importance of embeddedness in

operations management in the BoP context. For informal retailers, which are less subject

to legal and governmental regulations than formal retailers, social ties play a key role in

supply chain transactions. While these social ties might increase supply chain efficiency for

informal retailers, our data shows that they also amplify the consequences of supply chain

disruptions.

These results may partially explain the historical failure of alternative business mod-

els (such as traditional and assisted e-commerce) to penetrate BoP markets: these models

depend on reducing in-person interaction in order to increase efficiency, which may back-

fire in markets containing large numbers of informal retailers whose performance is heavily

influenced by social relationships.

Given the limitations of our dataset, we could not determine the exact mechanism

through which business relationships influence retail channel performance. Future research

may examine, perhaps through experimental methods, which aspects of the sales executive

relationship can be used as a lever to influence retailer performance. Such work may guide the

design of compensatory measures which can mitigate the effects of unavoidable relationship

disruptions on informal retailers.

Finally, our results indicate that “classical" supply chain relationship management best

practices, such as the development of “deep" long-term suppliers relationships (Liker and

Choi 2004), are very valuable in the BoP context. Our partner distributor sells novel life-

improving durable goods (such as solar lamps) that are new to both retailers and customers.

Thus, an enduring relationship between a sales executive and an informal retailer might lead

to the development of joint technical capabilities for marketing and selling these products

and a structured lexicon and information exchange process for addressing issues related

to product sales. Our own survey data indicates that many informal retailers have low
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technological capabilities (see Table 3). In such a setting, the relationship between the sales

executive and retailer over time becomes a technology in itself, and this technology is lost

once the sales executive leaves. BoP distributors should invest in, learn about, and actively

engage informal retailers as an extended part of their organizations.
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2.6.1 Alternate Time Units

We now repeat the analysis from Section 2.5.1 using months, rather than cycles, as the

relevant time unit. We remove outliers in the same manner as in Section 4.4, but with

different thresholds given the different distribution of relative outcomes for months compared

to cycles; we use thresholds of 𝑋 = 12 and 𝑋 = 6 for order value and order volume,

respectively, for formal retailers; for informal retailers, these values are 𝑋 = 7 and 𝑋 = 10,

respectively. After outliers are removed, the sample used in the analysis consists of 34 formal

retailers and 28 informal retailers. Results are shown in Figure 8.

Figure 8: Within-unit ATT with alternate time unit (months)

For order value, formal retailers experience a decrease in performance (relative to pre-

treatment means) of 53.3% in period 𝑡0+1, and informal retailers experience a corresponding

reduction of 90.9%. For order diversity, formal and informal retailers experience reductions

of 81.6% and 89.3%, respectively, in the first post-treatment period. These results are

similar to those obtained with cycles as the time unit, strengthening our overall conclusions:

formal retailers recover sooner, while informal retailers do not experience sustained recovery.

In this case, the outcomes for formal retailers begin to fall in month five, perhaps reflecting

seasonality or time-specific effects which are not accounted for here, but which are controlled
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for in the results shown in Section 2.5.2.
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Chapter 3

The impact of streak-based performance

evaluation in crowdsourcing contests for

skilled microtasks

Olumurejiwa A. Fatunde

Center for Transportation and Logistics, Massachusetts Institute of Technology

Joann F. de Zegher

Sloan School of Management, Massachusetts Institute of Technology

3.1 Abstract

Crowdsourcing is used in many settings to organize distributed work, including skilled tasks.

Competitive crowdsourcing contests are widely used to elicit skilled knowledge work in soft-

ware, design, and research. To be successful, crowdsourcing contests need to be designed

such that they are effective at eliciting a sufficient number and level of quality outputs from

participants. They can do so by recruiting more participants, engaging them in completing

a large number of tasks, ensuring sufficient accuracy on tasks, and inducing participants to

complete tasks at a decent speed. Using data on 5,418 crowdsourcing contests for medical

diagnosis, we examine how these outcomes are impacted by a contest design where partici-
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pant performance is evaluated based on streaks, i.e., the longest sequence of correct answers,

rather than the traditional accuracy-based evaluation metric, i.e., % correct answers. We

find that streak contests increase the percentage (number) of responses that surpass a qual-

ity threshold by 3.5% (11.9%), thereby increasing the number of responses for which there

is a consensus on the correct diagnosis. This increase in quality is partly due to the fact

that streak contests are particularly effective at driving engagement, with each participant

providing 83% more responses in streak contests. Finally, streak contests also increase the

speed of achieving consensus by 31%. These results follow from a fundamental difference

between accuracy and streak contests; in the latter, randomness and costly recovery from

mistakes play a more significant role in determining overall performance, changing partic-

ipants’ incentives. Overall, we find that a streak-based evaluation metric is a viable tool

for increasing participant activity and platform performance, particularly in settings where

additional participation is not costly, and volume and velocity of activity are important.

These findings are relevant to other contexts in which rewards based on performance streaks

are used to boost participant motivation; we find that, in addition, they boost performance.

3.2 Introduction and Literature

Recent technological advances have enabled new modes of organizing work, including an

increasingly common mode known as crowdsourcing. Crowdsourcing involves organizing a

large group of people to perform tasks that a company might otherwise have performed

internally. It is often used to solicit innovative software or analytics solutions (e.g., Top-

Coder, Kaggle), obtain product designs or prototypes (e.g., InnoCentive), maintain accurate

mapping resources (e.g., Waze, OpenStreetMaps), contribute to knowledge repositories (e.g.,

Wikipedia), complete “microtasks" (e.g., Amazon’s Mechanical Turk, Google’s Crowdsource)

or tag images, audio, or text data (Garcia Martinez and Walton 2014, Wang et al. 2017,

Tajedin et al. 2019, Hossain and Kauranen 2015). In this paper, we focus on crowdsourcing

contests, wherein a firm crowdsources tasks from external participants who compete for a

reward based on a pre-defined evaluation metric.

The design of crowdsourcing contests is studied in literature on formal contest theory

(e.g. see Dechenaux et al. 2014, Segev 2020 for a review) and in literature on the use of
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technology to organize human effort (e.g. see Bigham et al. 2014 for a review). Recent work

has examined the impact of prize structure, instruction design/wording (Jiang et al. 2021b),

feedback (Jiang et al. 2021a) and intra-participant knowledge-sharing (Jin et al. 2021) on

participant performance. Shao et al. (2012) and Chen et al. (2014) explore determinants of

contest participation, and find that higher prizes and a lower number of competing contests

attract more participants. Researchers have also explored the effect of rank feedback (i.e.,

information about current ranking position) on participant effort (Gill et al. 2019) and the

presence of highly talented participants (Zhang et al. 2019) on participant motivation. Ma-

son and Watts (2010) study the effect of changing the denominator of an accuracy-based

evaluation metric – paying participants on a per-puzzle basis rather than per-word basis –

on participant effort. We are not aware of other studies that have studied the impact of

evaluation metrics in crowdsourcing contests.

Yet, the marketing and behavioral economics literatures have established the role of

(“streaks") of activity in influencing participant motivation and effort in sports, games, ed-

ucational tools, and organizational settings. For example, popular language-learning app

Duolingo encourages participants to return every day so as not to lose their streak of activ-

ity. Huynh et al. (2018) assessed the impact of this feature and found that streaks keep more

advanced participants motivated by making the game more challenging, and improve game

attractiveness as a game progresses, with streaks accumulating value at an increasing rate

as they grow longer. Levy (1996) suggests that streaks serve as a sort of asset; a combina-

tion of loss aversion and endowment effect may lead participants to adopt more risk-averse

behavior after accumulating a significant streak. An extensive literature in behavioral eco-

nomics has established that people tend to under-estimate the likelihood of streaks and thus

mis-attribute their performance to other causes such as advanced skill levels or syetemic er-

ror, leading them to change their behavior in response to those (incorrect) perceived causes

(laElena Asparouhova et al. 2009, Rabin 2002, Andrikogiannopoulou and Papakonstantinou

2018, Gilovich et al. 1985, Hilary and Menzly 2006, Chen et al. 2016, Criscuolo et al. 2021,

Kong et al. 2020). While there has been no direct evaluation of performance streaks in the

context of crowdsourcing contests, these past examples suggest that crowdsourcing contest

participants may under-estimate their ability to continue performing when they are on a
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performance streak, thus motivating them to put in more effort to over-compensate for this

perception. Hence, performance streaks exhibit many interesting characteristics that may

influence participation, engagement and accuracy in work-related contests such as crowd-

sourcing contests. However, to our knowledge there has been no such analysis of the effect of

using performance streaks as an evaluation metric. This is therefore the topic of this paper.

We study the effect of using an evaluation metric based on a performance streak (i.e.

the length of a worker’s longest sequence of correct answers) relative to a more common

evaluation metric based on accuracy (i.e. the % of correct answers), on contest participation,

engagement, accuracy, and completion speed. We focus on a canonical contest type called

rank-order contests (first studied in-depth by Lazear and Rosen 1981), in which participants

are ranked and then awarded a prize based on their rank.

We study this question in the context of a healthcare software company, CentaurLabs,

that develops crowdsourcing contests for medical diagnosis by creating diagnostic microtasks

on its mobile app, DiagnosUs. Medical misdiagnosis is ubiquitous, and can have significant

(sometimes fatal) consequences for patients. As such, initiatives that improve the accuracy of

diagnosis or facilitate the ability of external expertise to give input on diagnostic cases have

the potential to transform healthcare. Access to the right expertise to accurately diagnose

a problem is in many cases a function of geography. Being able to leverage distant sources

of medical knowledge, such as through CentaurLabs’ solution, provides an opportunity to

broaden access to quality care.

CentaurLabs uses a “collective intelligence" algorithm to aggregate opinions from the

best-performing contest participants and converge on a diagnosis. In each contest, partic-

ipants are tasked with labeling a sequence of diagnostic microtasks requiring specialized

medical knowledge. The contests draw on a mix of problems pre-labeled by experts and un-

labeled problems; participant performance on the pre-labeled tasks is used to evaluate skill

levels, influencing the weight placed on a participant’s responses to unlabeled tasks. Re-

sponses to unlabeled tasks are aggregated to deliver a “consensus label" for each previously

unlabeled task.

Participants are workers with different initial skill levels and diverse backgrounds; in

a recent survey, 28% of survey respondents indicated they had no formal medical training.
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They are motivated by the opportunity to learn, by competition, and by financial compen-

sation for correct answers.

In many crowdsourcing contests, organizers benefit only from submissions of sufficiently

high quality. In the context of collective intelligence, the organizers derive value from the

aggregated output of contest participants. The goals of crowdsourcing in this context must

therefore instead focus, in the short term, on improving the volume and percentage of qual-

ity output as efficiently as possible, which is the focus of this paper. Understanding how

different performance metrics influence these outcomes provides managerial insight into how

crowdsourcing platforms can most effectively leverage distributed suppliers of knowledge and

skills for crowdsourcing and other emerging models of organizing work. We find that a met-

ric based on performance streaks results in a higher percentage and number of high-quality

submissions, as well as a higher velocity of platform activity.

3.3 Data and Key Definitions

The dataset contains crowdsourcing contests run between September 2020 and January 2022.

Each observation in the dataset corresponds to a single contest, and includes information

about contest parameters, final rankings, and prizes paid. We focus on multiple-choice

contests with a single correct answer choice, as this is the group that includes “streak"

contests. Table 1 provides a breakdown of contests included in our analyses.

Number of contests
# Contests starting and ending between 1 Sep 2020 and 31 Jan 2021 5,418
Excluded groups:
# Contests discarded (e.g, due to setup errors) 395
# Contests run for irrelevant purposes (e.g. testing) 258
# Contests set up for institutions or “squads" of participants* 131
# Contests restricted to a certain audience 1,244
# Contests for which streaks are not relevant** 1,683
# Multiple-choice contests w/ evaluation metrics other than streak/ accuracy 219
# Target contests 1,488

*These contests were excluded due to concerns about network effects and violation of SUTVA assumptions
**e.g., multi-answer, non-multiple choice,“pool" contests

Table 1: Exclusion criteria for contests on the platform

Each contest has a pre-defined topic (e.g. Knee X-Ray or EEG) and can have multiple
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participants. Each participant is assigned a set of problems from the topic according to a

pre-defined but stochastic sampling logic which aims to maximize breadth of coverage across

problems and minimize repeat exposure. Thus, for a given contest, each participant will

receive a different subset of problems (or, at a minimum, the same problems in a different

order), with subsets of problems overlapping across participants.

3.3.1 Contest-level data

Each contest is a time-limited window (lasting between an hour and eleven days) during

which a participant solves a set of problems on a given topic. For each contest, we know (1)

how problems are scored and winners are determined, (2) restrictions or constraints (e.g.,

minimum number of problems required to reach the leaderboard or maximum permitted

number of problem attempts), (3) “process" information, such as the duration of the contest

and the size and structure of the prize basket, and (4) contextual information which is not

visible to participants, but may need to be controlled for. Table 3 provides descriptive

statistics for each contest-level variable, and Table 2 in the Appendix provides detailed

descriptions of these variables.

Contests are competitive; some contests in our data subset have as many as 3,792 partici-

pants, and the names of the highest-performing participants are published on a “leaderboard"

during each contest. Unlike the typical crowdsourcing contest setting described in the lit-

erature (e.g., Zhang et al. (2019)), participants are unaware of the identity of other contest

participants before the contest begins. Contests are also incentivized; they offer cash prizes

to the most successful labellers, with the total prize bucket per contest ranging between $1

and $200 and the number of winners ranging between 1 and 50. For all contests included in

this paper, the number of winners as well as the total size and division of the cash pot are

announced in advance.

3.3.2 Topic-level data

We have information about the clinical topic for each contest, e.g. “Knee X-Ray" or “EEG".

We further aggregate topics into larger groups; we consider topics to be part of the same
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Variable 𝑛 (% of contests) Mean (St. Dev.)
Evaluation metric = “streak" 322 (21.6) -
Contest duration (hrs) - 26.9 (22.88)
Total prize basket ($) - 61.86 (32.26)
Minimum prize value ($) - 1.06 (2.47)
Maximum prize value ($) - 16.52 (8.96)
Maximum number of winners - 20.1 (8.12)
Evenness/spread of prizes ($) - 4.37 (2.73)
Contest has cap on # problem attempts 580 (39)
Cap on number of problem attempts* - 241.92 (130.49)
Problems have time limit 355 (23.9)
Per-question time limit* (seconds) - 26.63 (9.68)
Contest order within topic - 16.41 (14.35)
Purpose: customer 1011 (67.9)
Purpose: engagement 452 (30.4)
Purpose: research 25 (1.7)
Audience: cohort 80 (5.4)
Audience: standard 1408 (94.6)
Content type: image 1,041 (70) -
Content type: text 143 (9.6) -
Content type: video 304 (20.4) -
Answer choices per problem** - 3.98 (2.06)
Percentage “free" problems** - 33 (25)
Platform “crowdedness" - 6.76 (3.40)

*Average across contests for which restriction is relevant
**For contests with zero participants/responses, values of these variables were imputed based on data from

contests within the same topic

Table 2: Descriptive statistics for explanatory variables (n = 1488)

“topic group" if they share the same title, prompt, and answer choices. We allow for minor

variations in prompt wordings that do not change the meaning of the prompt (e.g., “Do you

hear a cough" vs “Is a cough present?"). The 1,488 contest implementations fall within 104

unique “topic groups."

3.3.3 Problem-level data

Each topic consists of a pool of problems. We refer to a problem, or question, as a single

piece of medical content (which may come in the form of video, image, or text) for which

participants are asked to provide an answer to a multiple choice question. We refer to a

response, or a completed problem, as a single instance of a participant providing an answer
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to a problem. Participants may occasionally be assigned the same problem more than once.

The status of the problem solution (e.g., whether the answer to the problem was provided in

advance by an expert, determined via consensus among participants, or is currently unknown)

is unknown to participants while they complete each problem. After completing a problem,

participants are notified if the problem answer is unknown. The percentage of problems that

are pre-labeled ranges from 25% to 100% (mean (50.8%). When user scores are calculated,

only their performance on pre-labeled problems is included.

3.3.4 Key decisions

Platform users face a two-stage decision process: first, for a given contest, a user must make a

“participation" decision, i.e. opting in by beginning the contest. Users can enter contests at

any time during the contest window. Secondly, a user must make an “engagement" decision,

i.e. the number of problems to attempt in the contest. Participants may exit the contest

at any time without penalty; their final score and ranking is calculated based on problems

completed by the end of the contest.

The following pieces of information are available as inputs to the participation decision:

• Contest rules & prizes: Prospective participants are informed of the start and end

dates/times of the contest, and the scoring guidelines. The latter includes the minimum

participation threshold, the cap on the number of problem attempts, whether the

contest is an “accuracy" or “streak" contest, and any tiebreaker rules. This section also

indicates how many participants will earn a prize, and the size of the prize for each

final rank position. Figures 2 and 3 show how this is communicated visually.

• Leaderboard: If the contest has already started, a dynamic “leaderboard" shows the

rankings of the top participants, as well as their estimated earnings (e.g., the prize

they would win if they maintained their current rank through the end of the contest).

The leaderboard also contains links to participant profiles, which contain selected in-

formation about participant backgrounds.

Finally, participants can access practice problems on the contest homepage before be-

ginning the contest.
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Figure 1: Example of information available to participants on the outer app screen.

Figure 2: Example information available to participants on scoring guidelines.

3.3.5 Description of contest evaluation metrics

A participant’s performance in a contest can be evaluated using either “streak" or “accuracy"

evaluation metrics. Under either metric, participants receive a score out of 100 for each

problem. Specifically, the score of participant 𝑗 on problem 𝑖 in contest 𝑘 is:

score𝑖𝑗𝑘 =

⎧⎪⎨⎪⎩100 if participant 𝑗 answers problem 𝑖 in contest 𝑘 correctly

0 otherwise.

Under the “accuracy" evaluation metric, the Contest Score (CS) for participant 𝑗 in
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contest 𝑘 is defined by the average score across all problems in the contest, i.e.

CS𝑗𝑘,accuracy =
1

𝑁𝑗𝑘

𝑁𝑗𝑘∑︁
𝑖=1

score𝑖𝑗𝑘, (3.1)

where 𝑁𝑗𝑘 is the total number of problems completed by participant 𝑗 in contest 𝑘. Par-

ticipants are ranked based on their values of 𝐶𝑆𝑗𝑘, and these rankings determine participant

earnings.

Under the “streak" evaluation metric, the contest-level score is defined by the maximum

number of consecutive correct answers (a “streak"). The length of a streak at the time

of completing problem 𝑖 reflects the number of consecutive questions that the participant

answered correctly most recently:

streak𝑖𝑗𝑘 =

⎧⎪⎨⎪⎩streak(𝑖−1)𝑗𝑘 + 1 if score𝑖𝑗𝑘 = 100

0 otherwise,

and streak1𝑗𝑘 := 0. Thus, streak𝑖𝑗𝑘 stores the length of participant 𝑗’s current streak in

contest 𝑘 after completing problem 𝑖; it is incremented by one for each correct answer and

re-set to zero for an incorrect answer. At the end of contest 𝑘, the contest-level streak for

participant 𝑗 is given by:

CS𝑗𝑘,streak = max
{︀
streak𝑖𝑗𝑘, ∀𝑖 ∈ [1, 𝑁𝑗𝑘]

}︀
,

i.e. the participant’s longest streak achieved at any point during the contest.

Figure 1 shows the median contest score and streak length as a function of the final

leaderboard ranking for contests that used an accuracy performance metric vs. a streak

performance metric, illustrating that the metrics create fundamentally different incentives.

Given that the prize associated with each ranking position is announced in advance,

participant 𝑗’s expected earning for contest 𝑘 can be calculated as the expected value of

prizes earned, which is a function of the value of each prize and participant 𝑗’s probability

of winning each prize:
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Figure 3: Median contest scores and length of longest success streak for contests using
accuracy-based vs. streak-based performance metric

E[𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑗𝑘] =
𝑁∑︁
ℓ=1

𝑝ℓ,𝑗,𝑘𝑃ℓ,𝑘

where N is the number of prizes available in contest 𝑘, 𝑝ℓ,𝑗,𝑘 is participant 𝑗’s probability

of attaining a certain final ranking ℓ, and 𝑃ℓ,𝑘 is the prize associated with that final ranking.

Any characteristic that increases the value of 𝑝ℓ,𝑗,𝑘 for a given user and contest increases the

user’s expected earnings, and thus can reasonably be expected to influence user behavior.

Two key differences between accuracy- and streak-based metrics seem particularly rel-

evant to participant decision-making. First, randomness plays a bigger role in determining

the final ranking of participants in streak contests. In particular, the random nature of prob-

lem allocation order may result in the same participant achieving a different combination

of performance streaks (and thus a different value of longest streak length) under different

orderings of the same set of problems, despite having the same average score in both cases.

Secondly, the cost of getting a problem wrong, as measured by the amount of effort re-

quired for a participant to “recover" and continue improving ranking position after a wrong

answer, is higher for a streak contest. In an accuracy contest, users can continue improv-

ing their ranking position in one of two ways: 1) they can improve their ranking passively,

without improving overall score (for example, if a higher-ranked participant 𝑗′ experiences

a reduction in CS𝑗′𝑘,accuracy), or 2) they can improve their ranking actively by sufficiently
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increasing the CS𝑗𝑘,accuracy relative to the contest-level scores of other participants. The

number of additional problems required to regain the previous value of CS𝑗𝑘,accuracy after

answering a problem incorrectly increases nonlinearly with 𝐶𝑗𝑘 (the number of problems an-

swered correctly thus far), and can be as low as one (especially for large values of 𝑁𝑗𝑘). For

streak contests, participant 𝑗’s ranking can only be improved actively (e.g., by improving

the value of CS𝑗𝑘,streak, by increasing the length of participant 𝑗’s longest streak); the rank-

ings of higher-ranked participants are sticky, since longest streak length remains unchanged

even after a participant has lost a streak. Furthermore, the number of additional problems

required to regain and extend a streak after losing it increases linearly with the length of the

current longest streak. This results in a greater effort being required for recovery in a streak

contest.

The greater role of uncertainty and the higher effort required for recovery in streak

contests forms the basis of our prediction regarding the effect of streak evaluation metrics on

contest participation. This uncertainty may be beneficial to low-skilled participants because

it will sometimes result in them winning prizes that are larger than expected. The additional

uncertainty inherent in streak contests may also make them less attractive to participants

whose decision-making is affected by cognitive biases such as risk aversion (though we do

not measure risk aversion in this setting). As such, we expect to see a greater positive

effect of streak evaluation metrics on participation in participants with lower subjective or

objective skill levels. Although we are unable to directly measure skill level, we measure the

impact of streak evaluation metric on the mix of participants using measures such as average

experience and average past ranking of participants.

To make a prediction about the impact of a streak evaluation metric on conditional

engagement, we consider that overall streak length is proportional to (and bounded by) the

number of problems that a participant completes. Therefore, we hypothesize that using

a streak evaluation metric will have a positive effect on engagement metrics such as #

problems completed on both a contest and participant basis, as participants both attempt

more problems (in order to have a chance of extending their streaks) and try harder to

get each problem correct (in order to avoid losing their streaks, given the greater cost of

recovery).
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We expect any effect on performance to come from a change in the mix of partici-

pants taking part in contests. Given our prediction of increased relative participation from

lower-skilled participants, we expect an overall reduction in performance as measured by the

percentage of problems answered correctly.

Finally, we expect that speed of problem completion—and by extension, speed of pro-

ducing new consensus-based labels—will increase as participants attempt to complete more

problems within the contest duration.

3.3.6 Treatment variable

Our treatment variable is the scoring evaluation metric, i.e. whether the participant’s rank is

based on the length of the participant’s longest performance streak (treatment) or accuracy

(control).

3.3.7 Outcome variables of interest

The primary outcome of interest is the number (and percentage) of responses on the platform

which meet a certain quality threshold. This quality threshold is a lagging indicator of

average performance. Specifically, a response by user 𝑗 to problem 𝑖 is considered “qualified"

if the trailing average accuracy exceeds a certain threshold (i.e., if the following holds true):

1

𝑛𝑞𝑘

𝑖∑︁
𝑖−𝑛𝑞𝑘+1

score𝑖𝑗𝑘 > 𝑄𝑇𝑘

where 𝑄𝑇𝑘 is the pre-defined quality threshold for a particular contest and 𝑛𝑞𝑘 is the

number of lagging problems over which this accuracy metric is calculated.

The number of qualified responses is therefore defined as the number of responses for

which this condition holds, while the percentage of responses qualified compares this number

of qualified responses to the total number of responses available.

Because the qualified response metrics consist of multiple components, several secondary

outcome metrics can help us understand the underlying reasons for changes in our primary

outcome measures. Specifically, there are four key outcome categories at the contest level:

(i) participation, (ii) engagement, (iii) performance on labeled problems, and (iv) completion
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speed. We consider various ways to measure the outcome variables in each category; Table

4 provides an overview of the metrics used. Some outcome measures in Table 4 rely on a

subset of the full dataset; for example, contests which attracted no participants are included

in the analysis for participation outcomes, but not in the analysis for outcomes which are

conditional on positive participation levels. For each metric, 𝑛 indicates the number of

observations included in the pre-matching dataset (see next section for Methods).

Table 4 describes the relationship between each of the secondary metrics in Table 4

and the primary outcome measures.

Category Outcome Variable Metric 𝑛

Participation Participation # participants who completed ≥ 1 problem 1488
Normalized participation 100 × Participation / # active in past 15 days 1488

Engagement # problems completed # responses received from all participants 1477
Avg. # problems completed / part. Participant problem count 1477
# excess responses Total # responses above min. thresh. 1477
Avg. # excess responses / part. Participant responses - min. thresh. 1477
Median response duration (sec) Amount of time spent on a problem 1477

Performance Accuracy % labeled questions answered correctly 1477
Avg. # correct responses per partic. # of questions answered correctly 1477
# qualified responses responses meeting a quality threshold* 1477
Percentage responses qualified # qualified responses / total # responses 1477

Speed Net labeling rate** (# new problems with consensus
- # new problems without consensus)/hr 1117

*The qualification threshold is a contest-specific minimum level of trailing accuracy
**Includes labels produced between the start time of the current contest and the submission time of the

next contest’s first response

Table 3: Contest-level outcome variables.
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Secondary outcome category Influence on primary outcome(s)?

Participation
Increased participation increases

the density of participation per problem,
influencing engagement metrics

Engagement

Increased engagement increases
both the number of qualified responses

and the number of total responses.
Overall effect depends on accuracy

Performance Increased accuracy increases
the number of qualified responses

Speed
Positively with # qualified responses,

as a greater number of qualified responses increase
the likelihood of achieving consensus

Table 4: Relationship between secondary outcomes and primary outcomes.
Table Notes: *(+) indicates an improvement relative to the control mean, while (-) indicates decline.
**Three stars indicate significance at 𝛼 = 0.01, two stars indicate significance at 𝛼 = 0.05, and one star

indicates significance 𝛼 = 0.1
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3.4 Methodology

3.4.1 Causal effect of interest

Our goal is to measure the causal effect of a streak-based evaluation metric on contest-level

outcome variables of interest. The desired causal effect is the Average Treatment Effect on

the Treated (ATT), given by:

𝜏 := E[𝑌𝑘(1)− 𝑌𝑘(0)|𝑇𝑘 = 1], (3.2)

where 𝑇𝑘 is the treatment indicator for contest 𝑘, 𝑌𝑘(1) is the outcome of contest 𝑘 under

treatment and 𝑌𝑘(0) is the estimated outcome under control. While 𝑌𝑘(1) is observed for

all treated contests, 𝑌𝑘(0) is never observed, and thus must be imputed. We use matching

methods to identify counterfactual observations that allow us to impute these potential

outcomes under control, and then use a simulation and bootstrapping procedure to impute

the potential outcomes and obtain the ATT, given by 𝐴𝑇𝑇𝑜,sim for outcome 𝑜:

𝐴𝑇𝑇𝑜,sim =
1

|𝑛1|

|𝑛1|∑︁
𝑘=1

[︂
𝑌𝑜,𝑘 − E[𝑌𝑜,𝑘(𝑇𝑘 = 0)]

⃒⃒⃒⃒
𝑇𝑘 = 1

]︂
,

wherein 𝑛1 is the set of treated contests, and |𝑛1| is the number of contests in this set.

(Similarly, 𝑛0 and |𝑛0| refer to the set of control contests and the number of control contests,

respectively).

In order to identify the causal effect, we need the following assumptions to hold: SUTVA

(no interference), common support (nonzero possibility of each treatment option), and condi-

tional ignorability. We believe it is reasonable to expect that the SUTVA assumption holds,

i.e. that the vast majority of participants compete in contests independently. This is because

(i) we have eliminated contests which explicitly rely on relationships between participants

(e.g., squad contests, where it would be unreasonable to claim that decisions among partic-

ipants are independent), and (ii) CentaurLabs takes a number of steps to prevent cheating

(e.g., in the form of the same participant having accounts on multiple devices). To satisfy

the common support assumption, we exclude topic groups for which all contests are either
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only streak-based contests or only accuracy-based contests. Conditional ignorability, or the

independence of treatment and outcomes conditional on explanatory variables, is addressed

through matching.

3.4.2 Matching

We use matching methods to ensure that we compare contests that are similar to one another

on all dimensions other than the treatment variable. We combine exact matching (including

Coarsened Exact Matching on certain variables), caliper restrictions, and nearest-neighbor

matching.

We implement our matching procedure via the MatchIt package in R (Ho et al. 2011).

We must implement the procedure separately for each outcome because some of the descrip-

tive variables are only relevant for some of the outcomes (e.g. data on contests with no

entries can only be used for outcomes related to participation). In this section, we describe

the matching procedure for the outcomes which use the full dataset (𝑛 = 1, 488). Summaries

of the matching process for outcomes that use smaller data subsets (as described in Table

4) are available in the Appendix.

We require exact matching on variables that significantly alter the nature of the contest:

the topic group, the targeted audience (see Table 2 for a definition), and whether there is a

cap on the maximum number of problems that a participant can attempt in a contest.

We also require exact matching on a discretized version of minimum prize value, given

the extreme lumpiness in the distribution of this variable, for which most contests take on a

value of $0.5 or $1 (see Figure 4). This has the effect of “coarsening" the minimum prize value

variable; known as Coarsened Exact Matching (CEM), and avoiding a level of restrictiveness

that might be too high to be useful. CEM has been shown to be an effective way to modify

other matching methods in order to reduce bias and achieve balance (e.g. Austin 2014,

Austin and Stuart 2017a,b).

To maximize balance, we further use a caliper to restrict matches; for a control contest

to be matched to a treated contest, we require that its basket size fall within $10 of the one

of the treated contest, and that the number of winners and the number of other contests

running at the same time be no more than 1 greater or less than the corresponding value for
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Figure 4: Discretized version of minimum prize value

the treated contest.

Finally, we use 𝑘-nearest-neighbor matching to select the set of counterfactual contests

for each treated contest. We require that nearest neighbors be chosen from the strata created

by exact matching and Coarsened Exact Matching, as described above. Thus, our method

combines exact, coarsened, and nearest-neighbor matching, capturing the benefits of each.

We conduct 𝑘-nearest-neighbor matching iteratively with different values of 𝑘, and select

𝑘 = 8 as the value that resulted in the best balance. Thus, for each treated contest we select

as many as eight contests that are most similar to the treated contest, using a propensity

score that captures the probability of treatment. Propensity scores are calculated via logistic

regression, where the outcome measure is the binary treatment variable, indicating a streak

or accuracy contest.

Table 5 describes how the dataset is trimmed during the matching process. Because

some treated observations were unmatched due to restrictions of the matching process, our

sample population is modified, and our estimated ATT thus applies only to this reduced

sample.

Table 7 provides an overview of the post-matching balance on covariates in treatment

and control contests. To measure balance, we use the standardized mean difference (SMD)

as defined in Ho et al. (2011). Specifically, the SMD for covariate 𝑡 is given by:

SMD𝑡 =

1
|𝑛1|

∑︀
𝑘∈𝑛1

𝑥𝑘,𝑡 − 1
|𝑛0|

∑︀
𝑘∈𝑛0

𝑥𝑘,𝑡

𝑠treated,𝑡
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# Contests

Streak Accuracy Total
(treatment) (control)

All topic groups (104 topics) 322 1,166 1,488
Discarded due to lack of common support NA 455 455
Discarded due to exact, caliper, or kNN matching 87 378 465
# contests included in final sample 235 333 568

Table 5: Summary of matching process data sample for outcomes using the complete dataset

for the pre-matching dataset and

SMD𝑚
𝑡 =

1
|𝑛1|

∑︀
𝑘∈𝑛1

𝑤𝑘𝑥𝑘,𝑡 − 1
|𝑛0|

∑︀
𝑘∈𝑛0

𝑤𝑘𝑥𝑘,𝑡

𝑠treated,𝑡

after matching is complete. As before, 𝑛0 and 𝑛1 represent the sets of control and treated

contests, respectively, and |𝑛0| and |𝑛1| represent the number of contests in each set. 𝑠treated,𝑡

denotes the (pre-matching) sample standard deviation for all treated units. The matching

weight on each observation, 𝑤𝑘, is equal to 1 for treated contests for which a match is found,

equal to 0 for unmatched treated or control contests, and equal to values that satisfy the

following two conditions for control contests that are matched:

𝑤𝑘 ∝
∑︁
𝑚∈𝑛1

1{𝑘 ∈ 𝑀𝑚, }

where 𝑀𝑚 is the set of matched control contests for treated contest 𝑚, and

∑︁
𝑘∈𝑛0

𝑤𝑘 =
∑︁
𝑘∈𝑛0

1

{︃[︃∑︁
𝑚∈𝑛1

1{𝑘 ∈ 𝑀𝑚}

]︃
> 0

}︃
.

The first condition requires that the weight of each matched control contest is propor-

tional to the number of treated contests to which it was matched. The second condition

requires that the sum of all control weights equals the number of control contests that were

matched to at least one treated contest.

An SMD below 0.1 is commonly considered an acceptable level of imbalance between
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groups (Wang et al. 2013). Table 2 in the Appendix provides definitions for all covariates.

Before matching After matching
Variable 𝜇𝑇 𝜇𝐶 SMD𝑡 𝜇𝑇 𝜇𝐶 SMD𝑚

𝑡

Format Content type: image 0.75 0.68 0.16 0.72 0.72 0.00
Content type: text 0.12 0.09 0.1 0.12 0.12 0.00
Content type: video 0.12 0.23 -0.31 0.16 0.16 0.00
Answer choices per problem 3.76 4.04 -0.15 3.70 3.72 -0.00

Process Contest duration (hrs) 36.75 24.18 0.39 34.27 32.58 0.05
Minimum prize value: $0.5 0.63 0.61 0.05 0.70 0.70 -0.00
Minimum prize value: $1 0.24 0.38 -0.33 0.23 0.23 0.00
Minimum prize value: > $1 0.13 0.01 0.35 0.07 0.07 -0.00
Maximum prize value 14.57 17.06 -0.23 15.00 15.26 -0.02
Evenness/spread of prizes 3.64 4.57 -0.28 4.00 4.15 -0.05
Maximum number of winners 17.55 20.80 -0.40 18.48 18.39 0.01
Total prize basket ($) 48.87 65.44 -0.52 53.77 52.92 0.03

Restrictions Cap on # problem attempts* 7679 5786 0.46 7152 7150 0.00
Per-question time limit (s)** 3587 4847 -0.43 3483 3422 0.02

Environment Contest order 13.17 17.3 -0.36 15.37 14.68 0.06
Purpose: customer 0.39 0.76 -0.75 0.43 0.43 -0.00
Purpose: engagement 0.61 0.22 0.8 0.57 0.57 0.00
Purpose: research 0.00 0.02 -0.17 0.00 0.00 0.00
Audience: cohort 0.07 0.05 0.10 0.02 0.02 0.00
Audience: standard 0.93 0.95 -0.10 0.98 0.98 0.00
Platform “crowdedness" 6.73 6.77 -0.01 6.06 6.13 -0.02
Percentage “free" problems 0.24 0.36 -0.49 0.25 0.27 -0.07

Table 6: Pre/Post-matching balance summary for contest covariates (𝑛 = 1, 488)
Table notes: 𝜇𝑇 and 𝜇𝐶 are the mean across treatment contests and control contests respectively.

*Contests with no cap are coded with a large value (10, 000) for matching purposes only. **Contests with
no per-question time limit are coded with a large value (6,000) for matching purposes only

3.4.3 Effect estimation

Finally, we estimate the treatment effect. We do this by using standard regression meth-

ods, using the trimmed dataset and weights from the matching process. Since the outcome

variables have a range of statistical distributions (see Table 8), we select the most appro-

priate distribution for each outcome using theoretical considerations; e.g., negative binomial

distribution to model non-negative count outcomes. For outcomes that might reasonably

be described by more than one distribution, we use goodness-of-fit diagnostics to select the

most appropriate distribution.
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Category Outcome Variable Outcome distribu-
tion

Participation Participation Negative binomial
Normalized participation* Gamma
Avg. experience of participants (days) Gamma
Avg. past ranking of participants (%)* Gamma
Avg. topic-specific experience (problems) Normal

Engagement # problems completed Negative binomial
Avg. # problems completed per partici-
pant Negative binomial

# excess responses Negative binomial
Avg. # excess responses per participant Normal
Median response duration (sec) Gamma

Performance Accuracy Normal
Avg. # correct responses per participant Negative binomial
% responses qualified* Gamma
# responses qualified* Negative binomial

Speed Net labeling rate Normal
*Transformed from percentage to rate over 100

Table 7: Statistical distributions used to model each outcome variable

We run the regression for each outcome and recover the coefficient on the contest eval-

uation treatment variable. The regression for outcome 𝑜 is given by the following general

form:

𝑌𝑜,𝑘 ∼ 𝑓𝑜(𝜃𝑜,𝑘, 𝜎𝑜),

where 𝑌𝑜,𝑘 is the value of outcome measure 𝑜 for contest 𝑘, 𝑓𝑜(𝜃𝑜,𝑘, 𝜎𝑜) is the probability

density function with 𝜃𝑜,𝑘 as the systematic component and 𝜎𝑜 as the ancillary parameter

(e.g., variance in the case of a Normal distribution, scale parameter in the case of a Gamma

distribution). The systematic component 𝜃𝑜,𝑘 can be further expanded as follows:

𝜃𝑜,𝑘 = 𝑔𝑜(𝑋𝑘, 𝛽𝑜),

where 𝑋𝑘 denotes a 1 × 𝑛 vector of data for contest 𝑘 that includes the intercept term,

the treatment indicator, and 𝑛− 2 contest-level covariates (described in Table 2). Similarly,

𝛽𝑜 is a 𝑛 × 1 vector containing coefficients for each of the covariates in 𝑋𝑘. Specifically:

𝑋𝑘 = [1 𝑇𝑘 𝑋1,𝑘 𝑋2,𝑘 ... 𝑋(𝑛−2),𝑘],
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and 𝛽𝑜 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

𝛽𝑜,0

𝛽𝑜,1

𝛽𝑜,2

...

𝛽𝑜,𝑛

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
.

When OLS is used to model outcome 𝑜, the regression reduces to:

𝑌𝑜,𝑘 = 𝑋𝑘𝛽𝑜 + 𝜖𝑜,𝑘,

where 𝜖𝑜,𝑘 ∼ 𝑁(0, 𝜎𝑜) and 𝐴𝑇𝑇𝑜,sim is 𝛽𝑜,1, the coefficient on the treatment indicator. How-

ever, for several distributions (e.g., Negative Binomial and Gamma), the regression coeffi-

cients are not directly interpretable in a way that translates into treatment effects. We thus

use the counterfactual simulation method proposed by King et al. (2000) and Imai et al.

(2008a) to generate the ATTs as well as uncertainty measures in a way that is consistent

across all outcome measures. We implement this procedure using the Zelig package in R

(Choirat et al. 2020).

To conduct the simulation, we first extract the vector of estimated coefficients, 𝛽𝑜, and

the estimated ancillary parameter, 𝜎̂𝑜, and define 𝛿 := [𝛽𝑜, 𝜎̂𝑜]. We also extract the variance-

covariance matrix of the estimates, 𝑉 (𝛿).

For each draw of the simulation, we randomly sample a parameter vector 𝛿 = [𝛽𝑜, 𝜎̃𝑜]

from the multivariate normal distribution with mean and variance equal to 𝛿 and 𝑉 (𝛿).

To calculate the systematic portion of the regression model, 𝜃𝑜,𝑘 = 𝑔𝑜(𝑋𝑘, 𝛽𝑜), we use the

sampled coefficients 𝛽0 and set each covariate to a representative value for each contest 𝑘.

Specifically, let 𝑋 ′
𝑘 represent the vector of representative values for contest 𝑘. The element

of 𝑋 ′
𝑘 corresponding to the treatment variable, 𝑇𝑘, is set to 0 or 1, depending on whether

we want to generate expected values of the outcome variable under treatment or control.

For all other explanatory variables, the elements of 𝑋 ′
𝑘 are set to the observed values of

contest 𝑘. We can then compute the simulated 𝜃𝑜,𝑘 using the transformation function 𝑔𝑜, the

representative values of each covariate for each contest (𝑋 ′
𝑘), and the simulated coefficients
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𝛽𝑜:

𝜃𝑜,𝑘 = 𝑔𝑜(𝑋
′
𝑘, 𝛽𝑜).

This procedure allows us to capture estimation uncertainty, caused by having a limited

sample size. To capture fundamental uncertainty that may affect the outcome value but

that is not included in the systematic component, we also simulate the stochastic portion of

the regression model. We take 1, 000 draws of the simulated outcome variable, 𝑌 (𝑛)
𝑜,𝑘 (with

𝑛 = 1, . . . , 1000), from the distribution of outcomes using the sampled parameter vector 𝛿,

i.e. we take 1,000 draws from

𝑓(𝜃𝑜,𝑘, 𝜎̃𝑜).

Finally, we average over the fundamental uncertainty by calculating the mean of the simu-

lations to obtain a simulated expected value:

Ẽ(𝑌𝑜) =

1,000∑︁
𝑛=1

𝑌
(𝑛)
𝑜,𝑘

⧸︀
1, 000.

Observe that in the case where 𝑓(·, ·) is a normal distribution and we use OLS, we have

that Ẽ(𝑌𝑜) = 𝑔𝑜(𝑋
′
𝑘, 𝛽𝑜). Thus, the usefulness of the latter step is mainly to accommodate

fundamental uncertainty in other, non-linear models. We use Ẽ(𝑌 𝑇𝑘=1
𝑜 ) and Ẽ(𝑌 𝑇𝑘=0

𝑜 ) to

denote the simulated expected value calculated with 𝑇𝑘 set to 1 or 0 respectively for all 𝑘.

We repeat this procedure, starting with the generation of 𝛿 and ending with a simu-

lated expected value, 1,000 times. To do so, we use a nonparametric bootstrap procedure,

resampling the data with replacement in each repetition. The resulting output serves as the

distribution for the expected value of the outcome variable of interest.

The procedure allows us to compute the ATT, defined as follows:

𝐴𝑇𝑇𝑜,sim =
1

|𝑛1|
∑︁
𝑘∈𝑛1

[︁
𝑌𝑜,𝑘 − Ẽ(𝑌 𝑇𝑘=0

𝑜 )
⃒⃒
𝑇𝑘 = 1

]︁
.

In summary, we calculate the counterfactual term of 𝐴𝑇𝑇𝑜,sim by using the entire

matched dataset to generate simulated coefficients (𝛿), and then generating a simulated

counterfactual expected value Ẽ(𝑌 𝑇𝑘=0
𝑜 ) for treated units with the value of the treatment
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variable set to 0 and the value of explanatory variables set to their observed values. 𝐴𝑇𝑇𝑜,sim

is calculated as the expectation of the difference between the mean observed value of treated

observations and the simulated counterfactual expected value (see also Ho et al. 2011, Imai

et al. 2012, Choirat et al. 2020, Imbens 2004). We calculate confidence intervals by taking

the rekevant percentiles from the sampling distribution of the simulated ATT value.

3.4.4 Heterogeneous Treatment Effects

We expect the treatment to impact different types of contests differently. We thus implement

a heterogeneity analysis by computing contest-level treatment effects, which we aggregate to

obtain a conditional version of the ATT for subgroups of interest.

To do so, we leverage a class of machine-learning models called “meta-algorithms", or

“meta-learners", which build on standard supervised learning methods to estimate hetero-

geneous treatment effects. Specifically, we work with the X-Learner algorithm developed

by Künzel et al. (2019) to compute treatment effects at the level of individual contests,

and then aggregate them to produce subgroup-level treatment effects. Compared to other

meta-learners, the X-Learner is quite flexible, since it allows modeling treatment and control

observations separately. This algorithm is thus well-suited to the lopsided nature of treat-

ment in our data. To implement the X-Learner algorithm, we proceed with the following

steps in the post-matching sample.

We begin by estimating a response function, 𝑓𝑜(𝜃𝑜,𝑘, 𝜎𝑜), separately for control and

treated observations, using the distributions described in Table 8 and the same covariates

as in the main regression. The output is a set of estimated coefficients for each response

equation, denoted by 𝛽𝑇𝑘=1
𝑜 for treated contests and 𝛽𝑇𝑘=0

𝑜 for control contests. To obtain

the predicted outcome of a control contest under treatment, we then compute

𝑌 1
𝑜,𝑘 = 𝑔𝑜(𝑋

′
𝑘, 𝛽

𝑇𝑘=1
𝑜 ) for 𝑘 ∈ 𝑛0.

Similarly, to obtain the predicted outcome of a treated contest under control, we compute

𝑌 0
𝑜,𝑘 = 𝑔𝑜(𝑋

′
𝑘, 𝛽

𝑇𝑘=0
𝑜 ) for 𝑘 ∈ 𝑛1.
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We use these imputed predicted outcomes together with the observed outcomes to compute

an imputed treatment effect 𝜏𝑜,𝑘 for each contest 𝑘:

𝜏 0𝑜,𝑘 = 𝑌 1
𝑜,𝑘 − 𝑌𝑜,𝑘 for all 𝑘 ∈ 𝑛0,

𝜏 1𝑜,𝑘 = 𝑌𝑜,𝑘 − 𝑌 0
𝑜,𝑘 for all 𝑘 ∈ 𝑛1.

After generating the imputed treatment effects for each contest, we use OLS to model the

estimated treatment effect, using the imputed individual treatment effects as our dependent

variables and the contest-level covariates as the independent variables:

𝜏 0𝑜,𝑘 = 𝑋𝑘𝛽𝑜 + 𝜖0𝑜,𝑘 for 𝑘 ∈ 𝑛0,

𝜏 1𝑜,𝑘 = 𝑋𝑘𝛽𝑜 + 𝜖1𝑜,𝑘 for 𝑘 ∈ 𝑛1.

This allows us to generate predicted values (𝜏 0𝑜,𝑘 and 𝜏 1𝑜,𝑘) of the treatment effect for

each contest.

We then aggregate these to obtain a conditional version of the ATT for subgroups of

interest, i.e. the Conditional Average Treatment Effect (CATE). We use 𝜏𝑜,𝑋 to denote the

CATE for a subgroup 𝑋; 𝜏𝑜,𝑋 can be computed by aggregating the contest-level predicted

treatment effects under treatment and control using a weighted average, where the weights

are the estimated propensity scores (𝜋̂𝑘) for each contest (see 3.4.2):

𝜏𝑜,𝑋 = 𝜋̂𝑘𝜏
0
𝑜,𝑘 + (1− 𝜋̂𝑘)𝜏

1
𝑜,𝑘.

When reporting results, we compute the CATE only for treated contests, thereby gener-

ating a conditional version of the Average Treatment Effect on the Treated (CATT) (Imbens

2004), which we compare to our main results. We only include contests for which 0 < 𝜋̂𝑘 < 1,

thus mirroring the common support requirement that we used for computing the main ef-

fects. We display the computed CATT alongside the 2.5th and 97.5th percentiles of the

distribution of contest-level individual treatment effects for additional context.

We examine effect heterogeneity along nine dimensions of the outcome measures, defined

in Table 8. For each dimension, the CATT was computed for subgroups selected based on
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natural divisions of each variable. Continuous variables were discretized for this purpose.

Heterogeneity dimension Subgroups
Cap on # of problems Binary (Yes/No)
Time limit Binary (Yes/No)
Duration < 12hrs/12hrs/12-24hrs/24hrs/24+hrs
Max # prizes available 1-10,11-20,21-30,31+
Min prize value $0.5,$1,$1+
Max prize value < $10,$10,$10+
Total prize basket value ($) < 30,31-75,76-100,100+
# answer choices 2/2+
# alternative contests available 0-5/6-10/11+

Table 8: Subgroups for heterogeneity analysis

3.5 Results

In this section, we show the effect of changing from an accuracy-based to a streak-based

evaluation metric on the outcomes of interest.

3.5.1 Primary outcome metrics

Because the quality threshold determines which participant responses are incorporated into

the final consensus labels, improvements on “percentage of responses qualified" are of par-

ticular interest. The coefficients for the treatment variable are shown in Table 9; Figure

5 shows the estimated ATT for each outcome. We find that streak contests lead to a 2.5

percentage-point increase in the percentage of responses qualified (3.5% increase from a con-

trol mean of 69.4%, as well as increase of 1,654 in the number of qualified responses (11.9%

improvement compared to a control mean of 13,844).

Both primary outcome metrics, percentage and number of qualified responses, increased

significantly. In the sections that follow, we will see that these increases are driven by an

increase in the number of total responses as well as the number of correct responses.
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Outcome Coeff. s.e. 𝑝

% responses qualified -0.0003 0.0001 0.02

# responses qualified 0.41 0.03 <0.001

Table 9: Coefficients, standard errors and 𝑝-values for the treatment variable for primary
outcomes

Figure 5: Simulated expected value of treatment effect for primary outcomes

3.5.2 Secondary outcome metrics

Participation

The treatment coefficients that were estimated the regression equations for the two participa-

tion outcomes are shown in Table 10. Recall that the distributions for the different outcomes

do not always permit a direct interpretation of the coefficients; hence, Figure 6 shows the

estimated ATT for each outcome, with standard errors calculated via the simulation method

described in Section 4.4.

We find there is no significant impact on the number of participants.

Outcome Coeff. s.e. 𝑝

Participation -0.002 0.02 0.93

Normalized participation 0.0007 0.005 0.88

Table 10: Coefficients, standard errors and 𝑝-values for the treatment variable for participa-
tion outcomes
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Figure 6: Simulated expected value of treatment effect for participation outcomes

Engagement

The next category of outcomes focuses on participant engagement, given participation. The

coefficients for the treatment variable are shown in Table 11; Figure 8 shows the estimated

ATTs.

A streak-based evaluation metric has a statistically significant positive influence on

all three engagement metrics: it increases the total number of problems completed in a

contest by 3,528 (13.9% compared to a control mean value of 25,296) and the total number

of problems by participant by 88 (83.3% increase). The change in number of responses

completed per participant above the minimum contest threshold is even more striking; this

metric increases by 18123 at the contest level (133.5% increase relative to control mean

of 13,577) and by 146 (947% increase compared to a control mean value of 15.4 responses

above the threshold). Streak contests also reduce the median time spent per problem by

0.025 seconds (compared to a control mean value of 2.15 seconds).

These results are in line with expectations. When using a streak-based evaluation

metric, the number of problems completed bound the length of a participant’s streak; hence,

completing more problems increase a participant’s chances of obtaining a longer streak. The

higher total number of problems completed is in fact driven by an increase in the number

of responses per participant rather than an increase in the number of participants (per the

previous section). Because we also find that the number of responses above the minimum

threshold increases, we know that participants are completing more problems in order to

compete, rather than simply to be eligible for the leaderboard. The average increase in
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number of problems completed is 88 for all participants and 361 for top performers, which

corresponds to approximately 83.3% and 263.1% more problems completed for each group,

respectively. We also find that there is a decrease in the time spent completing each problem,

perhaps reflecting participants’ desire to complete a larger number of problems. These

engagement metrics suggest an increase in the denominator of the % responses qualified, as

hypothesized in Table 4.

Outcome Coeff. s.e. 𝑝

# problems completed 0.39 0.02 <0.001

Avg. # problems completed per participant 0.38 0.02 <0.001

# excess responses 1.45 0.03 <0.001

Avg. # excess responses per participant 145.8 3.14 <0.001

Median response duration (sec) 0.011 0.003 <0.001

Table 11: Coefficients, standard errors and 𝑝-values for the treatment variable for engagement
outcomes

Figure 7: Simulated expected value of treatment effect for engagement outcomes
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Performance

The secondary performance outcomes of interest are the number of questions answered cor-

rectly for each participant and the contest-level average of participants’ problem scores. The

coefficients for the treatment variable are shown in Table 12; Figure 8 shows the estimated

ATT for each outcome.

Streak contests significantly increase the number of correct responses, which also trans-

lates into an increase in the magnitude of the numerator of one of our primary metrics, %

responses qualified. However, since the increase in the average number of correct responses

(54 additional correct responses per participant and 180 for prize winners) is lower than the

increase in the number of problems completed (see previous section), streak contests see a

reduction of 1.4 percentage points in the average percentage of problems answered correctly

for each participant (4.99 percentage-point reduction for prize winners).

Outcome Coeff. s.e. 𝑝

Accuracy -1.42 0.29 <0.001

Avg. # correct responses per participant 0.42 0.02 <0.001

Table 12: Coefficients, standard errors and 𝑝-values for the treatment variable for perfor-
mance outcomes

Figure 8: Simulated expected value of treatment effect for performance outcomes

Speed

Our results for labeling rate are obtained using a subset of the data; because labels are tracked

at the problem level, we include only those contests which were not run simultaneously with
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another contest drawing from the same problem pool. The coefficients for the treatment

variable are shown in Table 13; Figure 9 shows the estimated ATT for each outcome.

Streak contests deliver consensus labels at a faster rate; the increase in labeling rate

(circa 3 labels per hour) represents an increase of about 31% relative to the average control

contest.

Outcome Coeff. s.e. 𝑝

Net labeling rate 3.37 1.50 0.03

Table 13: Coefficients, standard errors and 𝑝-values for the treatment variable for speed
outcomes

Figure 9: Simulated expected value of treatment effect for speed outcomes

3.5.3 Effect heterogeneity

The X-learner procedure described in Section 4.4 provides insight into the source of the

observed results. We find that the most prominent sources of effect heterogeneity are related

to the prize basket; (i.e., minimum prize value and total prize basket value, and number

of prizes available). Table 14 provides an overview of the dimensions on which we find

heterogeneity in the effect of a streak-based evaluation metric. We focus this section on

presenting those results.
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Heterogeneity dimension

Category Outcome Variable Min. prize ($) # Prizes Prize basket ($)

Participation Participation

Normalized participation

Engagement # problems completed

# problems completed / part.

# excess responses

Avg. # excess responses / part.

Median response duration

Performance Accuracy

Avg. # correct responses

% responses qualified

Table 14: Summary of effect heterogeneity.
Table Notes: checkmark denotes that the treatment effect varies along the corresponding heterogeneity

dimension. We do not examine heterogeneity for net labeling rate due to small sample size in some

categories of certain heterogeneity dimensions

Figure 10 illustrates that minimum prize value is a source of effect heterogeneity for

several metrics of participation, engagement, and performance. For all metrics where such

heterogeneity is present, the effect is most prominent in contests with high minimum prizes.

In the case of participation, we previously found that the effect of a streak evaluation metric

on the number of participants was null; here we find that there is a significant positive

increase in number of participants under a streak-based evaluation metric for contests with

the largest minimum prize values ($1 and above). The effect on percentage of responses

qualified, while positive overall, is reversed for high-minimum contests. This likely reflects

the large increase in additional activity seen by these contests.

84



Figure 10: Conditional ATT based on minimum prize value
Figure Notes: Point represents Conditional ATT, and lower/upper bounds represent the 2.5th/97.5th

percentiles of contest-level individual treatment effects

Figure 11 shows how the number of available prizes the impact of a streak-based eval-
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uation metric on the number of correct responses. This effect, while positive, is strongest in

contests with the largest number of prizes available.

Figure 11: Conditional ATT based on number of prizes available
Figure Notes: Point represents Conditional ATT, and lower/upper bounds represent the 2.5th/97.5th

percentiles of contest-level individual treatment effects

Finally, Figure 12 shows how treatment effects differ across contests by total prize basket

size. Several effects of the streak-based evaluation metric are driven by contests with a high

total basket value. Similarly to minimum prize value, the overall positive effect on percentage

of responses qualified is reversed for high-basket contests.
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Figure 12: Conditional ATT based on total prize basket value
Figure Notes: Point represents Conditional ATT, and lower/upper bounds represent the 2.5th/97.5th

percentiles of contest-level individual treatment effects

In summary, our main results about the effects of a streak-based evaluation metric

on participant behavior are mainly present when the stakes are relatively high, i.e. when

contests have a relatively high minimum prize, or total basket prize value, or when many

prizes are available. In the case of participation, it seems streak contests might even be more

successful at attracting participants if the minimum prizes are sufficiently high, increasing

participation by 89.3%.

3.6 Discussion & Concluding Remarks

This paper studies the impact of using a streak-based evaluation metric on the performance of

crowdsourcing contests. Overall, streak contests increase by 11.9% the number of responses

and by 3.5% the percentage of responses in a contest that are qualified, i.e. the percentage

of labels that are considered trustworthy. This is what matters most to the platform in

the immediate term. It seems to be largely driven by the effectiveness of streak contests
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in driving engagement beyond the minimum required level; participants in streak contests

provide 83% more responses in streak contests than in accuracy contests, and 947% more

responses above the minimum participation threshold.

For continuity purposes, crowdsourcing platforms also care about attracting large num-

bers of participants and attracting more skilled and high-performing participants. In addi-

tion, for some crowdsourcing platforms (including CentaurLabs), it is important to complete

labels rapidly.

Table 15 provides a summary of our results:

Outcome variable Control
Mean

Impact of
streak

metric (+/-)*

Deg.
significance Heterogeneity?

Participation 208.6 None Increase for
high-minimum-prize contests

Normalized participation 3.3 % None

# problems completed 25,296 14% (+) *** Increase most pronounced
in high-minimum contests

Avg. # problems
completed / participant 105.7 83% (+) ***

# excess responses 13,577 133% (+) ***
Increase most pronounced

in high-minimum
and large-basket contests

Avg. # excess
responses / participant 15.4 947% (+) ***

Median response duration 4.1 −0.61% (-) ***

Accuracy 61.32 −2% (-) ***
Decrease most pronounced

in high-minimum
and large-basket contests

Avg. # correct responses 49.2 102% (+) ***
Increase most pronounced
in high-minimum contests

with many prizes

% responses qualified 69.4 4% (+) **
Increase reversed
in high-minimum

and large-basket contests

# responses qualified 13,844 12% (+) ***
Increase reversed
in high-minimum

and large-basket contests
Net labeling rate 10.8 31% (+) ** N/A

Table 15: Summary of results.
Table Notes: *(+) indicates an improvement relative to the control mean, while (-) indicates decline.
**Three stars indicate significance at 𝛼 = 0.01, two stars indicate significance at 𝛼 = 0.05, and one star

indicates significance 𝛼 = 0.1

We find that streak contests do not necessarily outperform on several of these continuity

metrics — for example they do not attract more participants — but they perform well
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on others, (e.g. they induce participants to complete many more problems, and to do so

faster). This increase in speed has several implications; in addition to allowing for greater

efficiency (i.e., the same amount of data can be labeled with fewer contests and thus at

a lower cost), higher rates of responses and consensus may unlock new applications for

collaborative labeling. For example, with sufficient speed, this and similar platforms could

be used to provide second medical opinions (or other labels) directly to patients (or other

end consumers) either in real-time or with a timing guarantee.

It is striking that streak contests are very successful at motivating participants to put

in more effort once they have entered a contest, increasing both the volume and velocity

of activity. The greater role of uncertainty under the streak evaluation metric means that

participants must often complete many more problems in order to remain competitive, which

they may partially compensate for by spending less time on each problem.

Individuals also complete more problems correctly in streak-based contests. While the

percentage of correct problems decreases under the streak evaluation metric (partially driven

by the significant increase in total problems completed), the additional incorrect problems

are largely not incorporated into final consensus labels. The result is that contests based on

a streak evaluation metric manage to produce net positive results on a platform-wide level,

increasing the percentage of responses that fall above a quality threshold, and increasing

the speed of consensus-based labeling. However, this suggests that the effectiveness of an

evaluation metric that primarily drives engagement is contingent on the use of an effective

aggregation algorithm.

The heterogeneous nature of the effect of the streak evaluation metric suggests that

certain aspects of contest design, such as minimum prize value, interact significantly with

these findings. Contests designers who decide to use a streak-based evaluation metric should

take into account that such an evaluation metric is thus mainly effective when the minimum

prize or total prize basket size are relatively high, or when many prizes as available.

Performance streaks have historically been seen as a statistical phenomenon that biases

subsequent predictions or confidence levels (Gilovich et al. 1985), a “fun” tool to motivate

participants (Huynh et al. 2018), or a type of “asset" that modifies participants’ risk-seeking

behavior over time (Levy 1996); they have rarely been implemented as a basis for competitive
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compensation. Our results suggest that in addition to serving as a useful psychological tool

to keep participants returning to a platform, performance streaks—when tied to a platform’s

compensation mechanism—can also improve the output generated by the platform.

There may be other secondary effects of streak-based evaluation metrics, for example

on the ability of participants to learn and retain skills. Although such participant-level

outcomes were out of scope for this analysis, they should be examined as an additional input

into an overall strategy for using streak-based evaluation metrics.

The increased engagement, performance, and speed induced by streak evaluation metrics

are important in the healthcare context studied by this paper, as they suggest that such

metrics can increase the ability of crowdsourcing platforms to contribute to high-quality

care by leveraging the knowledge of people around the world. More broadly, these results

open up new options for structuring crowdsourcing incentives, which might be used by other

distributed-task platforms in order to influence the behavior of participants.

Based on these results, designers of crowdsourcing tools may want to reconsider the

value of performance streaks that are typically only used for gamification. Gamification is

often used to influence participant activity via participant motivation; however, our results

have shown that in addition to influencing participation and engagement metrics, gamifica-

tion elements may also influence performance metrics when incorporated into the evaluation

structure. The use of gamification features as performance drivers may both attract more

diverse participant bases to crowdsourcing platforms and enable new applications of crowd-

sourcing in domains where participant incentives are not directly aligned with those of contest

organizers.
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3.7 Appendix

3.7.1 Explanatory variables

Category Variable Description

Format Contest format

Scoring method e.g.,

Streak: winner has longest unbroken streak of correct answers

Accuracy: winner has highest percentage of correct answers

Content type Text/ image/ video

Classification complexity Avg. number of answer choices per problem

Process Contest duration Hours between contest start and end (advertised in advance)

Total prize basket Sum of all available prizes in dollars (advertised in advance)

Maximum prize value Dollar value of prize for 1st place winner (advertised in advance)

Minimum prize value Dollar value of lowest prize granted (advertised in advance)

# of winners Number of prizes available (advertised in advance)

Evenness/spread of prizes Standard deviation of prize basket

Restrictions Cap on # problems
Binary variable indicating the existence of a cap on number of

permitted problem attempts(advertised in advance)

Time limit Maximum time (in seconds) allotted to answer each question

Participation threshold
Minimum activity (number of completed problems)

required to reach leaderboard (advertised in advance)

Environment Contest order
Indicates how “early" or “late" contest

occurred compared to other contests in the same topic group

Contest purpose
Describes whether the contest was launched to label a client dataset,

to keep participants engaged on the platform, etc.

Audience
Indicates whether contest is targeted at a subset of participants

(e.g., those who have never won, or cohort-based groups)

Platform “crowdedness" # of other contests available at start of contest

Percentage “free" problems
Percentage of problems which are unlabeled

at least once during contest

Time trends
Month-year of contest start

(to control for time-based unobservables)

Table 16: Available contest-level variables of interest
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3.7.2 Alternate matching results

This section presents matching results and balance statistics for outcome measures which

were only relevant to a subset of observations (see Table 4). For most outcomes, we excluded

contests that attracted zero participants, yielding a dataset with 1477 observations (with one

exception: for “avg. past ranking of participants" one additional observation is excluded,

resulting in a sample size of 1476). For the n = 1476 and n = 1477 data subsets, we use the

same matching protocol described in Section 3.4.2. Matching results and balance statistics

for this subset are in Tables 17 and 18.

# Contests

Streak Accuracy Total
(treatment) (control)

All topic groups (103 topics) 319 (318) 1158 1477
Discarded due to lack of common support 0 445 445
Discarded due to exact, caliper, or kNN matching 89 378 467
# contests included in final sample 230 (229) 335 565

Table 17: Summary of matching process data sample for outcomes with n = 1477 (1476)

The outcome variable “net labeling rate" uses a sample size of n= 1117, consisting

of those contests which did not overlap temporally with other contests in the same topic.

When conducting matching for net labeling rate, we instituted a stricter set of calipers than

was used for other outcomes. Specifically, in addition to the three covariates for which

caliper restrictions were used when matching on the main dataset (total prize basket size,

platform crowdedness, and number of winners), we required additional calipers for contest

duration and contest order. Matched control contests must have a duration within one

hour of the relevant treated contests, and must have a “contest order" value within one

unit of the corresponding value for the relevant treated contests. These restrictions were

necessary because 1) contest duration is a direct input into labeling rate, and it is thus

particularly important to ensure closeness on this dimension, and 2) contest ordering may

affect the number of problems available to be labeled. We used Mahalanobis distance rather

than propensity scores to select matched pairs in order to ensure direct comparison on these
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Before matching After matching
Variable 𝜇𝑇 𝜇𝐶 SMD𝑡 𝜇𝑇 𝜇𝐶 SMD𝑚

𝑡

Format Content type: image 0.76 0.68 0.17 0.72 0.72 -0.00
(0.75) 0.68 0.17 0.72 0.72 -0.00

Content type: text 0.12 0.09 0.09 0.12 0.12 0.00
Content type: video 0.13 0.23 -0.31 0.17 0.17 0.00
Answer choices per problem 3.75 4.04 -0.15 3.68 3.69 -0.00

(3.76) 4.04 -0.15 3.68 3.69 -0.00
Process Contest duration (hrs) 36.64 24.19 0.38 33.66 32.41 0.04

(36.68) (33.70) (32.03) (0.05)
Minimum prize value: $0.5 0.62 0.60 0.04 0.70 0.70 0.00

(0.63) (0.71) (0.71) 0.00
Minimum prize value: $1 0.24 0.38 -0.32 0.22 0.22 0.00

0.24 0.38 (-0.33) 0.22 0.22 0.00
Minimum prize value: > $1 0.13 0.01 0.35 0.07 0.07 0.00
Maximum prize value 14.60 17.06 -0.23 14.78 14.76 0.00

(14.62) (14.80) (14.72) (0.01)
Evenness/spread of prizes 3.64 4.57 -0.28 3.96 4.04 -0.02

(3.65) (3.97) (4.03)
Maximum number of winners 17.48 20.74 -0.40 18.27 18.27 0.00

(17.49) (18.29) (18.28) 0.00
Total prize basket ($) 48.83 65.35 -0.52 53.11) 51.39 0.05

(48.89) (53.21) (51.30) (0.06)
Restrictions Cap on # problem attempts* 7687.8 5766.34 0.46 7133.04 7130.8 0.00

(7680.50) (7120.52) (7118.28)
Per-question time limit (s)** 3602.7 4839.5 -0.42 3454.8 3409 0.02

(3595.14) (4839.51) -0.42 (3443.65) (3397.64) 0.02
Environment Contest order 13.23 17.27 -0.35 15.48 14.68 0.07

(13.29) (-0.34) (15.54) (14.73) 0.07
Purpose: customer 0.39 0.76 -0.75 0.42 0.42 -0.00
Purpose: engagement 0.61 0.22 0.79 0.58 0.58 0.00
Purpose: research 0.00 0.02 -0.17 0.00 0.00 0.00
Audience: cohort 0.08 0.05 0.10 0.02 0.02 0.00
Audience: standard 0.92 0.95 -0.10 0.98 0.98 0.00
Platform “crowdedness" 6.73 6.77 -0.01 6.05 6.13 -0.02

(6.74) (6.07) (6.14)
Percentage “free" problems 0.24 0.36 -0.49 0.26 0.27 -0.07

(0.25)

Table 18: Pre/Post-matching balance summary for contest-level covariates (n = 1477(1476))
Table notes: 𝜇𝑇 and 𝜇𝐶 are the mean across treatment contests and control contests respectively.

*Contests with no cap are coded with a large value (10,000) for matching purposes only. **Contests with
no per-question time limit are coded with a large value (6,000) for matching purposes only
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covariate dimensions, and thus improved balance (although use of a propensity score does not

change our results). Finally, we excluded “audience group" as a covariate in the matching

and regression analyses due to lack of variation on this variable within the data subset.

Matching results and balance statistics for this subset are in Tables 19 and 20.

# Contests

Streak Accuracy Total
(treatment) (control)

All topic groups (99 topics) 193 924 1117
Discarded due to lack of common support 0 477 445
Discarded due to exact, caliper, or kNN matching 105 795 900
# contests included in final sample 88 129 217

Table 19: Summary of matching process data sample for outcomes with n = 1117

Before matching After matching
Variable 𝜇𝑇 𝜇𝐶 SMD𝑡 𝜇𝑇 𝜇𝐶 SMD𝑚

𝑡

Format Content type: image 0.85 0.68 0.46 0.77 0.77 0.00
Content type: text 0.07 0.08 -0.04 0.05 0.05 0.00
Content type: video 0.08 0.24 -0.57 0.18 0.18 0.00
Answer choices per problem 3.86 4.04 -0.09 3.45 3.45 -0.01

Process Contest duration (hrs) 36.70 22.05 0.50 30.72 31.62 -0.03
Minimum prize value: $0.5 0.66 0.60 0.14 0.74 0.74 0.00
Minimum prize value: $1 0.24 0.40 -0.36 0.25 0.25 0.00
Minimum prize value: > $1 0.09 0.01 0.30 0.01 0.01 0.00
Maximum prize value 12.12 17.37 -0.74 13.11 13.10 0.00
Evenness/spread of prizes 2.73 4.61 -0.97 3.32 3.37 -0.03
Maximum number of winners 17.30 21.19 -0.51 18.76 19.12 -0.05
Total prize basket ($) 42.08 66.45 -0.92 49.89 50.36 -0.02

Restrictions Cap on # problem attempts* 7930.57 5718.46 0.55 6459.09 6449.86 0.00
Per-question time limit (s)** 3028.70 4998.0 -0.66 3217.90 3150.70 0.02

Environment Contest order 10.76 17.66 -0.69 11.77 12.69 -0.09
Purpose: customer 0.27 0.79 -1.15 0.38 0.38 -0.02
Purpose: engagement 0.73 0.19 1.20 0.62 0.61 0.02
Purpose: research 0.00 0.02 -0.18 0.00 0.00 -0.02
Platform “crowdedness" 5.89 6.48 -0.20 5.65 5.96 -0.108
Percentage “free" problems 0.22 0.37 -0.59 0.25 0.26 -0.04

Table 20: Pre/Post-matching balance summary for contest-level covariates (n = 1177)
Table notes: 𝜇𝑇 and 𝜇𝐶 are the mean across treatment contests and control contests respectively.

*Contests with no cap are coded with a large value (10,000) for matching purposes only. **Contests with
no per-question time limit are coded with a large value (6,000) for matching purposes only
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Chapter 4

Competitive uncertainty vs prize value

uncertainty: the impact of prize

endogeneity on participant behavior in

crowdsourcing contests

Olumurejiwa A. Fatunde

Center for Transportation and Logistics, Massachusetts Institute of Technology

4.1 Abstract

In crowdsourcing and other types of contests, prize structure is often designed in a way

that creates incentives for participants. This paper contributes to the literature on contest

theory and decision-making under risk by exploring how a change in the source of prize

basket uncertainty—from the probability of winning a prize to the amount at stake— affects

participant choices. We use data on 5,418 crowdsourcing contests for medical diagnosis

to evaluate the impact of running a pool contest (in which all participants who meet a

performance threshold split a prize basket evenly) instead of a standard rank-order contest

in which the number and size of prizes are determined exogenously and announced in advance.
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Under pool contests, we observe a 50.2% increase in the number of qualified responses and

a 29.9% increase in the percentage of qualified responses, representing a net positive for

the platform. Pool contests increase activity levels, driving a 19.3% increase in number of

problems that the average participant completed above the minimum participation threshold.

We find that pool contests result in a 16.8% increase in accuracy for the average participant

but a 7% decrease in accuracy for top performers, suggesting that participants modify their

effort in order to meet performance thresholds. Finally, pool contests result in a 27.4%

increase in the speed of producing high-quality responses, but do not significantly affect the

overall rate of reaching consensus. Our analysis suggests that pool contests are an effective

tool for incentivizing effort; however, the selection of the performance threshold is critical.

4.2 Introduction

The proliferation of contest-like activities in domains as diverse as innovation, software de-

sign, research procurement, sports contests, admissions, and even legal and political activity

has led to the development of a significant body of research on the determinants of various

aspects of contest success.

The goal of this paper is to explore the role of prize basket uncertainty in shaping

participants’ decisions with regard to participation and effort, as well as their ultimate

performance. Specifically, we examine a particular type of contest structure—one in which

prizes are evenly shared by participants who meet a performance threshold—to study the

effect of shifting the locus of uncertainty from the probability of winning to the amount at

stake.

Contest theory is a broad class of literature within economics and related fields in

which researchers study the conditions under which agents exert (costly) effort in the hopes

of obtaining a reward (Dechenaux et al. 2014, Segev 2020).

Three canonical types of contests are studied in the contest literature: Tullock-style

“lottery" contests, in which a prize is granted to a single individual based on the relationship

between the individual’s effort and total collective effort; all-pay auctions, in which only the

highest bidder wins, but all bidders must pay their bidding amount (and thus participation is

both irreversibly and costly); and rank-order tournaments, in which one or more participants
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receive prizes based on their competitive ranking on some measure of output (Dechenaux

et al. 2014).

Rank-order contests are notable in that they decouple the basis of compensation from

the inputs provided by participants. Participants are not paid directly for the volume of

their effort; instead, rank-order tournaments involve a nonlinear transformation from the

distribution of inputs to a discrete earning distribution, distinguishing them from more tra-

ditional input-based payment schemes such as piece rates (Lazear and Rosen 1981). Lazear

and Rosen (1981) argue that although piece rates successfully shift risk towards workers

in a way that incentivizes greater effort for greater pay, rank-based compensation schemes

may be preferable in cases where inputs are difficult to monitor or participants deviate from

risk-neutrality.

Beyond these three core contest types, there exist several less common generalizations.

For example, Cason et al. (2010) studies contests in which prizes are allocated propor-

tionally to the output quality of each participant. In this paper, we examine yet another

generalization, which we refer to as “pool" contests, whose structure lies on the spectrum

between rank-order contests and proportional-prize contests. In rank-order contests, prize

values are exogenous (Cason et al. 2010). In pure proportional-prize contests, prize values

are endogenously determined by the efforts of individuals. In pool contests, prize values

are endogenously determined, but a given participant’s prize value depends on both that

participant’s own efforts and on the number and efforts of other participants. Specifically,

all participants in a pool contest split a prize basket evenly if they meet a specified quality

threshold. Pool contests therefore fundamentally modify the risks faced by participants.

Halac et al. (2017) and Deck and Kimbrough (2017) compare pool contests (which they refer

to as “equal-sharing" contests) to winner-take-all contests under two information-disclosure

conditions in the context of a two-period innovation contest with two winners, and find that

pool contests dominate winner-take-all contests when information about competitor perfor-

mance is not known to participants. However, we are unaware of any study of pool contests

in an open crowdsourcing setting. Pool contests have analogues in managerial settings; for

example, in the firm context, there may be situations in which employees split a bonus pool

subject to meeting performance targets.
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We explore the impact of pool contests on contest-level outcomes on a platform where

both standard rank-order and pool contests are available, and examine the implications of

changes to those outcomes for our understanding of decision-making under risk.

4.2.1 Past literature

One stream of the contest theory literature has explored the role of various contest design

elements and other factors, such as the number and structure of prizes, evaluation schemes,

and the number and heterogeneity of participants, on participant decisions such as entry and

effort expended.

Numerous theoretical (Moldovanu and Sela 2001, Kalra and Shi 2001) and experimental

(Freeman and Gelber 2010, Lim et al. 2009) papers have studied the conditions under which

a single prize is preferrable to multiple prizes. In general, multiple prizes have been shown

to induce higher efforts when participants are risk averse or heterogeneous, or when the cost

of effort function is convex (Dechenaux et al. 2014, Szymanski and Valletti 2005, Chen et al.

2011). Field experiments have provided evidence that higher numbers of contest participants

lead to reduced individual effort (List et al. 2020, Casas-Arce and Martínez-Jerez 2009).

Myerson and Wärneryd (2006) predicted that population uncertainty (i.e., settings in which

the number of participants is a random variable) results in lower aggregate effort investment.

Researchers have also examined contests with endogenous prizes, and particularly con-

tests in which the prize amounts change based on aggregate effort. Chung (1996) finds that

when the (single) prize increases with aggregate effort, a wasteful amount of excess effort can

result. In our setting, additional effort by rivals increases the probability that a given par-

ticipant’s expected earnings will be lower, thereby creating negative spillovers (Dechenaux

et al. 2014).

Another subset of contest research examines the role of information disclosure in shaping

participant behavior.

To our knowledge, most research in this area has focused on disclosure about the number,

skill level, or past performance of participants in the contest. Drugov and Ryvkin (2019) show

that the effect of information disclosure in rank-order tournaments depends on the curvature

of participants’ marginal cost of effort. Ludwig and Lünser (2012) examined the impact of
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disclosing information about the performance of competitors on subsequent participant effort

and performance, finding that participants adjust their effort by reducing (increasing) their

effort in the second stage if they were previously leading (lagging).

The research closest to ours is that of Boosey et al. (2020), who use a lab experiment

to explore the effect of disclosing the number of participants on effort exerted by contest

entrants. They find that disclosure has a strong positive effect on effort investment for

participants with a high outside option. In addition to focusing on a different treatment,

our setting is different in two key ways: first, entry decisions in our setting can take place

at any point during the contest (rather than taking place simultaneously). Secondly, our

setting makes use of data from a field setting instead of a lab setting, though our study is

observational rather than experimental. We hope that future research will expand on this

work with the use of field experiments that can specifically test for potential explanations

that we are unable to rule out using the available data.

In our setting, participants are uninformed about the size of the competitor pool be-

fore, during, and after contests. Holding this uncertainty constant, we modify whether the

prize distribution is exogenous (and announced in advance). Our empirical exploration thus

focuses on uncertainty surrounding the prize amount.

Our paper has clear overlap with the information-disclosure literature; while the key

modification in our case is a change from exogenously- to endogenously-determined prize

numbers and amounts, the policy of “always disclosing all available prize information" ef-

fectively means that participants receive advance prize information in the exogenous case

but not in the endogenous case. Our treatment can thus be seen as either a change in prize

structure or an information treatment.

A final stream of research within contest theory concerns itself with the role of behavioral

and cognitive biases related to social preferences (e.g., envy, inequality aversion) and risk

aversion in shaping the behavior of contest participants.

There is extensive literature within economics on decision-making under uncertainty.

For example, several papers in the contest literature explore the relationship between risk

tolerance of participants and their decisions to enter (and exert effort in) a competitive

contest rather than accepting a deterministic quantity-based payment (Cason et al. 2010,
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Eriksson et al. 2009). Experimental research has shown that risk-averse individuals are less

likely to enter tournaments when a risk-free alternative is available (Eriksson et al. 2009,

Dohmen and Falk 2011), and that inequality-averse individuals similarly avoid competitive

environments (Bartling et al. 2009, Balafoutas et al. 2012).

Eisenkopf and Teyssier (2013) find that the elimination of envy (by removing compe-

tition among participants) reduces average effort provision, while eliminating loss aversion

by removing the potential to earn below a set reference point reduces the variance of effort

provision. Shupp et al. (2013) also finds a relationship between loss aversion and lower effort

provision.

4.2.2 Research setting

Rank-order contests have occasionally been used on platforms for coordinating distributed

workers or crowdsourcing inputs from a large group. In this paper, we use one such applica-

tion to compare rank-order and pool contests.

We work with data provided by CentaurLabs, a healthcare company that operates Diag-

nosUs, a crowdsourcing platform for medical diagnosis. The company uses a mix of labeled

and unlabeled data (consisting of media content such as images, text, video, or audio files)

and solicits medical labels on each piece of data through game-like contests that run on

the platform. The platform is open to all, though some contests are targeted at subsets

of participants. Participants include those with no medical background, those currently in

training, those planning to train in the future, and those currently practicing medicine or

working in a medicine-adjacent profession.

The platform evaluates participant performance on labeled content by comparing re-

sponses to pre-existing labels, and then uses this performance to determine how heavily

to weight participants’ contributions on previously-unlabeled data. Opinions on unlabeled

content are aggregated via a “collective intelligence" algorithm which combines human intel-

ligence with computer intelligence by learning about participants’ skill levels over time and

using that information to decide which responses to use to form consensus labels for each

problem. Performance on labeled data also determines the competitive rankings that are

used to allocate prizes to participants in rank-order contests.
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Given that the algorithm aims to label vast datasets using the contributions of par-

ticipants who will each only see a small part of this data, the goals of the contests on the

platform are to 1) improve the performance of all participants and 2) retain high-skilled

participants on the platform for extended periods, rather than simply identify the best entry

out of a crowd for a single contest. In this paper, we measure how pool contests impact

the first goal by measuring the treatment effect on the number and percentage of responses

meeting a quality threshold.

The paper proceeds as follows: In Section 4.3, we describe the contests included in

this analysis, as well as the explanatory and outcome variables of interest. In Section 4.4,

we describe our methods and examine the differences between rank-order contests and pool

contests using an expected utility framework in order to make predictions about relative

outcomes. In Section 4.5 we explore the results of our causal analysis, and in Section 4.6

we consider the possible behavioral explanations that could be responsible for the observed

results.

4.3 Data and Key Definitions

Our analysis focuses on crowdsourcing contests run between September 2020 and January

2022. This dataset includes information about contest parameters and aggregate information

about contest performance summarized from participant-level data. Each observation in the

dataset corresponds to a single contest.

In this setting, a contest is a time-limited window during which a participant can com-

plete problems on a specific topic. A problem, or question, here refers to a single medical

image for which a participant is asked to provide a label. Each topic, or clinical area such

as “Brain Hemorrhage" or “Pneumothorax", is associated with a pool of problems. Within

a particular contest, problems from the relevant topic pool are stochastically assigned to

participants with the aim of minimizing repeat exposure to questions and maximizing cov-

erage across participants, or participants. As a result, the order in which problems appear

is participant-specific. A completed problem, or response, refers to a single answer by a

single participant on a particular problem. For some problems, the correct answer, or label,
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is known in advance. Performance on these “labeled" problems is used to evaluate partici-

pant skill level and determine how much weight to give each participant when aggregating

responses to unlabeled problems. The percentage of problems in a contest which are unla-

beled ranges from 7.1% to 100%, with the average contest consisting of 34.8% pre-labeled

problems.

Each crowdsourcing contest requires participant to complete a specific type of task.

The two most common types of tasks on the platform are “classification" problems, which

require a participant to select from between two and eight multiple-choice options, and

“segmentation" problems, which require a participant to visually identify a specific part of

the image and draw a box or shape around the affected area, thus indicating an opinion on a

question of clinical significance. Shapes are drawn by connecting several points, or vertices,

to create a polygon. In this paper, we focus on the subset of contests that are based on

segmentation problems because other contests types have limited sample sizes or limited

variability in the treatment of interest. A breakdown of the inclusion criteria is provided in

Table 1.

The most successful participants in each contest earn cash prizes based on performance.

For contests in this sample, the total prize basket value per contest varies between $20

and $200, with individual prizes ranging from $0.25 to $100. The number of winners for

contests in this sample ranges from 1 to 37. Before they decide whether to participate in a

contest, participants receive information about the start and end dates of the contest, scoring

guidelines, the minimum participation threshold, the cap on number of allowed problem

attempts, and any tiebreaker rules.

Participants are unaware of the identity of other participants before a contest begins;

however, as the contest progresses, some limited competitor information may become avail-

able. Specifically, once participants begin to surpass the minimum participation threshold, a

dynamic “leaderboard" displays the rankings of the top participants, as well their estimated

earnings (e.g., the prize each leading participant would win if they maintained their current

rank through the end of the contest). Participants can also view the profiles of people listed

on the leaderboard to learn more about their backgrounds, if the relevant participant have

shared this information.
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In addition to contests, the platform provides access to practice problems that are

not timed or rewarded. Participants may access a wide range of practice problems on the

platform at any time. Before or during a particular contest, participants may also opt to

complete practice problems that specifically prepare them for that contest. Links to these

problems are provided along with the contest instructions.

We exclude practice problems from the dataset given our focus on outcomes in the

contest setting.

Number of Contests

# Contests starting and ending between 1 Sep 2020 and 31 Jan 2021 5,418
Excluded groups:
# Contests discarded (.e.g, due to setup errors) 393
# Contests run for irrelevant purposes (e.g. testing) 258
# Contests set up for institutions or “squads" of participants* 131
# Contests restricted to a certain audience 1,244
# Contest formats other than segmentation 2,003
# Segmentation contests with scoring schemes other than accuracy 7
# Segmentation contests with multiple answers 47
# Target contests 1,335

*These contests were excluded due to concerns about network effects and violation of SUTVA assumptions

Table 1: Exclusion criteria for contests on the platform

4.3.1 Description of alternative prize structures

In this paper, we focus on two different contest structures which differ in how they select

and reward winners. In standard rank-order contests, there is a specific dollar prize amount

associated with each final ranking position.

We are specifically concerned with the class of imperfectly discriminatory rank-order

contests that employs “noisy ranking", in which factors other than a participant’s effort level

contribute to the final ranking (Fu and Lu 2011). The problem-level score (which is an input

into the final ranking) is a function of effort and a random component, similar to the model

developed by Lazear and Rosen (1981). In our case, performance may also be influenced

by additional systematic components, such as participant skill level. Neither contest orga-

nizers nor participants have perfect information about participant abilities, although it is

reasonable to assume heterogeneity in skill levels given the diversity in both medical training

103



and platform experience among participants. Lazear and Rosen (1981) highlight that in

such cases, it may be beneficial to provide participants with opportunities to learn about

their skill levels before they make an investment decision. Indeed, the existence of practice

problems on the platform may partially fill this role.

Platform users face a two-stage decision process: first, they review the advertised contest

parameters and choose whether or not to enter the contest. Secondly, conditional on having

entered the contest, participants must decide how much effort to exert in pursuit of a prize.

The problem-level score for problem 𝑖 completed by participant 𝑗 in contest 𝑘 is given

by

𝑠𝑐𝑜𝑟𝑒𝑖𝑗𝑘 = 100

(︂
|𝐴𝑖𝑗𝑘 ∩ 𝐴′

𝑖𝑘|
|𝐴′

𝑖𝑘|

)︂
where |𝐴𝑖𝑗𝑘| is the area of the shape 𝐴𝑖𝑗𝑘 drawn by participant 𝑗 on the image presented

in problem 𝑖, and |𝐴′
𝑖𝑘| is the area of shape 𝐴′

𝑖𝑘, representing the official answer.

Participant 𝑗’s overall contest-level score is simply the average over all individual prob-

lem scores:

𝐶𝑆𝑗𝑘 =
1

𝑁𝑗𝑘

𝑁𝑗𝑘∑︁
𝑖=1

𝑠𝑐𝑜𝑟𝑒𝑖𝑗𝑘 (4.1)

where 𝑁𝑗𝑘 is the total number of problems completed by participant 𝑗 in contest k.

In rank-order contests the total prize basket size, the available number of prize slots,

and the specific prize assigned to each final ranking position are determined by the organizers

and announced in advance. The values of 𝐶𝑆𝑗𝑘 for all participants are ranked in descending

order, and the pre-announced prizes are allocated to a pre-announced maximum number of

winners.

In pool contests, all participants for whom 𝐶𝑆𝑗𝑘 > 𝑄𝑇𝑘 receive an even share of the prize

basket, where 𝑄𝑇𝐾 is a pre-announced, contest-specific performance threshold (specified by

a minimum contest score, ranging from 80% to 95%). Because the final prize distribution is

endogenously determined by participants’ participation and effort decisions, the number of

winners is not known—or even determined—until the contest is over. Therefore, only the

total prize basket size is announced in advance.
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If no participants meet the performance threshold in a given contest, no prizes are

awarded, and the organizers receive the benefit of any effort invested for free. It is also

possible for no participant to meet the minimum participation threshold—and thus for no

prizes to be awarded—in a rank-order contest.

In rank-order contests, participants face two sources of uncertainty in evaluating their

expected earnings: their own skill levels, which may influence final ranking, and competitive

uncertainty related to the number, relative skill level, and effort investments of other par-

ticipants. The contest organizers share in participants’ ignorance about true skill levels, but

they have full information about the size of the competitive field at any given time.

Because thresholds are set independently of participant performance, winning a prize

in a “pool" contest is within each participant’s control (under the assumption that every

participant is able to meet the minimum quality threshold given enough attempts). There-

fore, competitor skill level is not a source of uncertainty in pool contests. However, number

and effort level of competitors remain as sources of competitive uncertainty. In addition,

individual skill level affects the level of effort required to meet the prize threshold.

Figure 1 shows the typical score and prize amount associated with each ranking position

under both schemes, as well as the typical scores and number of winners that result under

each threshold level. Participant performance in pool contests appears to cluster around

the stated performance threshold, with the highest thresholds producing accuracy levels

comparable with those of the top performers in competitive rank-order contests.

These descriptive comparisons suggest that average scores for the top 28 participants

are higher for non-pool contests. This effect, which is mostly driven by pool contests with

lower performance thresholds, may be explained by 1) uncertainty surrounding the “cutoff"

score required to win a prize in a rank-order contest, and 2) the ability to win a larger prize

through better performance in a rank-order contest. In other words, rank-order contests are

more competitive.

Figure 2 displays an example of the information that participants see when comparing

different contest options. There is no visible difference between rank-order and pool contests

on the landing page of the platform, where multiple contest are displayed next to each other.

The prize allocation rules for each contest are visible to participants on the contest’s
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Figure 1: a) Representative scores for each prize structure, b) Representative scores for each
prize structure with pool contests split by performance threshold, and c) Representative
earnings for each prize structure

instruction screen (see Figure 3). On this page, participants can clearly see any minimum

participation requirements, as well as the prize amounts that will be awarded to each ranking

position (in a rank-order contest) or the criteria that participants must meet in order to

receive a portion of the prize basket (in a pool contest).

For ranking position 5 or lower, the median prize amount is higher in a pool contest.

This seems reasonable; for the most common prize basket sizes ($80 and $100), there would

need to be 160 or 200 winners, respectively, to dilute the prize value in a pool contest to

the same level as the most common prize amount for lower rankings ($0.50) in a rank-order

contest.

The number of winners in a pool contest generally decreases as the performance thresh-

old increases, as expected.
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Figure 2: Example of information available to participants on the outer screen for a) rank-
order and b) pool contests

4.3.2 Treatment variable

Our treatment variable indicates the presence or absence of uncertainty regarding 𝑁𝑘, the

number of available prizes for a given contest 𝑘. Specifically, treatment is a binary variable

which is equal to one for a “pool" contest in which 𝑁𝑘 is endogenous and unknown before

the contest starts, and equal to zero for a rank-order contest, in which 𝑁𝑘 is exogenous and

announced in advance.

4.3.3 Explanatory variables

For each contest, we have access to 1) “process" parameters such as the duration of the

contest and the size of the prize basket, 2) restrictions or constraints (e.g., minimum number

of completed problems required to reach the leaderboard or maximum permitted number of

problem attempts, and 3) “environmental" variables which are not necessarily visible to (or

salient for) participants, but should nevertheless be controlled for.

Table 2 defines the variables available in each of these four categories.

Table 3 provides descriptive statistics on each of these explanatory variables, and Figure

4 provides an indication of the level of activity on the platform over time.
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Category Variable Description

Process Contest duration Hours between contest
start and end (advertised in advance)

Total prize basket Sum of all available prizes
in dollars (advertised in advance)

Restrictions Cap on # problems

Binary variable indicating the
existence of a cap on number of

permitted problem attempts
(advertised in advance)

Time limit Maximum time (in seconds)
allotted to answer each question

Participation threshold
Minimum activity (number of completed problems)

required to reach leaderboard
(advertised in advance)

Environment Contest purpose
Describes whether the contest was
launched to label a client dataset,

to keep participants engaged on the platform, etc.

Audience
Indicates whether contest is targeted

at a subset of participants (e.g., those who
have never won, or cohort-based groups)

Platform “crowdedness" # of other contests available at start of contest

Percentage “free" problems Percentage of problems which are unlabeled
at least once during contest

Time trends Month of contest start
(to control for time-based unobservables)

Table 2: Available contest-level variables of interest

Variable N (%) Mean (SD)
Contest format = “pool" 84 (6.3) -
Contest duration (hrs) - 20.03 (11.25)
Total prize basket ($) - 88.47 (28.71)
Contest has cap on # problem attempts 1060 (79.4)
Cap on number of problem attempts* - 210.5 (89.73)
Problems have time limit 24 (1.8)
Per-question time limit* (seconds) - 69.17 (35.41)
Participation threshold (problems) - 73.67 (20.39)
Contest order within topic - 71.33 (61.27)
Purpose: customer 1280 (95.9) -
Purpose: engagement 55 (4.1) -
Audience: standard 1151 (86.2) -
Audience: cohort 184 (13.8) -
Proportion “free" problems** - 0.34 (0.18)
Platform “crowdedness" - 7.56 (2.93)

*Average across contests for which restriction is relevant
**For contests with no participants/responses, values of these variables were imputed based on data from

contests within the same topic

Table 3: Descriptive statistics for explanatory variables
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Figure 3: Example of information available to participants about the prize allocation within
a a) rank-order or b) pool contest

Figure 4: Level of activity over time

4.3.4 Outcome variables of interest

Given the goals of the collective intelligence algorithm, our outcome variables of interest

fall into four categories: contest participation, which measures the number of participants,
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conditional engagement, which measures the aggregate and per-problem effort exerted by

participants after opting into a contest, performance metrics that measure a participant’s

accuracy on problems for which a label exists, and speed, measured by time required to

obtain responses/consensus labels. Table 4 describes each of the outcome variables in detail.

The primary outcomes of interest are the number and percentage of responses which

exceed a pre-specified quality threshold. These metrics determine how many responses can

serve as inputs to the final aggregated labels, and thus are central to the overall goal of the

algorithm.

The remaining outcome measures influence these primary measures by changing either

the number of qualified responses, the total number of responses, or both.

Some outcome measures use a subset of the full dataset. For example, outcomes that

are conditional on participation exclude contests for which there were zero participants.

Observations may also be removed if no participants met the performance threshold or in

cases of missing data. For each outcome, the size of the pre-matching dataset is indicated

by 𝑛 in Table 4.

Category Outcome Description n
Participation Participation # participants who completed ≥ 1 problem 1335

Normalized participation 100 × Participation / # active in past 15 days 1335
Engagement # problems completed # responses received from all participants 1291

Avg. # problems completed/ part. User-level problem count 1291
# excess responses Total # responses above min. threshold 1291
Avg. # excess responses/ part. # responses above min. participation threshold 1291
Median response duration (sec) Amount of time spent on a problem 1291
Avg. # points drawn per image # vertices in the polygon drawn by participant 1281
Winning percentage # prizewinners* per 100 participants 1291

Accuracy Accuracy Avg. contest-level score across labeled problems 1291
Accuracy of top performers Accuracy among participants who won prizes 1276
# qualified responses responses exceeding a quality threshold** 1291
% responses qualified # qualified responses / total # responses 1291

Speed Qualified response** rate # qualified responses** per hour 1291
Net labeling rate*** (# new problems with consensus

- # new problems without consensus)/hr 881

*For rank-order contests, the number of prizewinners is not necessarily equal to the number of available
prizes. If not enough participants meet the participation threshold, prizes may go unclaimed.

**The qualification threshold is a contest-specific minimum level of trailing accuracy
***Includes labels produced between the start time of the current contest and the submission time of the

next contest’s first response

Table 4: Outcome variables of interest
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4.4 Methodology

In order to understand the choice between rank-order and pool contests from the participant’s

perspective, we adopt an expected utility framework. In this case, net utility is represented

by a participant’s expected earnings minus effort expended.

E[𝑈𝑗𝑘] = E[𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑗𝑘]− 𝑐𝑗(effort𝑗𝑘)

where effort𝑗𝑘 is the effort expended by participant 𝑗 conditional on entry into contest

k, and 𝑐𝑗 is a participant-specific constant that may include, among other things, participant

𝑗’s opportunity cost of taking part in the contest.

The calculation of expected earnings (and thus a participant’s overall utility) is different

for a standard rank-order contest than for a pool contest. We describe each of these in detail

below.

4.4.1 Hypotheses

Expected earnings for a rank-order contest

If perfect information regarding a participant’s skill level and the efforts of other contestants

were available such that participants could precisely predict their expected final ranking, the

expected earning for participant 𝑗 in contest k would be determined by

E[𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑗𝑘] = ℓ̂𝑗𝑘𝑃ℓ,𝑘 (4.2)

where ℓ is participant 𝑗’s expected final ranking in contest k, and 𝑃ℓ,𝑘 is the prize amount

associated with that final ranking.

In most cases, however, participants are unable to precisely predict their ranking, partly

because they have incomplete information about their own skill levels, and partly because

final ranking is a function of the efforts of other participants. As such, participants may

subconsciously estimate expected earnings using the following alternative construction:
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E[𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑗𝑘] =
𝑁∑︁
ℓ=1

𝑝ℓ,𝑗𝑃ℓ,𝑘

where N is the number of available prizes or rankings, 𝑝ℓ,𝑗 is the participant’s probability

of attaining a certain final ranking, and 𝑃ℓ,𝑘 is the prize associated with that final ranking.

This expression can also be written in terms of a particular contest-level score:

E[𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑗𝑘,𝑟𝑎𝑛𝑘−𝑜𝑟𝑑𝑒𝑟] =
𝑁∑︁
ℓ=1

𝑃ℓ,𝑘 𝑝(𝐶𝑆𝑘,ℓ ≤ 𝑋 < 𝐶𝑆𝑘,ℓ−1) 𝑝(𝐶𝑆𝑗𝑘 ≥ 𝑋) (4.3)

where 𝑋 is a random variable, 𝐶𝑆𝑘,ℓ is the contest-level score corresponding to the

ranking of ℓ in contest 𝑘, and 𝐶𝑆𝑘,ℓ−1 is the contest-level score corresponding to ranking

ℓ− 1. In other words, the second right-hand-side term captures the probability that score X

falls between the cutoff scores for rankings ℓ and ℓ−1, and thus is sufficient to secure ranking

ℓ (as determined by the competitiveness of the contest), and the third right-hand-side term

captures the probability that participant 𝑗 is able to attain a score of 𝑋 (as determined by

the participant’s skill level). From the participant’s perspective, there is uncertainty in both

the second and third terms.

Because of the existence of the leaderboard, participants may form approximate (tem-

porary) estimates of 𝑝(𝑠𝑐𝑜𝑟𝑒ℓ ≤ 𝑋 < 𝑠𝑐𝑜𝑟𝑒ℓ−1) for various values of 𝑋 during the contest by

comparing these scores to the scores of the individuals on the leaderboard.

Expected earnings for a pool contest

For a pool contest, the participant’s earnings depend not on his/her individual ranking, but

on 1) the participant’s own effort decision and resulting accuracy (which determine if the

participant wins a prize) and 2) the collective effort exerted by other participants (which

determines how big the participant’s prize is).

Let
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𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑗𝑘 =

⎧⎪⎨⎪⎩𝐶𝑆𝑗𝑘 ≥ 𝐶𝑆𝑡ℎ𝑟𝑒𝑠ℎ,𝑘
𝑇𝑘

𝑁𝑘𝑝𝑡ℎ𝑟𝑒𝑠ℎ,𝑘

𝐶𝑆𝑗𝑘 < 𝐶𝑆𝑡ℎ𝑟𝑒𝑠ℎ,𝑘 0

where 𝐶𝑆𝑗𝑘 is participant 𝑗’s overall score in contest 𝑘, 𝐶𝑆𝑡ℎ𝑟𝑒𝑠ℎ,𝑘 is the (pre-announced)

minimum score required to enter the winner pool, 𝑇𝑘 is the dollar value of the (pre-announced)

prize basket, 𝑁𝑘 is the number of contest entrants and 𝑝𝑡ℎ𝑟𝑒𝑠ℎ,𝑘 is the proportion of entrants

who met the performance threshold.

We can represent the expected earnings for a pooled contest as follows:

E[𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑗𝑘,𝑝𝑜𝑜𝑙] = 𝑃𝑝𝑜𝑜𝑙,𝑘 𝑝(𝐶𝑆𝑡ℎ𝑟𝑒𝑠ℎ,𝑘 ≤ 𝐶𝑆𝑗𝑘) (4.4)

where

𝑃𝑝𝑜𝑜𝑙,𝑘 =
𝑇𝑘

𝑁𝑘𝑝𝑡ℎ𝑟𝑒𝑠ℎ,𝑘
,

as described above. The second right-hand side term can be further broken down into two

sub-terms in order to highlight the sources of uncertainty facing the participant:

E[𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑗𝑘,𝑝𝑜𝑜𝑙] = 𝑃𝑝𝑜𝑜𝑙,𝑘 𝑝(𝐶𝑆𝑡ℎ𝑟𝑒𝑠ℎ,𝑘 ≤ 𝑋) 𝑝(𝐶𝑆𝑗𝑘 ≥ 𝑋) (4.5)

where 𝑝(𝐶𝑆𝑡ℎ𝑟𝑒𝑠ℎ,𝑘 ≤ 𝑋) is the probability that a certain score 𝑋 exceeds the perfor-

mance threshold, and 𝑝(𝐶𝑆𝑗𝑘 ≥ 𝑋) is the probability that participant 𝑗 is able to achieve a

score of 𝑋.

In a pool contest, there is no uncertainty in the term 𝑝(𝐶𝑆𝑡ℎ𝑟𝑒𝑠ℎ,𝑘 ≤ 𝑋), since the

score required to win a prize is a deterministic quantity which does not depend on the

competitiveness of the contest. However, there is uncertainty in the prize amount 𝑃𝑝𝑜𝑜𝑙,𝑘, as

well as the skill-level term 𝑝(𝐶𝑆𝑗𝑘 ≥ 𝑋).

We make the assumption that every participant is able to reach the performance thresh-

old if he/she completes a sufficient number of problems. In practice, participants with higher

skill levels will be able to achieve this score with a smaller number of problems, since they will

get a higher percentage of problems correct earlier in their contest experience. Participants
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with initially lower skill levels may need to spend time learning/practicing in order to reach

a point where they are consistently getting high enough scores to translate to an average

score of 𝑋. In addition, they may need to do additional problems to offset lower scores

from the beginning of the contest. As such, lower-skilled participants will face a tradeoff

between making a higher level of investment to secure an effectively “guaranteed" prize (of

unknown value), taking their chances in a rank-order contest where they may be less likely

to win a prize regardless of investment, or opting not to take part in a contest at all. On the

other hand, higher-skilled participants may see pool contests as a less risky way to obtain a

guaranteed payoff than a rank-order contest. The degree to which the tradeoff is worth it

will depend on the size of the prizes available in the rank-order contest.

Because there is a theoretically unlimited number of competitors who can meet the

quality threshold if they choose to make the required investment, the skill levels of com-

petitors effectively disappears as a consideration for participants in pool contests. Instead,

payoffs depend on own skill level (which determines the amount of investment required), as

well as the collective effort put forth by other participants.

In summary, moving from one contest type to the other can be described as shifting

uncertainty from the competitiveness of the contest (in a rank-order contest) to the size of

the prize at stake (in a pool contest), as highlighted in Table 5.

Rank-order contest Pool contest
Prize amount
Competitor skill level
Competitor effort level
Participant skill level

Table 5: Sources of uncertainty for participant 𝑗 in contest 𝑘

Expected earnings under the two prize structures are equal when the following equality

holds:

𝑁∑︁
ℓ=1

𝑃ℓ𝑝(𝐶𝑆ℓ ≤ 𝑋 < 𝐶𝑆ℓ−1)𝑝(𝐶𝑆𝑗𝑘 ≥ 𝑋) =
𝑇𝑘

𝑁𝑘𝑝𝑡ℎ𝑟𝑒𝑠ℎ,𝑘
𝑝(𝐶𝑆𝑗𝑘 ≥ 𝐶𝑆𝑡ℎ𝑟𝑒𝑠ℎ,𝑘)

For a given participant, pool contests are thus made relatively more favorable by lower
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thresholds, lower collective efforts of other participants, and a larger total prize basket. The

relative attractiveness of rank-order contests depends on participant skill level; for a skilled

participant, for whom 𝑝(𝐶𝑆𝑗𝑘 ≥ 𝑋) is larger for a given value of X, the attractiveness of

rank-order contests increases with the value of the maximum prize and other high-ranked

prizes. For a lower-skilled participant, rank-order contests become more attractive relative

to pool contests when the value of the minimum prize increases. All of these comparisons

may be distorted by participants whose decision-making is affected by cognitive biases such

as risk aversion or ambiguity aversion.

Predictions

Sections 4.4.1 and 4.4.1 above, as well as exploration of previous literature, allow us to form

hypotheses about the expected impact of pool contests on outcomes of interest.

Given the information above we predict that, relative to pool contests, rank-order con-

tests with higher maximum prizes may remain an attractive option to high-skilled partici-

pants, while rank-order contests with lower maximum prizes will lose high-skilled participants

to pool contests. We do not necessarily expect increased effort from these high-skilled par-

ticipants, since the ability to win a guaranteed prize based on their current skill levels forms

part of the appeal of pool contests for this group. The impact on participation decisions

may differ for participants with different levels of risk aversion, although we do not directly

measure risk aversion in this setting.

Given the factors that affect expected earning under each contest type, we expect that,

conditional on entry, the change in effort for pool contest will depend on participant skill

level. In a pool contest, participants need only exert enough effort to achieve the stipulated

accuracy level, after which additional effort provides no additional boost to their expected

earnings. This stands in contrast to rank-order contests, in which completing additional

problems in a may give participants additional opportunities to improve their overall accuracy

(and thus their rankings).

In aggregate, we expect to see increased effort in pool contests relative to rank-order

contests, with the effort driven by lower-skilled or less experienced participants.

We expect the average accuracy in pool contests to be highly concentrated around
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the performance threshold, since participants have no incentive to continue after meeting

this threshold. Given the absence of competitive pressure to drive scores up, we expect

that aggregate accuracy may decrease for pool contests with low performance thresholds.

However, additional effort in pool contests may translate into a higher percentage of responses

qualified.

We see no reason to expect a change in the speed of producing either qualified reads or

consensus labels.

4.4.2 Causal effect of interest

Our goal is to measure the causal effect of shifting the locus of uncertainty from the proba-

bility of winning (i.e., a multi-winner rank-order contest) to the amount at stake (i.e., a pool

contest).

The desired causal effect is a localized version of the Average Treatment effect on the

Treated (ATT), which is given as

𝜏 := E[𝑌𝑘(1)− 𝑌𝑘(0)|𝑇𝑘 = 1].

where 𝑇𝑖 is the treatment indicator, 𝑌𝑖(1) is the outcome under treatment and 𝑌𝑖(0) is

the estimated outcome under control. For treated contests, we observe the first term for each

contest. The second term is not observed, and thus we use matching and simulation methods

to identify counterfactual observations, impute these potential outcomes under control, and

calculate a simulated version of the ATT for each outcome measure 𝑜:

𝐴𝑇𝑇𝑜,𝑠𝑖𝑚 =
1

|𝑛1|

|𝑛1|∑︁
𝑘=1

[︂[︀
𝑌𝑜,𝑘 − E[𝑌𝑜,𝑘(𝑇𝑘 = 0)]

]︀
|𝑇𝑘 = 1

]︂
.

In this equation, 𝑛1 refers to the set of treated contests and |𝑛1| refers to the number

of contests contests in this set. The corresponding values for control contests, 𝑛0 and |𝑛0|,

refer to the set of control contests and the number of control contests, respectively.
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4.4.3 Matching

In order to ensure that treated and control contests are comparable, we use matching tech-

niques.

We compare two matching approaches: a nearest-neighbor approach based on compari-

son of propensity scores, and the more flexible optimal full matching approach (Hansen and

Klopfer 2006, Hansen 2004, Stuart and Green 2008). The optimal matching method returns

a larger sample size; however, we proceed with the sample that results from nearest-neighbor

matching due to slightly better balance results.

We require exact matching on topic group to ensure that only contests with a similar

subject focus are compared. Within each topic group strata, we perform k-nearest neighbor

matching with replacement, with “nearest" defined in terms of each contest’s propensity

score. Propensity scores are calculated using logistic regression, with the indicator variable

for pool contests (which is the treatment variable for our overall analysis) serving as the

dependent variable. We include as covariates all explanatory variables which we expect to

influence the probability of treatment. We exclude one variable, participation threshold,

which is strongly tied to another variable (cap on permitted problem attempts), as well as

number of current contests, since this is not considered when pool contests are launched.

Other than the total basket size, we must exclude any summary measures related to the

prize basket (e.g., minimum prize value, maximum prize value, prize spread), since these

variables are not known in advance for pool contests, and thus represent post-treatment

covariates.

We allow for variable-ratio matching, with each contest allowed between two and twelve

control variables. Before matching, we discard control contests which fall outside the common

support of the treated contests. Finally, we impose caliper restrictions on three variables in

order to restrict matching to control contests which are sufficiently close on specific variables

(and thus improve overall balance). We require matched control contests to be within $5 of

the total prize basket of corresponding treated contests, within four hours of the duration

of treated contests, and within 30 percentage points of the percentage of free problems for

treated contests. The caliper restriction for total prize basket is particularly important,
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given that a key difference between rank-order and pool contests centers on the difference in

participants’ expected earnings.

The output of the matching procedure is a new data set that includes weights (𝑤𝑘)

for each on each observation. The weights on unmatched observations are equal to zero,

which means that they will be eliminated from onwards analysis. 𝑤𝑘 is equal to 1 for treated

contests for which a match is found. For matched control contests, 𝑤𝑘 values must satisfy

two conditions; the weight of each individual matched control contest should be proportional

to the number of treated contests to which it was matched, and the aggregate sum of control

weights should equal the number of unique control contests that were used for at least one

match:

𝑤𝑘|𝑇𝑘=0 ∝
∑︁
𝑚∈𝑛1

1(𝑘 ∈ 𝑀𝑚)

where 𝑀𝑚 is the set of matched control contests for a given treated contest 𝑚, and

∑︁
𝑘∈𝑛0

𝑤𝑘 =
∑︁
𝑘∈𝑛0

1

{︃[︃∑︁
𝑘∈𝑛1

1(𝑚 ∈ 𝑀𝑚)

]︃
> 0

}︃
.

In order to evaluate the success of matching, we compute the Standardized Mean Dif-

ference (SMD), a common measure of balance, both before and after matching. Before

matching, the SMD is given by

SMD𝑡 =

1
|𝑛1|

∑︀
𝑘∈𝑛1

𝑥𝑘,𝑡 − 1
|𝑛0|

∑︀
𝑘∈𝑛0

𝑥𝑘,𝑡

𝑠treated,𝑡

After matching, the SMD incorporates the weights that are generated as part of the

matching process:

SMD𝑚
𝑡 =

1
|𝑛1|

∑︀
𝑘∈𝑛1

𝑤𝑘𝑥𝑘,𝑡 − 1
|𝑛0|

∑︀
𝑘∈𝑛0

𝑤𝑘𝑥𝑘,𝑡

𝑠treated,𝑡

where

𝑛0 and 𝑛1 refer to the sets of control and treated contests, |𝑛0| and |𝑛1| represent the

numbers of control and treated contests, and 𝑠treated represents the sample standard deviation
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for all treated units prior to matching (Ho et al. 2011).

We use the MatchIt package in R (Ho et al. 2011) to implement this procedure and select

the counterfactual control contests that correspond to each treated contest. The matching

process is summarized for the full dataset in Table 6; and for all sub-datasets in the Appendix.

In this case, our treatment effect will differ slightly from the full ATT because a handful of

treated observations were removed during the matching process. All subsequent mentions of

the ATT refers to this reduced-sample treatment effect.

# Topic Groups # Contests

Treated (Pool) Control(Rank-order) Total
All contests with both streak
and accuracy implementations 32 84 1251 1335

Discarded due to
failure of common support 0 962 962

Unmatched implementations (due to
exact, caliper, or kNN restrictions) 10 232 242

Matched implementations 74 57 131

Table 6: Summary of matching process data sample

Table 7 confirms that matching procedure was successful in creating balanced sets of

treatment contests and counterfactuals. The SMD is at or below the threshold value of 0.1

for all covariates (Wang et al. 2013).

Before matching After matching
Variable 𝜇𝑇 𝜇𝐶 SMD 𝜇𝑇 𝜇𝐶 SMD

Process Contest duration (hrs) 14.86 20.37 -0.73 12.97 12.94 0.00
Total prize basket ($) 102.38 87.54 0.98 101.35 100.84 0.03

Restrictions Cap on # problem attempts* 305.26 2356.12 -1.91 191.11 196.62 -0.01
Per-question time limit (s)* 500,000 490,409 0.14 500,000 500,000 0.00

Environment Contest order 72.14 71.27 0.03 73.96 77.14 -0.10
Purpose: customer 0.98 0.96 0.12 1.00 1.00 0.00
Purpose: engagement 0.02 0.04 -0.12 0.00 0.00 0.00
Audience: cohort 0.00 0.15 -0.43 0.00 0.00 0.00
Audience: standard 1.00 0.85 0.43 1.00 1.00 0.00
Percentage “free" problems 0.26 0.34 -0.75 0.27 0.28 -0.05

*Contests with no cap are coded with a large value (10,000) for matching purposes only
*Contests with no per-question time limit are coded with a large value (500,000) for matching purposes

only

Table 7: Pre/Post-matching balance summary for contest-level covariates
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4.4.4 Effect estimation

After the matching process, we use regression methods to estimate treatment effects. Each

regression uses the trimmed dataset that resulted from matching, as well as the correspond-

ing matching weights. For each outcome variable, we use an appropriate regression method

based on the outcome variable distribution. The selected outcome distribution for each out-

come variable, chosen based on theoretical considerations and goodness-of-fit comparisons,

is summarized in Table 8.

Category Outcome variable Outcome distribution
Participation Participation Negative binomial

Normalized participation* Gamma
Avg. experience of participants (days) Gamma
Avg. past ranking of participants (%) Gamma
Avg. topic-specific experience (prob-
lems) Gamma

Engagement # problems completed Negative binomial
Avg. # problems completed per partic-
ipant Gamma

Engagement # excess responses Negative binomial
Avg. # excess responses per partici-
pant Normal

Median response duration (sec) Gamma
Avg. # points drawn per image Gamma
Winning percentage* Negative binomial

Performance Accuracy Normal
Accuracy of top performers Normal
% responses qualified* Normal

Speed Qualified response rate Gamma
Net labeling rate Gamma

*Transformed from percentage to rate over 100

Table 8: Statistical distributions used to model each outcome variable

Each regression takes the following general form:

𝑌𝑜,𝑘 ∼ 𝑓𝑜(𝜃𝑜,𝑘, 𝜎𝑜)

𝜃𝑜,𝑘 = 𝑔𝑜(𝑋𝑘, 𝛽𝑜)

where 𝑌𝑜,𝑘 represents the dependent variable for outcome variable 𝑜 and 𝑓𝑜(𝜃𝑜,𝑘, 𝜎𝑜)

represents the probability density function for the distribution corresponding to outcome 𝑜,

with 𝜃𝑜 representing the systematic component and 𝜎𝑜 representing the ancillary parameter(s)
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for the respective distribution (e.g., variance for Normal distribution, scale parameter for

Gamma distribution, etc.). 𝑋𝑘 refers to the 1 × 𝑛 covariate vector for contest 𝑘:

𝑋𝑘 = [1 𝑇𝑘 𝑋1,𝑘 𝑋2,𝑘 ... 𝑋(𝑛−2),𝑘]

while 𝛽𝑜 is a 𝑛 × 1 vector of corresponding coefficients.

For each regression, we are interested in the coefficient on the treatment indicator vari-

able. For outcomes that are normally distributed, this coefficient is equivalent to the desired

causal effect.

However, for non-normally distributed outcomes, the regression coefficient is uninfor-

mative with regard to the treatment effect. We use a simulation procedure developed by

King et al. (2000) and Imai et al. (2008b) to gain an estimate of the treatment effect (and

corresponding uncertainty measures) for these outcomes by comparing observed to imputed

potential outcomes (Imbens 2004).

Using each set of regression results as an input, we take the parameter vector, 𝛿 =[︁
𝛽𝑜, 𝜎𝑜

]︁
, and corresponding variance-covariance matrix, 𝑉 (𝛿), and use these to simulate a

new set of parameters, 𝛿 = [𝛽𝑜, 𝜎̃𝑜], from the multivariate normal distribution. The simulated

coefficients 𝛽𝑜 are combined with representative values of the contest-level covariates, 𝑋 ′
𝑘, to

compute new estimates of the systematic portion of the regression model. The values of 𝑋 ′
𝑘

are equivalent to those of 𝑋𝑘 (observed values of covariates) for elements 1 and 3 through 𝑛.

The second element of 𝑋 ′
𝑘, which corresponds to the treatment indicator 𝑇𝑘, is set to 0 or

1, depending on whether we aim to generate expected values of the outcome variable under

treatment or control. The simulated estimate of the systematic portion is given by:

𝜃𝑜,𝑘 = 𝑔(𝑋 ′
𝑘, 𝛽𝑜)

Finally, a simulated estimate of the outcome variable for each regression model is com-

puted by combining this simulated systematic portion with M draws from the distribution

that represents the outcome variable. We choose M = 1,000 for this step. These repeated

draws are necessary to account for fundamental uncertainty underlying the distribution of

outcome measure 𝑜–that is, chance events that are not captured in 𝑋𝑘, but may nevertheless
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affect the value of 𝑌𝑜,𝑘. For each 𝑛 = (1, ...,𝑀):

𝑌 𝑛
𝑜,𝑘 ∼ 𝑓(𝜃𝑜,𝑘, 𝜎̃𝑜).

We can obtain a single expected value of the outcome variable by taking the mean of

all M simulated values of the outcome variable to average over fundamental uncertainty:

Ẽ(𝑌𝑜) =

∑︀1000
𝑛=1 𝑌

𝑛
𝑜,𝑘

1000

This simulated expected value is designated as Ẽ(𝑌 𝑇𝑘=1
𝑜 ) or Ẽ(𝑌 𝑇𝑘=0

𝑜 ), depending on

whether it is calculated with 𝑇𝑘 counterfactually set to 1 or 0.

We repeat this simulation procedure 1,000 times, each time using a slightly different

subset of the data generated via nonparametric boostrapping. The 1,000 resulting estimates

serve as the sampling distribution for the expected value of each outcome.

We use this procedure to simulate the difference between the observed value of treated

observations and a simulated version of treated observations with the treatment variable

counterfactually switched from 1 to 0 (Ho et al. 2011, Imai et al. 2012, Choirat et al. 2020,

Imbens 2004), and with other covariates set to their observed values. The resulting simulated

quantity gives us an estimate of the Average Treatment value for the Treated for our sample,

defined as follows:

𝐴𝑇𝑇𝑜,𝑠𝑖𝑚 =
1

|𝑛1|

|𝑛1|∑︁
𝑘=1

[︁[︀
𝑌𝑜,𝑘 − Ẽ(𝑌 𝑇𝑘=0

𝑜 )
]︀
|𝑇𝑘 = 1

]︁
In Section 4.5, we present both the raw regression coefficients and the simulated value

of the treatment effect for each outcome variable.

4.4.5 Heterogeneous Treatment Effects

In order to understand how treatment effects differ across certain contest-level characteristics,

we compute heterogeneous treatment effects.

Given the nature of pool contests and our focus on earnings uncertainty, we are partic-

ularly interested in how treatment effects differ across the performance threshold for treated
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contests, as well as the size of the prize basket.

We use one of a class of “meta-algorithms" proposed by Künzel et al. (2019) for flex-

ibly estimating Conditional Average Treatment Effect (CATE)s. Specifically, we use the

S-Learner, which is comparable to the “imputation estimator" described by Abadie and

Imbens (2006).

In order to mirror the matched data sample as closely as possible, we use the trimmed

dataset that resulted from the matching process.

We begin by estimating a response function using all observations from the post-

matching dataset, 𝑓𝑜(𝜃𝑜,𝑘, 𝜎𝑜), using the distributions described in Table 8 and the same

covariates as in the main regression. We estimate the response function jointly (rather than

separately for treated and control observations) due to our limited sample size. The output

is a set of estimated coefficients, denoted by 𝛽𝑜. In order to impute the potential outcome

under control for treated contests, we combine these coefficients with the observed covariates

for treated contests, with the exception of 𝑇𝑘, which is counterfactually switched from 1 to

0. We therefore end up with

𝑌 0
𝑜,𝑘 = 𝑔𝑜(𝑋

′
𝑘, 𝛽

𝑇𝑘=0
𝑜 ) for 𝑘 ∈ 𝑛1

Using the imputation estimator, the estimated individual treatment effect for a partic-

ular treated contest is given by:

𝜏𝑜,𝑘 = 𝑌𝑘 − 𝑌 0
𝑜,𝑘 for 𝑘 ∈ 𝑛1

The subgroup-level effect, or Conditional Average Treatment Effect on the Treated, for sub-

group X (defined by a particular heterogeneity dimension) is therefore given by

𝜏𝑜,𝑋 =
1

|𝑛𝑋 |

|𝑛𝑋 |∑︁
𝑘=1

[𝜏𝑜,𝑘|𝑇𝑘 = 1, 𝑘 ∈ 𝑋]

where 𝑛𝑋 is the number of contests in subgroup 𝑋. In Section 4.5, we show the CATT

in the context of the distribution of individual contest-level individual treatment effects.
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4.5 Results

Below, we show the simulated ATT representing the effect of a pool contest on each outcome

measure.

4.5.1 Primary outcome metrics

Pool contests experience a significant and positive change in both the number and percentage

of responses which surpass a quality threshold, as shown in Table 9 and Figure 5. As

mentioned in earlier sections, these are the most important out of the outcome metrics, as

they determine the success of the labeling process.

Outcome Coeff. s.e. 𝑝

% responses qualified 11.15 1.15 <0.001
height# responses qualified 0.45 0.05 <0.001

Table 9: Coefficients, standard errors and 𝑝-values for the treatment variable for primary
outcomes

Figure 5: Simulated expected value of treatment effect for primary outcomes

4.5.2 Secondary outcome metrics

Participation

Pool contests attract a handful of additional participants, with the increase equal to ≈ 3−4%

of the participant population of an average rank-order contest; however, our results for
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Outcome Coeff. s.e. 𝑝
Participation 0.05 0.02 0.04

Norm. participation -0.02 0.03 0.48

Table 10: Raw regression coefficients for “participation" outcomes

normalized participation suggest that the participation increase may be explained by changes

in the underlying participant base.

Figure 6: Simulated expected value of treatment effect

Some additional information about participant background may help us further under-

stand the change in participation that occurs under pool contests. Out of 14,929 participants

in the original dataset, 9,265 (62%) responded to a survey gathering information about their

background and training. Figure 7 shows the average number of pool contests for each of

the medical backgrounds reported in the survey.

The low average values in the top half of Figure 7 reflect the large number of participants

who have not competed in pool contests. For the 936 survey respondents who completed at

least one pool contest (shown in Figure 6b), the average number of pool contests completed

per person ranges from less than three (for physician’s assistants and those with no medical

experience) to greater than 6 (for medical students and medical doctors), and ranges from

20-33% of all contests completed.

Though we did not include medical training level as an outcome measure due to missing

data for many participants, the relatively higher participation in pool contests of participants

with some level of medical training suggests that these contests may draw participants with

a higher level of overall familiarity (as represented by background/training).
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Figure 7: Average number of pool contests completed a) across all survey respondents and
b) across survey respondents with at least one pool contest
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Engagement

As expected, pool contests lead to an increase in engagement (conditional on participation),

as measured by aggregate number of problems completed in each contest (655 additional

problems, or a 27% increase relative to the mean control contest). This increase is driven by

an average 8.43 additional responses by all participants (18.8 % increase), combined with a

slight decrease in problems completed by participants who ultimately win prizes (this group

completes 2.65 fewer problems in pool contests than in rank-order contests, representing

a 3.3% decrease). This difference in conditional engagement of participants with different

skill levels may reflect participants putting in only the level of effort required to meet the

performance threshold; we expect this effort level to be higher for the average participant

compared to top performers.

Notably, the mean number of excess responses is negative for both pool and rank-order

contests in this sample, suggesting that a significant number of participants exit contests

without exerting sufficient effort to win a prize. Pool contests make participants more likely

to pass the minimum participation threshold, with participants completing an average of

4.27 additional excess responses—an increase of 19.3% relative to the mean control contest

value of -22.1. This increase in engagement, together with the improvements in accuracy

under pool contest (discussed in the next section), translates into an 18.5 percentage-point

increase in the percentage of participants winning prizes in pool contests—an increase of

118% relative to the mean control contest. Pool contests result in prizes being distributed

more widely, which is unsurprising given that the number of prizes awarded is endogenous.

Pool contests lead participants to draw an average of 1.79 fewer number of points drawn

on each image (a 3.5% decrease relative to the mean control contest). However, there is no

significant change in the amount of time spent on each response.
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Outcome Coeff. s.e. 𝑝
# problems completed 0.24 0.04 <0.001

Avg. # problems completed per participant -0.004 0.04 <0.001
# excess responses 0.35 0.10 <0.001

Avg. # excess responses per participant 4.26 1.33 0.002
Median response duration (sec) -0.002 0.001 0.2
Avg. # points drawn per image 0.002 0.0007 0.01

Winning percentage 1.76 0.11 <0.001

Table 11: Raw regression coefficients for “engagement" outcomes

Figure 8: Simulated expected value of treatment effect

Performance

Pool contests have mixed effects on accuracy: they result in an increase of 7.5 points across

all participants (an increase of 16.8% compared to the mean control contest). However,
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accuracy of prizewinners is an average of 5.2 points lower (a 7% decrease) in pool contests.

This is consistent with the descriptive trend shown in Figure 1, and is likely related to the

less competitive nature of pool contests (as participants are not competing against other

participants for limited prize spots), as well as the fact that the threshold for winning a prize

is known in advance (which incentivizes participants to target this score and then stop after

reaching it).

Outcome Coeff. s.e. 𝑝
Accuracy 7.52 0.80 <0.001

Accuracy of top performers -5.19 0.77 <0.001

Table 12: Raw regression coefficients for “performance" outcomes

Figure 9: Simulated expected value of treatment effect

While the decrease in average scores for top performers is in line with our directional

prediction for performance, the efforts of lower-ranked participants is sufficient to make up

for this decrease, causing the overall increase in accuracy as well as an 11.1 percentage-point

increase (an increase of 29.9% compared to the mean control contest) in the percentage of

responses that pass a contest-specific quality threshold.

Speed

In order to evaluate how pool contests affect the velocity of contest activity, we measure 1)

the production rate of qualified responses, and 2) the number of consensus labels produced

per hour. We measure the labeling rate using a subset of the original data; specifically, we

focus on contests which were not run simultaneously with any other contest drawing from the
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same problem pool, since this allows us to isolate the contest’s contribution to the consensus

labels for any given problem.

Outcome Coeff. s.e. 𝑝
Net labeling rate -0.07 0.04 0.07

Qualified response rate -0.02 0.005 0.001

Table 13: Raw regression coefficients for “speed" outcomes

Pool increase the speed of producing qualified responses by 3.29 responses per hour (a

27.4% increase relative to the mean control contest), but do not change the rate of problems

achieving consensus status. This may be due to the fact that the performance thresholds

drive some participants (particularly top performers) to target a lower level of accuracy than

they would have attained in a rank-order contest.

Figure 10: Simulated expected value of treatment effect

4.5.3 Effect heterogeneity

As discussed in section 4.4.5, we use the S-Learner procedure to determine whether the

observed treatment effects vary based on the size of the prize basket or the level of the

performance threshold. As summarized in Table 14, differences in performance threshold

explain some of the differences in effect on performance outcomes, which is in line with our

predictions. Treatment effects for outcomes from the participation, performance, and speed

categories are heterogeneous across contests with different values of the prize basket size.

The (negative) effect on accuracy for top performers is driven by contests with the

lowest performance threshold values (85%). This is in line with our predictions; as pictured

in Figure 1, the median accuracy of top-ranked participants in rank-order contests is well
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Heterogeneity dimension

Outcome category Effect of pool contest Performance threshold Prize basket size

Participation Attracts different mix of participants:
newer, low-performers

Engagement Higher # completed problems,
but fewer points drawn per image

Performance
Increased accuracy

and % qualified responses,
but lower accuracy for top performers

Speed More qualified responses, but same
number of # labels per hour

Table 14: Summary of effect heterogeneity.
Table Notes: checkmark denotes that the treatment effect varies along the corresponding heterogeneity

dimension.

above 90% (and for first-prize winners, above 95%), meaning that these top performers could

still expect to win prizes in pool contests with a low performance threshold even with a lower

level of accuracy (and, presumably effort) than produced in comparable rank-order contests.

Contests with lower performance thresholds result in a higher percentage of participants

winning prizes, as expected, while contests with higher thresholds see no change in the

percentage of prizewinners.

Figure 11: Conditional ATT based on minimum prize value
Figure Notes: Point represents Conditional ATT, and lower/upper bounds represent the 2.5th/97.5th

percentiles of contest-level individual treatment effects

Several outcome measures exhibit heterogeneity based on prize basket size. Other than

one contest with a basket size of $60 (which we do not display here due to small sample

size), the vast majority of contest have a basket size of $100 or $120.

The increase in accuracy and the increase in percentage of qualified responses are more

pronounced in contests with larger baskets. This could be due to a combination of higher

131



thresholds and participants being motivated to exert greater effort given higher expected

earnings.

The increase in the percentage of participants who earn prizes is reversed in contests

with larger prize baskets, perhaps reflecting the positive relationship between prize basket

value and performance threshold in pool contests.

Figure 12: Conditional ATT based on minimum prize value
Figure Notes: Point represents Conditional ATT, and lower/upper bounds represent the 2.5th/97.5th

percentiles of contest-level individual treatment effects

4.6 Discussion & Concluding Remarks

Our results are summarized in Table 15:

Overall, our analysis has demonstrated that pool contests incentivize participants to

target their efforts in a manner that is consistent with meeting performance thresholds.

The overall result is a positive for the platform: the number and percentage of responses

exceeding a quality threshold both increase.

Pool contests also induce a greater number of participants to surpass the minimum

132



Outcome variable Control
Mean

Impact of
streak

metric (+/-)*

Deg.
significance Heterogeneity?

Participation 54.2 5.3% (+) **
Normalized participation 0.78 % None
# problems completed 2,404 27.2% (+) ***

Avg. # problems
completed / participant 44.95 18.8% (+) ***

# excess responses 296.7 44.7% (+) ***
Avg. # excess

responses / participant -22.1 19.3% (+) ***

Median response duration 29 None
Avg. # points drawn / image 51.41 3.5% (-) ***

Winning percentage 15.7 117.8% (+) ***

Greatest improvement in
low-threshold contests;

effect reversed in
large-basket contests

Accuracy 44.74 16.8% (+) *** Greatest improvement in
large-basket contests

Accuracy of top performers 73.95 7% (-) *** Greatest decline in
low-threshold contests

% responses qualified 37.1 29.9% (+) *** Greatest improvement in
large-basket contests

Qualified response rate 12 None () *** N/A
Net labeling rate 17.8 None () * N/A

Table 15: Summary of results.
Table Notes: *(+) indicates an improvement relative to the control mean, while (-) indicates decline.
**Three stars indicate significance at 𝛼 = 0.01, two stars indicate significance at 𝛼 = 0.05, and one star

indicates significance 𝛼 = 0.1
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participation threshold and increase accuracy for the average participant. The result is that

a higher percentage of participants are rewarded with prizes in pool contests (particularly

those with lower performance thresholds). For the vast majority of participants, these prizes

are higher than what they would have earned in a rank-order contest. As a side effect,

pool contests also cause a flattening of performance: by reducing the average performance

of prizewinners and increasing the average performance of the general participant base, they

reduce the differential in performance across the two groups.

From the organizers’ perspective, the choice of performance threshold is an important

parameter, since this threshold serves as a reference point for participants as they decide

how much effort to expend. Performance thresholds are particularly important in guiding the

behavior of skilled participants; contests with higher thresholds are able to produce accuracy

levels comparable with those of the top performers in rank-order contests. The performance

threshold (and other restrictive measures) thus play an important role in aligning the goals

of individual participants with those of the contest organizers. Critically, if performance

thresholds are set too low, they may “crowd out” the effort that participants may have

exerted in a competitive rank-order contest.

From a behavioral perspective, there are multiple potential explanations for the observed

changes in behavior under pool contests. One possibility is that participants are displaying

inequality aversion, or a preference for “fair" contests in which all participants receive prizes

of the same value. In nearly all cases in our sample, moving from a rank-order contest to a

pool contest involves moving from unequal to equal prizes. Given the sample size limitations

in our setting, we are unable to directly evaluate this theory by comparing participation and

effort in rank-order contests with equal versus unequal prizes. We are therefore unable to

disentangle any effect inequality aversion from participant calculations based on additional

expected earnings. However, a fairness-based explanation would not be sufficient to fully

explain the differences in effect for average versus top performers.

A second possibility is that the apparent change in information disclosure policy (i.e.,

a known versus an unknown number of winners) creates an ambiguity effect. However, we

would expect participants with ambiguity aversion to shy away from pool contests. Instead,

the targeted movement towards these contests suggests that these contests are considered to

134



be more favorable, despite the uncertainty surrounding payoff amounts.

A final possibility is that the change in behavior results from the simple fact of the prize

structure changing from exogenous (in the rank-order contest) to endogenous (in the pool

contest), which gives participants a greater measure of control over their eventual payoff and

makes the relationship between engagement and expected earnings more salient.

This paper has provided empirical analysis of an alternative prize structure which is not

frequently studied in the contest theory literature, but which has many potential applications.

The ability to induce effort from participants by promising them an unknown share of a prize

pool, particularly in the face of negative spillovers due to competitive effort, is powerful

when combined with carefully selected performance thresholds. Pool contests also have

equity implications, given their ability to spread prizes over a larger group without negative

impact on overall quality or speed. Future experimental analysis of similar settings will help

researchers to precisely identify the behavioral biases influencing individual decision-making

in pool contests.
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4.7 Appendix

4.7.1 Alternate matching results

The tables below present matching results for outcomes which are only relevant for a subset

of the full dataset.

Many outcomes are only relevant for contests with positive participation, and thus have

a sample size of n = 1291. One outcome (avg. past ranking of participants) excludes one

additional observation, and thus has sample size n = 1290. Matching results and balance

statistics for outcomes with sample size 1290 or 1291 are presented in Tables 16 and 17.

# Topic Groups # Contests

Treated (Pool) Control(Rank-order) Total
All contests with both streak
and accuracy implementations 32 84 1207 (1206) 1291 (1290)

Discarded due to
failure of common support 0 937 (936) 937 (936)

Unmatched implementations (due to
exact, caliper, or kNN restrictions) 10 213 223

Matched implementations 74 57 131

Table 16: Summary of matching process data sample for outcomes with n = 1291 (1290)

One outcome, “accuracy for top performers", is only relevant for contests in which at

least one participant met the criteria for earning a prize. The analysis for this outcome

is thus based on a dataset of size 1276. Matching results and balance statistics for this

subsample are presented in Tables 18 and 19.

Finally, one outcome (net labeling rate) uses a subset of the data consisting of contests

that do not overlap temporally with other contests in the same topic group, as these are

the contests for which we can isolate their contribution to the labeling rate. For this data

subset we modify the matching procedure slightly due to the smaller data size. We require

exact matching on topic group, a discretized version of basket size, a discretized version of

contest order, and a binary indicator of a cap on permitted problems. Within each strata we

perform k-nearest neighbor matching with k = 8 and with nearest neighbors selected based

on Mahalanobis distance. We also use calipers to restrict the distance between treated and

matched control contests on contest duration (4hrs) and percentage of free problems (5.3
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Before matching After matching
Variable 𝜇𝑇 𝜇𝐶 SMD 𝜇𝑇 𝜇𝐶 SMD

Process Contest duration (hrs) 14.86 20.53 -0.75 12.97 12.94 0.00
(20.48) (-0.74)

Total prize basket ($) 102.38 87.63 0.98 101.35 100.84 0.03
(87.66)

Restrictions Cap on # problem attempts* 305.26 2321.25 -1.88 191.11 196.62 -0.01
(2314.88)

Per-question time limit (s)* 500,000 490,059 0.15 500,000 500,000 0.00
(490,051)

Environment Contest order 72.14 71.74 0.01 73.96 77.14 -0.10
(71.8)

Purpose: customer 0.98 0.96 0.13 1.00 1.00 0.00
(0.12)

Purpose: engagement 0.02 0.04 -0.13 0.00 0.00 0.00
(-0.12)

Audience: cohort 0.00 0.15 -0.43 0.00 0.00 0.00
Audience: standard 1.00 0.85 0.43 1.00 1.00 0.00
Percentage “free" problems 0.26 0.34 -0.73 0.27 0.28 -0.05

(-0.74)
*Contests with no cap are coded with a large value (10,000) for matching purposes only

*Contests with no per-question time limit are coded with a large value (500,000) for matching purposes
only

Table 17: Pre/Post-matching balance summary for contest-level covariates (n = 1291 (1290))

# Topic Groups # Contests

Treated (Pool) Control(Rank-order) Total
All contests with both streak
and accuracy implementations 32 75 1201 1276

Discarded due to
failure of common support 0 931 931

Unmatched implementations (due to
exact, caliper, or kNN restrictions) 7 214 221

Matched implementations 68 56 124

Table 18: Summary of matching process data sample for outcomes with n = 1276

Before matching After matching
Variable 𝜇𝑇 𝜇𝐶 SMD 𝜇𝑇 𝜇𝐶 SMD

Process Contest duration (hrs) 14.93 20.51 -0.74 13.12 13.12 0.00
Total prize basket ($) 102.67 87.78 0.93 101.47 100.85 0.04

Restrictions Cap on # problem attempts* 319.93 2323.61 -1.77 192.57 194.85 -0.00
Per-question time limit (s)* 500,000 490,010 0.15 500,000 500,000 0.00

Environment Contest order 72.81 72.07 0.02 74.75 77.17 -0.08
Purpose: customer 0.97 0.96 0.10 1.00 1.00 0.00
Purpose: engagement 0.03 0.04 -0.10 0.00 0.00 0.00
Audience: cohort 0.00 0.15 -0.43 0.00 0.00 0.00
Audience: standard 1.00 0.85 0.43 1.00 1.00 0.00
Percentage “free" problems 0.29 0.34 -0.71 0.29 0.29 0.04

*Contests with no cap are coded with a large value (10,000) for matching purposes only
*Contests with no per-question time limit are coded with a large value (500,000) for matching purposes

only

Table 19: Pre/Post-matching balance summary for contest-level covariates (n = 1276)
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percentage points). Matching results and balance statistics for this subset, which consists of

881 contests, are in Tables 20 and 21.

# Topic Groups # Contests

Treated (Pool) Control(Rank-order) Total
All contests with both streak
and accuracy implementations 32 60 821 881

Unmatched implementations (due to
exact, caliper, or kNN restrictions) 13 763 776

Matched implementations 47 58 105

Table 20: Summary of matching process data sample for outcomes with n = 881

Before matching After matching
Variable 𝜇𝑇 𝜇𝐶 SMD 𝜇𝑇 𝜇𝐶 SMD

Process Contest duration (hrs) 14.57 19.22 -0.74 14.00 13.87 0.02
Total prize basket: under $30 0.00 0.02 -0.14 0.00 0.00 0.00
Total prize basket: $31 to $75 0.02 0.17 -1.21 0.00 0.00 0.00
Total prize basket: $76 to $100 0.82 0.56 0.66 0.83 0.83 0.00
Total prize basket: $101+ 0.17 0.25 -0.22 0.17 0.17 0.00

Restrictions Cap on # problem attempts* 355 2030.88 -1.32 191.49 186.17 0.00
Per-question time limit (s)* 500,000 486,604 0.17 500,000 500,000 -0.00

Environment Contest order decile 5.32 5.77 -0.25 5.32 5.32 0.00
Purpose: customer 0.98 0.95 0.29 1.00 1.00 0.00
Purpose: engagement 0.02 0.05 -0.29 0.00 0.00 0.00
Audience: cohort 0.00 0.04 -0.22 0.00 0.00 0.00
Audience: standard 1.00 0.96 0.22 1.00 1.00 0.00
Percentage “free" problems 0.26 0.33 -0.71 0.28 0.27 0.10

*Contests with no cap are coded with a large value (10,000) for matching purposes only
*Contests with no per-question time limit are coded with a large value (500,000) for matching purposes

only

Table 21: Pre/Post-matching balance summary for contest-level covariates (n = 881)
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Chapter 5

Conclusion

5.1 Managerial Insights

The results presented in the preceding chapters provide insight into a small but important

subset of the rapidly-expanding class of “informal supply chains" which operate without the

constraints that govern traditional supply chains for products and services.

In the absence of formal ties, interpersonal relationships—and the implicit norms driving

them—can often serve as the foundation of connections between supply chain actors. Chapter

2 shows that in the retail industry, these relationships are in fact pivotal to the performance

of more vulnerable supply chain partners.

Contracts have often been used to send signals about private information (such as skill

level or value) and coordinate the behavior of supply chain actors. In their absence, other

tools are needed to induce desired behavior from upstream or downstream supply chain

partners. Chapters 3 and 4 demonstrate that building incentives into contest compensation

mechanisms can serve as an effective method of coordinating the participation and effort

investment decisions of a large (potentially infinite) number of suppliers with heterogeneous

backgrounds.

Informal supply chains often involve individuals or organizations that might have been

excluded from participating in more formal supply chain arrangements (e.g., due to lack of

proper credentials or documentation). As such, this dissertation and other research that
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explores potential levers for improved performance of informal supply chains may inform the

many newly emerging and continuously evolving methods for organizing work and workers,

particularly with the use of digital platforms.

5.2 Future Research Directions

In the retail sector, informality is likely a long-term, if not permanent, feature that distribu-

tors and manufacturers will need to navigate if they wish to reach customers at the Base of

the Pyramid or other hard-to-reach populations. While our research in Chapter 2 focused

on relationships with the retailers closest to these consumers, future research would benefit

from collecting data directly from consumers to understand the factors driving their pur-

chase decisions. Future research may also build on our findings about the disproportionate

importance of relationships for informal retailers by testing various strategies for mitigating

unavoidable disruptions to close business relationships.

Our work in Chapters 3 and 4 relied on assumptions about user motivations for par-

ticipating in crowdsourcing contests. In future research, we plan to explore patterns of

platform behavior to infer whether participants’ “revealed motivations" are consistent with

these assumptions (and with participants’ stated motivations).

Chapters 3 and 4 took a cross-sectional approach to evaluating performance at a plat-

form level, which did not allow us to draw conclusions about how skill levels and performance

change over time (i.e., learning). In future research we hope to be able to produce more

insights by analyzing behavior at the user level.

From a methodological standpoint, this dissertation consists of observational studies

based on historical data provided by research partners. While we were able to draw mean-

ingful insights using quasi-experimental empirical methods, future research may be able to

more precisely identify the behavioral mechanisms underlying participant decisions through

the use of experimental methods.

In summary, many new directions remain to be explored in the realm of informal supply

chains. We hope, through future research, to continue to develop actionable insights about

these nontraditional, but potentially powerful, channels for delivery of products and services.
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