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Abstract. The gig economy provides workers with the benefits of autonomy and flexibility 
but at the expense of work identity and coworker bonds. Among the many reasons why 
gig workers leave their platforms, one unexplored aspect is the lack of an organization 
identity. In this study, we develop a team formation and interteam contest field experiment 
at a ride-sharing platform. We assign drivers to teams either randomly or based on similar-
ity in age, hometown location, or productivity. Having these teams compete for cash 
prizes, we find that (1) compared with those in the control condition, treated drivers work 
longer hours and earn 12% higher revenue during the contest; (2) the treatment effect per-
sists two weeks postcontest, albeit with half of the effect size; and (3) drivers in hometown- 
similar teams are more likely to communicate with each other, whereas those in age- 
similar teams continue to work longer hours and earn higher revenue during the two 
weeks after the contest ends. Together, our results show that platform designers can lever-
age team identity and team contests to increase revenue and worker engagement in a gig 
economy.
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1. Introduction
As trends in work sourcing move the world toward a gig 
economy, this economy is widely considered to be the 
future face of work despite questions about its sustain-
ability (Ravenelle 2019). Whereas workers in traditional 
sectors derive their identities from their work and share 
their experiences with coworkers, those whose liveli-
hood relies on the gig economy often find that “these are 
jobs that don’t lead to anything,” citing a lack of work 
identity or bonds with coworkers as well as an inability 
to move upward even with strong performance (Heller 
2017). Ride-sharing platforms, in particular, such as 
Uber, experience especially high attrition rates (Scheiber 
2017). This study examines one reason why gig workers 

leave their platforms: the lack of an organization 
identity.

The Covid-19 pandemic created a work structure that 
placed many workers in a work-from-home scenario 
susceptible to the same issues related to the lack of 
in-person interaction for those in a gig economy. In Sep-
tember 2021, 45% of full-time U.S. employees worked 
from home either all or part of the time (Saad and Wigert 
2021). This trend continues into 2022. Given that we 
expect at least some portion of this remote work to con-
tinue in the future, an important question is how organi-
zations can help their workers create and maintain 
positive work-related social connections when working 
remotely.
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To analyze how work connections are impacted in the 
gig economy and remote work, we apply social identity 
theory (Tajfel et al. 1971, Tajfel and Turner 1979, Akerlof 
and Kranton 2000) to a large gig platform (the platform 
henceforth), on which individual drivers offer ride- 
sharing services in the Asia-Pacific region, Africa, and 
Latin America. Specifically, we design a field experiment 
to study team formation and interteam contests within 
the platform. In our experiment, we examine the impact 
of the creation of a team identity on individual driver 
revenue. Furthermore, we make use of the flat organiza-
tion structure of the platform to investigate how different 
team formations impact team member communication 
and productivity.

Our research applies insights from the social psychol-
ogy (Tajfel et al. 1971, Tajfel and Turner 1979, Brewer 
1999) and behavioral economics literature on identity 
(Akerlof and Kranton 2000, 2010). This research shows 
that, when people feel a stronger sense of common iden-
tity with a group, they exert higher effort and make more 
contributions to public goods to reach a more efficient 
outcome in the laboratory. This result holds for identities 
that are induced (Eckel and Grossman 2005, Charness 
et al. 2007, Chen and Chen 2011) or natural (Goette et al. 
2012, Chen et al. 2014). Moving from the laboratory to 
the field, results are mixed. In an early public goods field 
experiment, Erev et al. (1993) use team competition in 
fruit harvesting and find that team competition increases 
productivity. Likewise, Ai et al. (2016) report the results 
of a large-scale field experiment designed to test the 
hypothesis that team membership can increase prosocial 
lending in an online microfinance community, Kiva.org. 
They find that team recommendations increase the likeli-
hood that a lender joins a team and joining a team 
substantially increases postintervention lending. In an 
American Red Cross field experiment, Kessler and Milk-
man (2018) show that individuals are more likely to 
donate when a facet of their identity associated with the 
generosity norm is primed, illustrating the practical use 
of identity primes to encourage public good provision. 
However, in another study, Gee et al. (2020) randomly 
assign potential donors into teams with varying within- 
team social distances and find no evidence that reduced 
social distance increases giving. In a recent survey of the-
oretical and experimental identity-economics research, 
Charness and Chen (2020) conclude that identity-based 
teams in the field might be a useful behavioral mecha-
nism to increase prosocial behavior. Applying this 
framework to our setting, we anticipate that a driver 
with a stronger sense of team identity works harder to 
help the team get ahead compared with drivers who do 
not belong to any team (Brewer and Silver 2000).

In examining how different team formations may 
have different effects on communication and coordina-
tion, we use an algorithm that maximizes either similarity 
or diversity within a team. We conjecture that similarity 

might facilitate team-member communication and coor-
dination, leading to intrateam bonding and team stabil-
ity (Kim and Aldrich 2002, Ruef et al. 2003). Indeed, 
empirical network science studies provide evidence for 
the phenomenon of homophily or the tendency of peo-
ple to associate with others whom they perceive as simi-
lar to themselves in some way (McPherson et al. 2001, 
Girvan and Newman 2002). By contrast, we conjecture that 
diversity might bolster team performance because of dif-
ferent perspectives in problem-solving and better com-
plementarity among team members (Krishnan et al. 
1997, Page 2007). Thus, the effect of team composition 
on performance is an empirical question.

In addition to examining different team-formation 
algorithms, we draw on insights from contest theory 
(Konrad 2009, Vojnović 2016) and experiments (Shere-
meta 2018) to evaluate differences in contest outcomes 
based on contest structure as team contests are shown to 
be among the most effective ways to strengthen team 
identity in the laboratory (Eckel and Grossman 2005).

Finally, our work contributes to the rapidly growing 
literature on the gig economy and ride sharing in partic-
ular, which has uncovered important insights related to 
labor market outcomes (Hall and Krueger 2018, Jackson 
et al. 2017), the value of flexible work (Chen et al. 2019), 
consumer surplus (Cohen et al. 2016), and decentralized 
dynamic matching efficiency (Liu et al. 2019). Our find-
ings contribute to this stream of research by showing 
that a team-based approach can significantly increase 
drivers’ revenue, bonds with coworkers, and team iden-
tities. More broadly, our research demonstrates the value 
of a social-relational approach in integrating teams and 
social relationships into the gig economy.

2. Experiment Design
To test the effectiveness of team formation and interteam 
competition on productivity, we design a multistage nat-
ural field experiment using the ride-sharing platform. 
Founded in 2012, the platform is the dominant ride- 
sharing company in Asia. The platform employs more 
than 31 million drivers globally and offers app-based 
transportation options for 550 million users across Asia, 
Latin America, and Australia, making it the largest ride- 
sharing platform in the world.1 In China, the platform 
driver base is largely composed of workers laid off from 
their traditional jobs, veterans, migrant workers from 
rural areas, and workers who offer rides during their 
daily commute to their job. On the platform, drivers 
receive 81% of the revenue they generate and give the 
remaining 19% to the platform.

The platform is not immune to the low engagement 
problem faced by other gig economy platforms (Ravenelle 
2019). To assess the effects of team contests on driver 
engagement levels, we collaborate with the AI Labs of 
the platform to conduct our field experiment. Our 
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experiment consists of three stages: recruitment, team 
formation, and team contest. In what follows, we pre-
sent our design choices in each stage.

2.1. Recruitment and Power Analysis
We conduct our experiment in the summer of 2017 in the 
southern city of Dongguan, which has 480,000 registered 
drivers. We select our pool of drivers based on their pro-
ductivity in a two-week period (July 18–31, 2017) prior to 
the announcement of the contest, using the following 
two criteria to filter the drivers. First, the driver has fin-
ished one or more trips on at least five weekdays and 
two weekend days during the two-week period. Second, 
the driver finishes five or more trips on average on the 
days the driver works during the two-week period. This 
filtering process yields a total of 28,394 eligible drivers. 
From this pool, we randomly select 24,000 drivers to 
receive a text message invitation. The remaining 4,394 
drivers compose our no-contact group.

To determine the number of drivers needed in our 
experiment, we use the observational data from 9,000 
randomly selected drivers who participated in a team 
contest organized by the platform in Beijing in late Janu-
ary and early February 2017.2 We find that drivers in that 
random sample complete, on average, 11.7 trips per day 
(σ � 4:7) during the contest period. Based on their perfor-
mance before and during the contest, we expect an effect 
size of 10% (δ � 1:17). Setting α � 0:05 and β � 0:10 (90% 
power) requires us to have 340 drivers per experimental 
condition, assuming equal variance across experimental 
conditions (List et al. 2011). As each team has seven dri-
vers, the number of drivers per treatment should be a 
multiple of seven. This leads us to selecting a sample size 
of 350 drivers per experimental condition.

We elicit participation interest by sending each poten-
tial participant a text message. In each text message, we 
ask if the driver would like to register for a team contest 
in which the driver might find new friends and earn 
1,000 Chinese Yuan (CNY) or more together as a team if 
they win.3 Additionally, we ask if a driver is interested in 
becoming a team captain and earning an additional 100 
CNY upon fulfillment of the captain’s duties. Our 
announcement received 2,343 positive responses, 531 of 
which were interested in being a team captain. These text 
messages are included in the Electronic Companion Sec-
tion EC.1.

We implement a 5 × 3 factorial design in two stages. In 
the next two sections, we explain each factor and our ran-
domization procedures. Figure 1 presents an overview 
of the experimental procedure.

2.2. Team Formation
Our experiment consists of two levels of randomization. 
First, we randomize our 2,343 positive responses into 
seven groups: 1,750 drivers are randomized into one of 
five team-formation algorithms, each of which contains 

350 drivers (groups 1–5). These drivers are subsequently 
partitioned into teams of seven (250 teams in total). Note 
that 350 drivers are randomized into the control group 
(group 6). These drivers are not placed in a team. During 
the contest period, they continue to earn piece rate. The 
remaining 243 drivers serve as backups in case drivers in 
the treatments drop out before the start of the contest 
(group 7). Indeed, in our experiment, 15 drivers were 
reported by their captains as not responsive or no longer 
available for the contest. We mark these 15 drivers as 
“dropouts” and replace them with similar drivers from 
the backup group.4

The pseudocode for our team-formation algorithm is 
presented as Algorithm 1 in Section EC.4 and briefly 
described as follows. We first randomly assign the 2,343 
drivers into seven groups (five team-formation algo-
rithms, the control group, and the backup group). We 
repeat the random assignment until the following condi-
tions are satisfied: (1) covariates are balanced across con-
ditions, (2) each team-formation algorithm contains 
enough volunteers willing to serve as captains, and (3) 
the demographic distribution meets the requirement of 
each team-formation algorithm, for example, age simi-
larity. We then group drivers in each treatment into 50 
teams. We choose five team-formation algorithms based 
on similarity or diversity considerations. In what fol-
lows, we describe the rationale and implementation for 
selecting each team-formation method.

Our first condition, hometown similarity, is based 
on previous findings that location similarity is the most 
effective characteristic in motivating a microfinance com-
munity member to join a specific lending team (Ai et al. 
2016). In our study, we use hometown similarity, a form 
of location similarity, by assigning drivers from the same 
(or a nearby) province to the same team. Prior studies 
indicate that hometown location is a salient identity 
among migrant workers in China (Zhang and Xie 2013). 
We partition the drivers into teams to ensure the seven 
drivers in the same team are all from the same (or a 
nearby) province.

Our second condition, age similarity, is based on prior 
research illustrating that age cohorts, such as the genera-
tion born in the 1980s, are meaningful identity groups in 
China. Those within these age cohorts are linked by their 
common socialization experiences (Harmel and Yeh 
2015). Therefore, we form our age-similar teams to reflect 
an age span of five years, for example, 1980–1984, 
1985–1989, with the exception of the 1960–1969 cohort, 
which spans a decade because of the relatively lower 
number of drivers born in the 1960s in our sample. 
Within each age cohort, we randomize the drivers into 
teams of seven. We randomize several times until we 
reach a partition that ensures at least one driver in each 
team has volunteered to be a team captain.

Third, we include productivity similarity as one of our 
algorithms as it is the preferred team formation algorithm 
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by the platform. For this condition, we partition the 350 
drivers into 10 buckets (35 each) based on their number 
of trips completed in the two weeks prior to the 
announcement of the team contest. Within each bucket, 
we randomize the drivers into teams of seven. We ran-
domize several times until we reach a partition that 
ensures at least one driver in each team has volunteered 
to be a team captain.

Fourth, we draw on recent scholarly research support-
ing the advantages of diversity (Page 2007) and use two 
strategies to create diverse teams. To achieve productiv-
ity diversity in our teams, we partition the 350 drivers 
into seven buckets based on their number of trips com-
pleted in the two weeks prior to the announcement of 
the team contest in our experiment. We then randomly 
select one driver from each bucket to form a team. We 
randomize several times until we reach a partition that 
ensures at least one driver in each team has volunteered 
to be a team captain. Therefore, each team consists of dri-
vers from all seven buckets.

Our final algorithm, random formation, reflects the 
diversity achieved from a random grouping of drivers. 
For this condition, we randomly partition the drivers 
into teams of seven and repeat the randomization until 
at least one driver in each team has volunteered to be a 
team captain.

In sum, our team formation stage yields a total of 1,750 
treatment drivers formed into 250 teams with seven dri-
vers in each team and 50 teams in each treatment. As we 
have 531 volunteers for 250 captain positions, we ran-
domly select one volunteer to be the captain whenever a 
team has more than one volunteer. This randomization 
enables us to estimate the effect of being a captain on pro-
ductivity and other metrics.

Table 1 provides the summary statistics by experimen-
tal condition and reports our randomization checks. 
From Table 1, we see that our drivers, on average, are 35 
years old, have been driving for the platform for 10 
months, are predominantly male (98%), and are from 
different regions with a quarter of them from Dongguan. 
Joint orthogonality tests between the treatment and con-
trol conditions indicate that this level of randomization 
yields balanced experimental groups (p> 0.10). Note that 
the no-contact condition is not part of the experiment. 
Comparing our no-contact group with both our control 
and treatment groups, we find that the no-contact drivers 
earn significantly less revenue than the participants in 
our experiments (p < 0.001, t-test), indicating that the dri-
vers who sign up for our contests are highly selected.

2.3. Team Contest Rules
Our contest rules are based on the structures of team con-
tests within inherently individualistic sports, such as ten-
nis and chess, in which team outcomes are determined 
by multiple pairwise battles. Specifically, we set up a 
contest in which drivers from two rival teams form pair-
wise matches to engage in distinct component battles. 
Within each team, we use an algorithm to automatically 
rank drivers by their number of trips completed in the 
two weeks prior to the announcement of the contest and 
pair the most productive driver in team A with the most 
productive one in team B and so on. In this contest, a 
team wins if and only if its drivers win a majority of their 
battles. This team contest format is often deployed in 
table tennis and badminton competitions, both of which 
are sports that are popular in China and with which our 
drivers are familiar. Fu et al. (2015) provide a theoretical 
analysis of this type of team contest under complete 

Figure 1. (Color online) Experimental Procedure 
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information and sequential moves. In our ride-sharing 
context, because we conduct a field experiment, our dri-
vers also earn their piece rate in addition to any prize 
money. Furthermore, each driver finds out about the 
outcome at the end of the contest day, making our con-
test an incomplete-information, simultaneous-move 
team contest. Finally, as there is some randomness in 
which revenue depends on effort, we model the contest 
as a rank order tournament (Lazear and Rosen 1981) in 
our theoretical framework in Section EC.5. While these 
features differ from the settings in Fu et al. (2015), their 
theoretical analysis is one of the reasons for us to choose 
this contest format.

Table 2 illustrates the prize structure in each of the 
individual, group, and hybrid prize allocation condi-
tions. Under the individual prize condition, the driver 
who wins the contest receives a 30 CNY prize regardless 
of team performance. Under the group prize condition, 
each driver in a team that wins a majority (four or more) 
of its contests receives a 30 CNY prize. Under the hybrid 
prize condition, drivers receive both individual and 
group prizes of 15 CNY each. The prizes are set such that 
the expected reward per driver remains the same across 
treatments, which is 15 CNY under the symmetry 
assumption. The allocation rules are explained in the 
newsletter released to the drivers prior to the contest (see 
Section EC.3 for the full-text translation of the newslet-
ters). Finally, each contest consists of seven component 
battles, in which the drivers compete based on the num-
ber of trips they finish in one day of competition. 
Whereas revenue is the outcome that both drivers and 
the platform seek to maximize, prior to our experiment, 
the platform was also using the number of trips as the 
outcome metric for any additional incentives or bonuses, 
primarily for simplicity. Therefore, we use the number of 
trips as our outcome measure in the experiment, which 
is highly correlated with revenue.

Our second level of randomization assigns teams to 
prize structures. The pseudocode for this algorithm is 

presented as Algorithm 2 in Section EC.4. We first ran-
domly assign each of the 250 teams into one of three prize 
structures, checking that each prize structure has an 
even number of teams and the covariates are balanced. 
The process repeats until both conditions are satisfied. 
Next, for each prize structure, we randomly select two 
teams from the same team formation algorithm and pair 
them together. We repeat this process until there are no 
more remaining teams constructed via the same team- 
formation algorithm. Of the 250 teams, 222 (89%) are 
paired with a team from the same team-formation algo-
rithm. We randomly match the remaining 28 teams 
(11%) into pairs.

Table 3 presents the summary statistics and balance 
tests by prize structure. From Table 3, we see that the 
covariates are balanced across control and prize struc-
ture conditions. We present the 5 (team formation algo-
rithms) × 3 (prize structures) design, summary statistics, 
and balance tests in Table EC.1, Section EC.6. These sta-
tistics show that covariates are balanced except for the 
proportion of local drivers from Dongguan (“Local”). In 
all subsequent analyses, we control for this and other 
demographic variables.

2.4. Within-Team Communication
Within each team, we identify a team captain who is noti-
fied of this position, given the phone number of each team 
member, and asked to complete a precontest survey. The 

Table 1. Summary Statistics and Randomization Check by Team Formation Algorithm

No contact Control
Hometown 
similarity Age similarity

Productivity 
similarity

Productivity 
diversity Random p-value

Daily revenue 223.8 269.0 264.4 266.6 255.9 265.9 260.9 0.691
(CNY) (109.7) (116.0) (117.2) (111.8) (107.8) (116.1) (105.2)
Local 0.307 0.24 0.231 0.254 0.3 0.254 0.231 0.293

(0.461) (0.428) (0.422) (0.436) (0.459) (0.436) (0.422)
Age 36.866 35.16 35.483 34.786 35.057 34.609 35.506 0.524

(7.775) (7.637) (7.273) (7.277) (7.620) (7.201) (7.462)
Platform age 0.806 0.869 0.868 0.879 0.868 0.850 0.849 0.982
(Year) (0.560) (0.559) (0.587) (0.582) (0.565) (0.595) (0.557)
Male 0.976 0.983 0.983 0.963 0.991 0.977 0.971 0.147

(0.152) (0.130) (0.130) (0.189) (0.092) (0.150) (0.167)
Number of drivers 4,397 350 350 350 350 350 350

Notes. Standard deviations appear in parentheses. p-values are from joint orthogonality tests between the control and the treatment groups. “No 
contact” is not part of either the control or treatment condition.

Table 2. Prize Structure

Prize structure Individual wins Team wins

Individual-prize treatment 30 —
Group-prize treatment — 30
Hybrid-prize treatment 15 15

Notes. This table indicates the prize that drivers get if they win the 
individual contests (individual wins), if their team wins a majority of 
the contests (team wins), or both. The prize is calculated for each 
contest based on the number of trips a matched pair of drivers make 
on that day.
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survey requires captains to communicate individually 
with each driver in the team to obtain the last three digits 
of the driver’s license plate number as well as several key 
pieces of demographic information (see Section EC.2 for 
survey questions). Meanwhile, team members receive a 
text containing the captain’s phone number that informs 
them the captain might call them. Each team captain earns 
100 CNY, which is public information announced in the 
initial text message.

The team communication task is designed to nudge the 
captains to communicate and collaborate with their team 
members as several laboratory experiments demonstrate 
that taking part in a collaborative problem-solving task 
involving group communications can strengthen both 
group identity (Chen and Li 2009, Chen and Chen 2011, 
Chen et al. 2020) and within-group coordination (Cason 
et al. 2012). As the platform does not provide the option 
for team communication, our postexperiment survey 
indicates that most teams communicate by phone or 
WeChat.5 Captains who submit the survey through an 
online form are given 50 CNY as a bonus regardless of the 
correctness of their answers.

If a captain submits the survey, we mark the team as 
responsive because a complete survey indicates captain 
communication to the team and team member commu-
nication to the captain. In comparison, a nonresponsive 
team is defined as one for which the captain does not 
submit the survey. A captain might not submit a survey 
if (1) the captain does not contact team members, (2) 
team members do not respond, or (3) the captain and the 
team communicate but the captain does not submit the 
survey. The first two cases indicate either the captain 
or team members are nonresponsive, whereas the last 
case simply indicates a submission lapse. Whereas our 
design cannot disentangle these scenarios, nonsubmis-
sions resulting from a lapse only bias our estimates of 
any communication effects downward. In our sample, 
60.8% of our captains submit their survey. Conditional 
on submitting the survey, 81.1% of the answers are cor-
rect, indicating that responsive team members commu-
nicate with their captain and each other.

Note that our precontest survey encourages team 
members to learn their teammates’ hometowns (ques-
tion 3) and ages (question 4). Thus, we assume that only 
members of responsive teams are likely to identify the 
degree of potential homogeneity within their teams.

The contest was implemented between August 13 and 
21, 2017, with one day off between every two contest days. 
Before each contest day, we reset the contest. We then 
repeat it five times with the same pairing of teams. The con-
test results are calculated at the end of each contest day and 
communicated to each driver on the following day. In 
addition to the contest days, we also obtain data on drivers 
two weeks prior to and four weeks after the contest.

3. Hypotheses
To motivate our hypotheses, we begin with a simple the-
oretical framework of team contests, with and without 
team identity, characterizing the solutions in Section 
EC.5.

Following Lazear and Rosen (1981), we model our 
contest as a rank order tournament as there is some ran-
domness in which revenue depends on effort.6 For 
driver i, let ei ∈ [0, e] denote effort, which can be approxi-
mated by the number of hours i drives each day. The 
platform imposes a maximum of 10 hours of driving per 
day, which justifies the upper bound, e. Let xi � ei + ɛi be 
driver i’s output, such as the number of trips completed, 
where ɛi is the random component drawn from a known 
distribution with zero mean and variance σ2. Let c(·)
denote the cost function, which is assumed to be convex, 
that is, c′(·) > 0, and c′′(·) > 0. Let w>0 be the piece rate 
for all drivers.

In the control condition, in which a driver earns piece 
rate, a risk-neutral driver chooses an effort level to maxi-
mize expected income, wE(xi)� ci(ei). The following first 
order condition characterizes the interior solution of the 
driver’s optimal effort level: c′(e) � w. In other words, a 
driver equates marginal cost of effort with the wage rate.

Under the individual prize contest rule, a driver wins 
a cash prize, V, if the driver completes more trips than a 

Table 3. Summary Statistics and Randomization Check by Prize Structure

No contact Control Individual prize Group prize Hybrid prize p-value

Daily revenue 223.8 269.0 263.6 266.0 258.5 0.527
(CNY) (109.7) (116.0) (112.4) (110.6) (112.0)
Local 0.307 0.24 0.248 0.238 0.277 0.421

(0.461) (0.428) (0.432) (0.426) (0.448)
Age 36.9 35.2 35.6 34.9 34.7 0.252

(7.8) (7.6) (7.2) (7.3) (7.6)
Platform age 0.806 0.869 0.892 0.834 0.863 0.377

(0.560) (0.559) (0.570) (0.568) (0.592)
Male 0.976 0.983 0.980 0.986 0.965 0.078

(0.152) (0.130) (0.142) (0.116) (0.184)
Number of drivers 4,397 350 588 588 574

Notes. Standard deviations appear in parentheses. p-values are from joint orthogonality tests between the control and the treatment groups. “No 
contact” is not part of either the control or treatment condition.
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matched driver regardless of whether the driver’s team 
wins. In our model without team identity, this reduces to 
a modified two-player rank order tournament with the 
extra component of piece rate, wxi. Here, driver i chooses 
effort level ei to maximize the following expected utility 
function:

EUi � P(xi ≥ xj)V +wE(xi)� ci(ei): (1) 

We characterize the solution to Equation (1) as well as 
those to the other two prize structures in Section EC.5. 
Based on our theoretical analysis, we formulate the fol-
lowing hypotheses.

Hypothesis 1 (Contest Effect). Drivers in a team contest 
exert greater effort than those in the control condition.

Hypothesis 1 is based on Observation 1 in Section 
EC.5, namely, that a contest prize represents a sufficient 
monetary incentive for drivers to increase their effort 
even when there is no team identity component.

We now consider the effects of team identity on driver 
effort. Eckel and Grossman (2005) demonstrate that inter-
team competition is among the strongest methods to 
induce team identity in the laboratory. According to Tajfel 
and Turner (1979), an important part of the social identifi-
cation process is social comparison. In our context, drivers 
who are put into teams with which they subsequently 
identify tend to compare their team with a rival team and 
to maintain their self-esteem by comparing their team’s 
performance favorably with that of the rival team. Based 
on this theory, we use a simple reduced-form method to 
incorporate team identity into our contest framework. 
Specifically, we use αr ≥ 1, r ∈ {I, G, H}, representing the 
individual, group, and hybrid prize, respectively, to 
denote the strength of a player’s team identity under con-
test rule r or the weight the player puts on the player’s 
team winning the contest.

Under the individual prize rule, even though a player 
wins the prize based on only the player’s performance, 
this performance contributes to the team’s performance. 
Therefore, the player might care more about winning the 
individual battle. In this case, the objective function (1) 
becomes EUi � αIP(xi ≥ xj)V +wei� ci(ei):

Based on prior field experiments on team competition 
(Ai et al. 2016), we expect that teams with strong natural 
identities perform better than those without. In our 
experiment, hometown-similar teams comprise drivers 
from the same (or a nearby) province, whereas age- 
similar teams share similar socialization experiences— 
each the basis for a meaningful and salient team identity. 
Again, based on Observation 3 in EC.5, we expect mem-
bers of these teams to exert greater effort than those from 
teams with weaker identities, such as randomly formed 
teams. This leads to our next hypothesis.

Hypothesis 2 (Team Composition). Teams based on 
strong and salient identities, such as hometown similarity, 

exert greater effort than those based on weaker identities, 
such as randomly formed teams.

Finally, Observation 2 in EC.5 suggests that drivers 
focused solely on the monetary prize should show the 
greatest effort under the individual versus other prize 
treatments. However, when team identity is incorpo-
rated into the contest framework, the effort ranking 
might be different. Specifically, as both the individual 
and, to a lesser extent, hybrid prize rules prime the 
importance of the individual, whereas the group prize 
rule primes the importance of the team, we expect that 
drivers exhibit the strongest team identity under the 
group prize rule. Observation 4 postulates that, under 
the group prize rule, a sufficiently strong team identity 
can lead to greater effort compared with that under 
either the individual or hybrid prize rule. Under the 
assumption of a normal distribution of the noise term, 
ɛ ~ N(0,σ2), if αG >

16
5 αI, we have eG> eI. Similarly, when 

αG >
21
10αH, we have eG> eH. Therefore, compared with 

the case without any team identity (Observation 2), the 
effort ranking with team identity might be different. In 
particular, based on Observation 4, we formulate the fol-
lowing hypothesis.

Hypothesis 3 (Prize Structure). When team identity is 
sufficiently strong, drivers under the group prize rule exert 
greater effort compared with those under either the individ-
ual or hybrid prize rule.

4. Results
In this section, we present the results from our field 
experiment. We first examine the effect of our contest on 
driver working hours, number of trips completed, and 
revenue. We then examine the impact of team formation 
on team efficacy and performance, followed by the 
effects of the prize-allocation conditions and then the 
effects of leadership experience. Finally, we end with a 
discussion of the contest dynamics and the platform’s 
return on investment.

4.1. Average Treatment Effects
We first investigate the average treatment effect, that is, 
the effect of the team contest on each driver’s number of 
hours worked, number of completed trips, and revenue. 
Figure 2 presents our results for driver daily revenue 
before, during, and after the contest period by experimen-
tal condition.7 The lines correspond to the three experi-
mental conditions: drivers who were never contacted (no 
contact, light dashed line), those who expressed interest 
but were not assigned to a team (control, black dashed 
line), and those who expressed interest and were assigned 
to a team (treatment, solid line).

We refer to the five days of our team contest as contest 
days and the 14 days prior to (post) the contest as the pre 
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(post) contest periods. Finally, to investigate whether our 
effects last more than two weeks, we create a four-week 
postcontest period. Our choice of windows ensures that 
we always compare the same day of the week precontest, 
contest, and postcontest. During our experiment, we 
record daily data on each driver, including the number 
of hours worked, the number of completed trips, and the 
revenue generated. On the platform, drivers receive 81% 
of the revenue they generate and give the remaining 19% 
to the platform.8

Returning to Figure 2, we see that those who sign up 
to join a team, regardless of whether they are assigned to 
a treatment or control condition, generate higher reve-
nue than those who are never contacted (gray dashed 
line). Figure 2 also shows that both the control and 
no-contact groups exhibit a similar decreasing trend 
over the eight-week time period of our experiment, a pat-
tern similar to the platform’s typical attrition rate.9

To quantify the average treatment effects on outcome, 
Y, we construct the following difference-in-differences 
model:

∆Yi,t � β0 + β1 ∗ Treated + ɛi,t, (2) 

where ∆Yi,t represents the outcome change on the tth 
day in the current period compared with the tth day in 
the precontest period. We report the results of these 
models in Tables 4 (daily number of hours worked), 5
(daily number of trips completed), and 6 (daily revenue). 
Each table includes the average treatment effects without 
(specifications 1–4) and with (specifications 5–8) demo-
graphic controls.

Pooling drivers across all treatment and control condi-
tions, we find that treated drivers work an additional 
0.77 hours or 46 minutes per day (columns (2) and (6) in 
Table 4), which translates into 2.4 extra trips per day (col-
umns (2) and (6) in Table 5). This increase in activity cor-
responds to an increase in treated drivers’ daily revenue 
of 35 CNY (12%) during the contest period compared 

with that of control drivers (columns (2) and (6) in Table 
6). In this and subsequent comparisons, we use as our 
baseline the average control driver’s daily working 
hours (6.51), number of trips (17.73), or revenue (295.37 
CNY) in the five days corresponding to contest days dur-
ing the two weeks before the contest. Further analyses 
show that our treatment effect persists during the two- 
week postcontest period, albeit with half of the effect size 
(0.38 hours, p < 0.01; 1.2 trips, p < 0.01; 17.6 CNY, p <
0.05, Tables 4–6, column (7), respectively).

In all our analyses, we correct for multiple hypothesis 
testing (Benjamini and Hochberg 1995) using the Stata 
code provided by Anderson (2008) and report the false 
discovery rate adjusted q-values in square brackets. We 
follow the convention of using a 5% (10%) cutoff for p- 
values (q-values) to claim statistical significance (Efron 
2012). We summarize our first result as follows.

Result 1 (Average Treatment Effect: Team Contest). 
During the contest period, drivers who are part of a 
treatment team work 46 minutes longer, complete 2.4 
extra trips, and generate 12% higher revenue per day 
compared with those in the control condition. These 
treatment effects remain significant during the two- 
week postcontest period, albeit with half of the effect 
size.

By Result 1, we reject the null in favor of Hypothe-
sis 1 that drivers in a team contest exert greater effort 
than those in the control condition. We find that this 
effect size is both statistically and economically signif-
icant. Furthermore, the average treatment effects dur-
ing both the contest and the two-week postcontest 
periods are robust to demographic controls (columns 
(5)–(8) in Tables 4–6). We also find that adding demo-
graphic controls reveals a significant association 
between work experience (platform age) and revenue 
both during (17 CNY, p < 0.01) and two weeks after 
(18 CNY, p < 0.01) the contest period. Finally, the 
results in column (6) in Table 6 show that our 
observed increase in treatment driver revenue is posi-
tively associated with the driver’s age, hometown 
proximity to Dongguan, and male gender.10

In our experiment, treated drivers’ increase in reve-
nue comes primarily from longer hours worked rather 
than faster driving or location preferences. In an empir-
ical study, Cook et al. (2018) find that their gender earn-
ings gap among Uber drivers can be explained by three 
factors: driving experience, location preference, and 
speed. Our study confirms their effect of driving expe-
rience as the variable, platform age, has a statistically 
significant and economically substantial positive corre-
lation with revenue (columns (6) and (7) in Table 6). 
We do not observe location preferences in our data. 
Regarding speed, this factor is often out of the control 
of our drivers because of the high traffic congestion in 
their driving environment.

Figure 2. (Color online) Driver Daily Revenue Before, Dur-
ing, and After the Contest 

Notes. Contest days refer to August 13, 15, 17, 19, and 21, the dates on 
which the contests were conducted. We shift the dates by �14, +14, 
and +28 days to obtain the precontest, postcontest, and four-week 
postcontest periods. Note that driver revenue is calculated for only 
the five days in each period accordingly.
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Next, we explore whether there is any treatment
effect on efficiency, that is, revenue per hour worked. 
The results in Table EC.5 show that there is no signifi-
cant treatment effect on efficiency (�0.0703, p> 0.10, 
column (4)). Consistent with Cook et al. (2018), we find 
that male drivers are more efficient than their female 
counterparts (7.096, p < 0.01, column (6)) although the 
latter comprises only 2% of our sample.

Finally, we acknowledge that our observed treat-
ment effect could be driven by a combination of fac-
tors, including monetary prizes, competition, and 
team membership. Within our experimental design, 
our control drivers receive no opportunity to increase 
pay, whereas our treatment drivers are given the 
opportunity to earn more via the contest.11 Thus, it is 
possible that the treatment drivers show an increase 

Table 4. Average Treatment Effects on Daily Working Hours: Difference-in-Differences Linear Regressions

Dependent variable: change in daily working hours

(1) (2) (3) (4) (5) (6) (7) (8)

Time period
First day of 

contest
During 
contest

Two weeks 
postcontest

Four weeks 
postcontest

First day 
of contest

During 
contest

Two weeks 
postcontest

Four weeks 
postcontest

Treated 0.968*** 0.772*** 0.379* 0.134 0.973*** 0.772*** 0.379*** 0.127
(0.331) (0.191) (0.198) (0.214) (0.330) (0.139) (0.143) (0.144)
[0.007] [0.001] [0.075] [0.531] [0.007] [0.001] [0.013] [0.432]

Age 0.0340** 0.0138** 0.00832 0.0170**
(0.0167) (0.00703) (0.00722) (0.00728)

Platform age, year 0.232 0.374*** 0.397*** 0.179*
(0.216) (0.0910) (0.0934) (0.0943)

Local 0.663** 0.359*** 0.152 0.686***
(0.284) (0.120) (0.123) (0.124)

Male 1.837** 0.343 �0.108 0.128
(0.843) (0.356) (0.365) (0.368)

Constant �0.393 �0.521*** �1.579*** �1.225*** �3.754*** �1.754*** �2.147*** �2.270***
(0.302) (0.175) (0.181) (0.196) (1.068) (0.450) (0.462) (0.467)

Number of drivers 2,100 2,100 2,100 2,100 2,100 2,100 2,100 2,100
Observations (number of 

drivers × number of days)
2,100 10,500 10,500 10,500 2,100 10,500 10,500 10,500

Notes. Standard errors in parentheses are clustered at the driver level. False discovery rate adjusted q-values are in square brackets to correct for 
multiple hypothesis testing.

*p < 0:1; **p < 0:05; ***p < 0:01.

Table 5. Average Treatment Effects on Daily Number of Trips: Difference-in-Differences Linear Regressions

Dependent variable: change in daily trips

(1) (2) (3) (4) (5) (6) (7) (8)

Time Period
First day of 

contest
During 
contest

Two weeks 
postcontest

Four weeks 
postcontest

First day 
of contest

During 
contest

Two weeks 
postcontest

Four weeks 
postcontest

Treated 3.114*** 2.392*** 1.219** 0.462 3.131*** 2.393*** 1.223*** 0.445
(0.958) (0.522) (0.544) (0.543) (0.955) (0.387) (0.400) (0.379)
[0.003] [0.001] [0.034] [0.395] [0.003] [0.001] [0.004] [0.276]

Age 0.0791 0.0405** 0.0386* 0.0393**
(0.0482) (0.0195) (0.0202) (0.0191)

Platform age, year 0.534 0.952*** 0.785*** 0.218
(0.624) (0.253) (0.262) (0.248)

Local 1.799** 1.057*** 0.120 1.582***
(0.821) (0.332) (0.344) (0.326)

Male 5.919** 1.355 �0.191 0.227
(2.438) (0.987) (1.022) (0.968)

Constant �3.137*** �2.032*** �4.408*** �5.082*** �12.63*** �5.869*** �6.289*** �7.253***
(0.874) (0.477) (0.497) (0.496) (3.089) (1.250) (1.294) (1.226)

Number of drivers 2,100 2,100 2,100 2,100 2,100 2,100 2,100 2,100
Observations (number of 

drivers × number of days)
2,100 10,500 10,500 10,500 2,100 10,500 10,500 10,500

Notes. Standard errors in parentheses are clustered at the driver level. False discovery rate adjusted q-values are in square brackets to correct for 
multiple hypothesis testing.

*p < 0:1; **p < 0:05; ***p < 0:01.
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in revenue because they have higher earnings expecta- 
tions.

In what follows, we provide some evidence that our 
treatment effect is not entirely driven by an incentive 
to compete for monetary prizes. First, treated drivers 
continue to work longer hours, complete more trips, 
and generate higher revenue in the two weeks post-
contest, absent any monetary prize or formal competi-
tion during this period (column (7) in Tables 4–6). 
Furthermore, our postcontest survey (Section EC.7) 
indicates that more than 88% of the drivers either like 
or very much like the team contest (question 2), citing 
team belonging (66%), making friends (70%), a sense 
of honor from winning (61%), and monetary incentives 

(68%) as the top benefits. When asked whether they 
prefer a temporary or a long-lasting team (question 12), 
79% of the drivers choose “a long-lasting team, so team 
members can keep in touch after the contest.” The 
long-lasting bonds among team members are further 
corroborated in a postexperiment interview with 14 dri-
vers conducted by the platform staff and the first 
author, in which drivers mention finding friends from 
their hometown as one of the top benefits of the contest. 
They also mention that they continue to socialize with 
teammates.

As the experimental economics literature provides 
extensive evidence on the positive effects of communica-
tion on team performance, we next examine treatment 

Table 6. Average Treatment Effects on Daily Revenue: Difference-in-Differences Linear Regressions

Dependent variable: change in daily revenue

(1) (2) (3) (4) (5) (6) (7) (8)

Time period
First day of 

contest
During 
contest

Two weeks 
postcontest

Four weeks 
postcontest

First day 
of contest

During 
contest

Two weeks 
postcontest

Four weeks 
postcontest

Treated 38.69** 35.24*** 17.36* 6.369 38.99** 35.39*** 17.62** 6.308
(16.61) (9.246) (9.534) (9.512) (16.58) (6.984) (7.111) (6.752)
[0.032] [0.001] [0.092] [0.504] [0.032] [0.001] [0.032] [0.401]

Age 1.642** 0.741** 0.801** 0.829**
(0.836) (0.352) (0.359) (0.341)

Platform age, year 7.620 17.16*** 18.19*** 6.455
(10.83) (4.561) (4.644) (4.410)

Local 26.98* 14.23** 3.998 24.99***
(14.24) (5.999) (6.108) (5.800)

Male 91.16** 35.42** 27.18 34.82**
(42.30) (17.82) (18.15) (17.23)

Constant �43.98*** �24.24*** �66.96*** �82.06*** �204.4*** �103.4*** �138.6*** �157.0***
(15.16) (8.440) (8.703) (8.683) (53.59) (22.58) (22.99) (21.83)

Number of drivers 2,100 2,100 2,100 2,100 2,100 2,100 2,100 2,100
Observations (number of 

drivers × number of days)
2,100 10,500 10,500 10,500 2,100 10,500 10,500 10,500

Notes. Standard errors in parentheses are clustered at the driver level. False discovery rate adjusted q-values are in square brackets to correct for 
multiple hypothesis testing.

*p < 0:1; **p < 0:05; ***p < 0:01.

Figure 3. (Color online) Team Responsiveness in Different Treatments 

(a) % of Teams Submitting Questionnaires (b) % of Teams with Various Correctly
Reported License Plate Numbers

Notes. Team responsiveness is coded based on the precontest survey. Panel (a) codes the responsiveness binarily with a team deemed responsive 
if the captain submits the survey on team member characteristics. Panel (b) codes responsiveness based on the number of correctly reported 
license plate numbers.
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effects on team responsiveness. Recall that a team is 
responsive if the captain submits the precontest survey, 
a measure of likely communication among team mem-
bers. Figure 3 reports the proportion of responsive teams 
using both a binary variable to indicate whether a cap-
tain submits the survey (left panel) and the number of 
correctly reported license plate numbers (right panel). 
From the left panel, we see that teams comprising mem-
bers from the same hometown exhibit the highest pro-
portion of responsiveness. This result is consistent with 
prior research that shows location similarity is a strong 
predictor of whether a member of an online community 
joins a team (Ai et al. 2016).

Table 7 reports the corresponding regression analysis 
results for the team formation algorithms and team 
responsiveness. The omitted group is randomly formed 
teams. Specifications (1) and (2) use a probit regression 
to examine the treatment effect along the extensive 
margin with the likelihood of submitting the survey as 
the dependent variable. By contrast, specifications (3) 
and (4) use an ordinary least squares (OLS) regression 
to examine the treatment effect along the intensive mar-
gin with the number of license plates reported correctly 
as the dependent variable. The results again show that 

teams based on hometown similarity show the highest 
level of responsiveness. Quantitatively, these teams are 
17 (18) percentage points marginally more likely to be 
responsive than randomly formed (age- or productiv-
ity-similar) teams (p < 0.10 in all cases). In comparison, 
none of the other team-formation algorithms performs 
better than the randomly formed teams (p> 0.10). 
Along the intensive margin, we find no significant dif-
ferences among any of the team formations across 
teams whose captains have submitted the survey. One 
possible reason for this finding may be that captains 
submit their surveys only if they had sufficient infor-
mation.12 Indeed, more than 75% of the captains who 
submit the survey correctly report at least five out of 
six license plate numbers. Whereas the team formation 
algorithms are not revealed to captains or drivers, we 
expect that people from the same hometown can infer 
this similarity from information cues such as a similar 
accent.13 We now formally state our second result.

Result 2 (Team Responsiveness). Hometown-similar 
teams are 17 (18) percentage points marginally more 
likely to be responsive than randomly formed (age- or 
productivity-similar) teams.

Table 7. Treatment Effects on Team Responsiveness Omitting the Random Group

Extensive margin Intensive margin

Probit, Y � P(Responsive) OLS, Y � # Correct Plate Numbers

(1) (2) (3) (4)

Hometown similarity 0.167* 0.165* 0.111 0.146
(0.0973) (0.0967) (0.375) (0.376)
[0.353] [0.353]

Age similarity �0.0193 �0.0172 0.102 0.0980
(0.0953) (0.0954) (0.400) (0.406)
[0.917] [0.917]

Productivity Similarity �0.0193 �0.0101 �0.326 �0.256
(0.0953) (0.0958) (0.400) (0.403)
[0.917] [0.917]

Productivity diversity 0.0195 0.0187 0.105 0.154
(0.0957) (0.0951) (0.393) (0.399)
[0.917] [0.917]

Average precontest revenue, 100 CNY 0.0866 0.176
(0.0591) (0.237)

Average age 0.00452 0.0134
(0.00766) (0.0305)

Average platform age, year �0.0677 �0.502
(0.140) (0.554)

Proportion of local driver �0.00936 �0.501
(0.135) (0.505)

Proportion of male driver 0.0205 �3.080
(0.522) (2.008)

Constant 4.862*** 7.455***
(0.280) (2.332)

Observations (number of teams) 250 250 152 152

Notes. Standard errors are in parentheses. False discovery rate adjusted q-values are in square brackets to correct for multiple hypothesis testing. 
Coefficients in columns (1) and (2) report the average marginal effects of the probit estimates.

*p < 0:1; **p < 0:05; ***p < 0:01.

Ai et al.: Putting Teams into the Gig Economy 
Management Science, Articles in Advance, pp. 1–18, © 2023 The Author(s) 11 



By Result 2, we provide some support in favor of 
Hypothesis 2 that drivers in teams based on strong 
and salient identities, such as hometown similarity, 
perform better than those based on weaker identities, 
such as randomly formed teams.

We next conduct a two-stage least squares instrumental 
variable regression analysis to establish any causal effect 
of communication on team performance. Because team 
responsiveness is not randomly assigned, we instead 
use random placement into hometown-similar teams as 
our instrument. The results in Table EC.8 (specifications 
(1)–(5)) and corresponding OLS results (specifications 
(6)–(9)) show that responsive team drivers earn 53.5 
CNY more than those in a nonresponsive team (p <
0.01, column (7)), whereas the local average treatment 
effect is not statistically significant (p> 0.10, columns 
(2)–(5)).

In our experiment, we are also interested in whether 
different team formations impact revenue. Table 8 pre-
sents our results using team formation algorithm as the 
independent variable in specifications (1)–(3). As a 
robustness check, we use alternative measures of team 
diversity as the independent variables in specifications 
(4)–(6). More specifically, we measure driver diversity 

based on the standard deviation in driver age, produc-
tivity, and platform age within a team; we measure 
hometown diversity using the average distance (in kilo-
meters) between the hometowns of any two drivers 
within the same team. Our results in Table 8 show that, 
irrespective of our independent variables, team forma-
tion has no significant effect on driver revenue during 
the contest. Interestingly though, we find that teams 
based on age similarity exhibit significantly higher rev-
enue during the two-week period after the contest, 
earning 33 CNY more, on average, compared with dri-
vers in randomly formed teams (column (2), p < 0.05). 
This observation is confirmed by the negative correla-
tion between the standard deviations of age and team 
productivity (column (5), p < 0.05). Furthermore, we 
see that productivity-similar teams exhibit marginally 
higher revenue during the two-week period after the 
contest, earning 21 CNY more, on average, compared 
with drivers in randomly formed teams (column (2), 
p < 0.10).14 We summarize our analysis as follows.

Result 3 (Team Composition). Whereas team forma-
tion has no significant effect on driver revenue during 
the contest, age- (productivity-) similar teams are 

Table 8. Similarity and Diversity on Driver Revenue: Difference-in-Differences Linear Regressions on Treated Drivers

Dependent variable: change in daily revenue, CNY

By treatment group By diversity metrics

(1) (2) (3) (4) (5) (6)

Time period Contest
Two weeks 
postcontest

Four weeks 
postcontest Contest

Two weeks 
postcontest

Four weeks 
postcontest

Age similarity 0.933 33.19** 9.806
(15.10) (12.93) (10.76)
[0.951] [0.124] [0.445]

Hometown similarity 5.838 20.70 17.12
(16.21) (13.28) (12.91)
[0.785] [0.439] [0.439]

Productivity similarity �14.65 21.47* 13.85
(14.95) (12.36) (12.18)
[0.445] [0.439] [0.439]

Productivity diversity �17.50 17.50 11.33
(15.36) (13.21) (12.66)
[0.439] [0.439] [0.445]

Age standard deviation �0.417 �3.357** �0.123
(1.581) (1.386) (1.214)

Average hometown distance 0.0297 �0.00706 �0.0196
(0.0237) (0.0232) (0.0197)

Productivity standard deviation 0.0953 �0.0347 �0.00401
(0.111) (0.0951) (0.0956)

Platform age standard deviation �0.0646 �0.0370 �0.0852
(0.0984) (0.0840) (0.0859)

Constant 16.07 �68.17*** �86.12*** 4.701 �15.89 �48.15**
(12.04) (9.269) (8.033) (29.33) (22.64) (21.99)

Number of drivers 1,750 1,750 1,750 1,750 1,750 1,750
Observations 8,750 8,750 8,750 8,750 8,750 8,750

Notes. For specifications (1)–(3), the omitted category is the random treatment. Standard errors in parentheses are clustered at the team level. 
False discovery rate adjusted q-values are in square brackets to correct for multiple hypothesis testing.

*p < 0:1; **p < 0:05; ***p < 0:01.
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more (marginally more) productive than randomly 
formed teams two weeks postcontest.

Result 3 yields partial support for Hypothesis 2 that 
drivers in age- (productivity-) similar teams generate 
higher (marginally higher) revenue than those in ran-
domly formed teams, albeit only during the two weeks 
postcontest. We conjecture that the null effect of team 
formation during the contest might be because drivers 
may be unable to bond sufficiently during the five-day 
contest period. This conjecture is corroborated by our 
postcontest interviews. Drivers tell us that they continue 
to interact with their teammates even after the end of the 
contest period. For example, one driver states, “We did 
not dissolve our team after this campaign. We still chat 
every day in our group chat [in WeChat]. Indeed, the 
contest has ended, but our friendship has just started.” 
Another driver mentions “an in-person get-together to 
celebrate [the end of] the contest.”

Next, we examine the effects of prize structure on 
driver revenue. Table EC.10 presents the results of pair-
wise comparisons between the three prize structures 
under each team formation algorithm. The outcome var-
iable is the difference in driver revenue, which is the 
same as the change in daily revenue (CNY) in Table 8. 
Based on the multiplicity-adjusted p-values (List et al. 
2019), we see that variations in the prize structure have 
a significant effect on changes in revenue only for 
teams formed based on hometown similarity. Speci-
fically, the group prize treatment leads to a greater 
increase in daily revenue than either the hybrid (68.4 
CNY, multiplicity-adjusted p � 0.0003) or individual (41.8 
CNY, multiplicity-adjusted p � 0.062) prize treatment, 
thus providing some support for Hypothesis 3. However, 
these results are not robust to either excluding the 11% of 
team pairs from different team formation algorithms 
(Table EC.11) or using a regression analysis interacting 
prize structure and team formation (Table EC.12). There-
fore, we conclude that our prize structure has no effect on 
aggregate team performance in our experiment.

Finally, we are interested in the productivity of 
those who volunteer to be captains in our study. Table 
EC.13 presents a probit specification. The dependent 
variable is whether a driver volunteers to be a team 
captain, whereas the independent variables include a 
driver’s precontest revenue, work experience (plat-
form age), and demographics. The results show that 
those who generate higher revenue in the two weeks 
prior to the announcement of the contest (0.0253, p <
0.01) as well as those who work for the platform for a 
longer period of time (0.0297, p < 0.05) are signifi-
cantly more likely to volunteer to lead a team.

In the 141 teams with two or more drivers who 
express interest in being a captain, only one of these 
drivers is randomly appointed as the team captain. 
Kolmogorov–Smirnov tests find no significant differ-
ence in prior revenue, age, platform age, or gender 
between the volunteers who are appointed as captains 
and those who are not (p> 0.10). Table 9 presents nine 
OLS specifications investigating the effects of being 
randomly selected as a team captain on a driver’s 
daily working hours (specifications (1)–(3)), number 
of trips (specifications (4)–(6)), and revenue (specifi-
cations (7)–(9)). We find that, among our 298 volunteers, 
those who are randomly chosen to be a captain work 
harder than those who are not chosen, earning 34 CNY 
more per day, on average, during contest days although 
this result is only marginally significant (p < 0.10) likely 
because of the small number of observations. The results 
in Table EC.14 show that this effect is driven by the lower 
number of hours worked by volunteers who are not cho-
sen to be captains. Compared with nonvolunteers, volun-
teers who are not chosen as captains work 32 fewer 
minutes per day during the contest (�0.537, p < 0.10, col-
umn (4)), whereas those who are chosen do not differ 
from nonvolunteers in their working hours (0.134, 
p> 0.10, column (4)). Therefore, this effect is driven by
the lottery losers being discouraged. We summarize
this analysis as follows.

Table 9. Effect of Being Randomly Chosen as a Captain: Difference-in-Differences Linear Regressions

Dependent variable

Change in daily working hours Change in daily number of trips Change in daily revenue, CNY

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Time period Contest
Two weeks 
postcontest

Four weeks 
postcontest Contest

Two weeks 
postcontest

Four weeks 
postcontest Contest

Two weeks 
postcontest

Four weeks 
postcontest

Assigned captain 0.668* 0.390 �0.00657 1.663 0.595 �0.321 34.18* 23.65 �5.278
(0.376) (0.400) (0.424) (1.043) (1.097) (1.079) (17.73) (19.29) (18.30)

Constant �0.380 �1.342*** �0.844*** �1.511** �3.647*** �4.167*** �17.91 �57.15*** �65.08***
(0.258) (0.275) (0.291) (0.717) (0.754) (0.742) (12.20) (13.27) (12.59)

Number of 
volunteers

298 298 298 298 298 298 298 298 298

Observations 1,490 1,490 1,490 1,490 1,490 1,490 1,490 1,490 1,490

Notes. Standard errors in parentheses are clustered at the driver level.
*p < 0:1; **p < 0:05; ***p < 0:01.
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Result 4 (Team Captain). Among drivers who volun-
teer to be team captains, captains work 40 minutes 
marginally longer and earn 34 CNY marginally more 
revenue per day during the contest than those not 
chosen to be captains, who work fewer hours than 
captains or nonvolunteers.

We next explore whether our team treatment effect 
on revenue differs for captains and noncaptains by 
rerunning our analyses excluding team captains from 
the analysis. The results in Tables EC.15–EC.17 show 
a similar treatment effect, indicating that the contest 
benefits less productive drivers as much as it benefits 
more productive ones.

4.2. Contest Dynamics
Drivers in our contest receive feedback on their team 
and individual performance each day during the con-
test. Previous research on repeated contests shows that 
effort and performance in later rounds depends on suc-
cess or failure in earlier rounds (Descamps et al. 2022). 
To assess if our drivers’ effort is influenced by feedback 
on their contest performance, we perform a panel analy-
sis that examines the extent to which an individual or 
team’s likelihood of winning on day t is influenced by 
whether the individual or team won on day t – 1, where 
t ∈ {2, 3, 4, 5}.

Table 10 presents the results from seven probit specifi-
cations. The dependent variable is whether an individual 
driver wins the battle on day t, whereas the independent 
variables include the indicator variables Individual Won 
on Day t – 1, Team Won on Day t – 1, the interaction of the 
two, an individual driver’s precontest revenue, and the 
driver’s opponent’s precontest revenue. Specifications 
(1)–(4) include all treated drivers, whereas specifications 

(5)–(7) repeat the analysis for the respective prize struc-
tures. The results show that a driver who wins the indi-
vidual (team) battle on the previous day is 9.4 pp (10.6 
pp) more likely to win again (column (1)). Controlling 
for the precontest revenue of a driver and opponent as 
well as the interaction term, the momentum effects 
decrease slightly to 6.65 pp (7.19 pp) if the individual 
(team) wins the previous day (column 4). Interestingly, 
when we examine the momentum effect by prize struc-
ture, we find that a driver who is rewarded solely by the 
outcome of the individual battle increases the driver’s 
likelihood of winning by 9.68 pp (14.9 pp) if the driver 
(team) wins the previous day. This latter result under-
scores the positive effect of team identity on individual 
performance.

To uncover the mechanisms driving our findings, we 
repeat our dynamic analysis using the number of trips as 
the dependent variable. The results in Table 11 show that 
a driver who wins an individual battle on day t – 1 com-
pletes 2.39 extra trips on day t (column (4)). This effect 
size is robust under different prize structures (columns 
(5)–(7)).15

Finally, Table 12 presents the effects of a team’s previ-
ous win on the likelihood that the team wins again, con-
trolling for the precontest revenue of a driver’s team 
members as well as that of the opponent team’s mem-
bers. Specifications (1)–(3) include all teams, whereas 
specifications (4)–(6) include only the 222 matched teams 
within the same team formation algorithm group. The 
results show that a team that wins on day t – 1 is 11.8 pp 
more likely to win on day t (column (4)). This effect size 
is reduced to 9.45 pp and is marginally significant when 
we control for own and opponent team’s precontest rev-
enue (column (6)). We summarize the results as follows.

Table 10. Contest Dynamics on the Likelihood of Individual Winning: Probit

Dependent variable: Individual wins on day t (probit)

All drivers By prize structure

(1) (2) (3) (4) (5) (6) (7)
Individual Hybrid Group

Individual won on day t – 1 0.0944*** 0.0917*** 0.0876*** 0.0665*** 0.0968** 0.0215 0.0920**
(0.0223) (0.0216) (0.0213) (0.0256) (0.0475) (0.0470) (0.0374)

Team won on day t – 1 0.106*** 0.101*** 0.0912*** 0.0719*** 0.149*** 0.0194 0.0498
(0.0158) (0.0153) (0.0150) (0.0192) (0.0333) (0.0311) (0.0329)

Individual and team won on day t – 1 0.0409 0.0185 0.0511 0.0496
(0.0256) (0.0425) (0.0499) (0.0398)

Precontest revenue, 100 CNY 0.0620*** 0.0880*** 0.0879*** 0.0564*** 0.1199*** 0.0885***
(0.00655) (0.00881) (0.00881) (0.0152) (0.0144) (0.0142)

Opponent’s precontest revenue, 100 CNY �0.0440*** �0.0440*** �0.0180 �0.0793*** �0.0369**
(0.00933) (0.00934) (0.0150) (0.0169) (0.0147)

Number of drivers 1,750 1,750 1,750 1,750 588 574 588
Observations (number of drivers × number of days) 7,000 7,000 7,000 7,000 2,352 2,296 2,352

Notes. The dependent variable uses outcomes from the second to the fifth contest days. Coefficients are average marginal effects using the delta 
method. Standard errors in parentheses are clustered at the team level.

*p < 0:1; **p < 0:05; ***p < 0:01.
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Result 5 (Momentum Effects). A driver who wins a 
pairwise battle on day t – 1 completes 2.29 more trips 
and is 9.4 pp more likely to win again on day t. In 
comparison, a driver whose team wins on day t – 1 is 
10.6 pp more likely to win on day t. Under the indi-
vidual prize structure, the individual (team) momen-
tum effect is 9.7 pp (14.9 pp).

By Result 5, we confirm the individual momentum 
effects that are widely reported in the experimental 
and empirical contest literature (Descamps et al. 
2022). To our best knowledge, ours is the first study to 
document a team momentum effect.

Finally, to investigate any treatment effects on reten-
tion, we examine the fourth week after the experiment, 
which is also the last seven days in our observation 
period, and code a driver who completed any ride as 
active. The results in Table EC.18 show no significant 

treatment effect on retention (0.00719, p> 0.10), likely 
because of the short intervention duration and the rela-
tively small number of observations. Indeed, in a subse-
quent three-city team contest experiment with a longer 
duration and larger sample size, we find that drivers in 
a team leaderboard treatment continue to work longer 
hours three months after the intervention ends (Ye et al. 
2022).

5. Discussion
Our study uses a natural field experiment at a ride- 
sharing platform in China to understand how team for-
mation and other factors impact team responsiveness, 
driver working hours, and driver revenue. Applying 
social identity theory to the ride-sharing context, we use 
different team-formation algorithms to place drivers in 
teams and compare the revenue of our treatment and 

Table 11. Contest Dynamics on the Number of Trips: OLS

Dependent variable: Daily number of trips

All drivers By prize structure

(1) (2) (3) (4) (5) (6) (7)
Individual Hybrid Group

Individual won on day t – 1 2.290*** 2.563*** 2.698*** 2.391*** 2.189*** 2.454*** 2.577***
(0.297) (0.294) (0.296) (0.392) (0.734) (0.727) (0.588)

Team won on day t – 1 0.779** 0.596** 0.729** 0.442 1.097 �0.255 0.631
(0.328) (0.303) (0.306) (0.406) (0.740) (0.650) (0.725)

Individual and team won on day t – 1 0.625 0.330 0.952 0.420
(0.500) (0.828) (0.952) (0.824)

Precontest revenue, 100 CNY 4.892*** 4.446*** 4.442*** 3.705*** 4.831*** 4.805***
(0.192) (0.247) (0.246) (0.396) (0.402) (0.444)

Opponent’s precontest revenue, 100 CNY 0.755*** 0.757*** 0.932** 0.412 0.912**
(0.251) (0.251) (0.395) (0.443) (0.449)

Constant 14.75*** 1.855*** 0.915 1.003* 2.422** 0.694 �0.152
(0.354) (0.514) (0.578) (0.587) (1.094) (0.920) (0.994)

Number of drivers 1,750 1,750 1,750 1,750 588 574 588
Observations (number of drivers × number of days) 7,000 7,000 7,000 7,000 2,352 2,296 2,352

Notes. The dependent variable uses outcomes from the second to the fifth contest days. Standard errors in parentheses are clustered at the team 
level.

*p < 0:1; **p < 0:05; ***p < 0:01.

Table 12. Contest Dynamics on the Likelihood of Team Winning: Probit

Dependent variable: Team wins on day t (probit)

All teams Team pairs in the same algorithm

(1) (2) (3) (4) (5) (6)

Team won on day t – 1 0.108* 0.0968* 0.0731 0.118** 0.111** 0.0945*
(0.0587) (0.0546) (0.0462) (0.0584) (0.0556) (0.0488)

Team members’ average precontest revenue, 100 CNY 0.158*** 0.258*** 0.156*** 0.275***
(0.0399) (0.0375) (0.0446) (0.0428)

Opponent team members’ average precontest revenue, 100 CNY �0.257*** �0.275***
(0.0378) (0.0431)

Number of teams 250 250 250 222 222 222
Observations (Number of teams × Number of days) 1,000 1,000 1,000 888 888 888

Notes. The dependent variable uses outcomes from the second to the fifth contest days. Coefficients are average marginal effects using the delta 
method. Standard errors in parentheses are clustered at the team level.

*p < 0:1; **p < 0:05; ***p < 0:01.
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control drivers during and after a contest. Our results 
show that, compared with those in the control condition, 
treated drivers work 0.8 longer hours, complete 2.4 more 
trips, and earn 12% higher revenue per day during the 
contest. This treatment effects persist two weeks after the 
contest, albeit with half of the effect size. Furthermore, 
we find that drivers in teams composed of drivers with 
similar age continue to work longer hours and generate 
higher revenue during the two weeks after the contest, 
absent any cash prize or formal competition.

A question for platforms interested in implementing a 
team contest structure is whether doing so yields a posi-
tive return on investment (ROI). Based on the average 
treatment effects for all treated drivers during the contest 
and the two-week postcontest period, we find a total rev-
enue increase of 612,150 CNY. The cash reward for win-
ners as well as the payment for team captains sums to 
163,850 CNY, yielding a total ROI of 3.74 and a platform 
ROI (19% of revenue) of 0.71 for every dollar invested.16

Despite this platform financial loss, the company was 
motivated by the driver engagement benefits in our 
study to consider a version of our team contest as part of 
its organizational structure.

Indeed, encouraged by the results of our experiment, 
the platform shipped two of our team-formation algo-
rithms (hometown and age similarity) into production 
within the platform. To address the financial loss issue 
in our experiment, the platform adapted our contest 
format from daily prizes into a final prize for the entire 
duration of a contest. In 2018 alone, the platform con-
ducted 1,548 team contests across 180 cities in China, 
involving more than two million drivers. These contests, 
typically one week long, helped the platform meet the 
high tourist demand during national holidays and in-
creased both driver income and retention (Ye et al. 2020). 
In a subsequent three-city team contest experiment, we 
find that team and individual ranking information alone 
can increase driver revenue by 2%–6% and drivers in the 
team leaderboard condition continue to be more engaged 
with the platform three months after the contest ends 
(Ye et al. 2022). These experiments demonstrate the efficacy 
of teams and helped convince the platform to make driver 
teams a permanent feature of the platform structure.

Whereas our experiment examines the effect of team 
formation on one platform, our results indicate that team 
identity shows great promise as a design tool that can be 
leveraged to increase worker productivity and engage-
ment in the gig economy. Future research could use our 
study as a foundation for exploring the full potential of 
social identity theory, examining the impact of longer 
contests and more persistent teams.
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Endnotes
1 Statistics are from the company website, retrieved July 29, 2022.
2 Using this particular data set for our power calculation is based 
on the availability of processed data during the experiment-design 
phase.
3 Contest rules are announced after the team-formation process and 
before the start of the contest. See Section EC.1 for recruiting materi-
als. Around the time of our experiment, the exchange rate was 
US$1 ≈ 6.7 CNY.
4 Similarity is based on precontest productivity using the number of 
trips in a two-week window and ensuring additional treatment- 
specific criteria. For example, if the dropout driver is assigned to a 
team based on hometown similarity, we require that the new driver 
is from the same province. If the dropout driver is assigned to a 
team based on age similarity, we require that the substitute driver 
is in the same age group. We present the results for the treated dri-
vers in the main text and repeat our analyses with the originally 
randomized drivers (including the 15 dropouts) in Section EC.6.
5 WeChat is the dominant social media and communication app in 
China, which allows for both group texts and calls.
6 We thank an anonymous reviewer for suggesting this approach.
7 The figure looks almost identical if we replace daily revenue with 
the number of hours worked or the number of completed trips.
8 In the subsequent analysis, we focus on revenue comparisons 
with the understanding that alternative comparisons using driver 
income or platform profit reach similar conclusions.
9 This high attrition rate also appears to be a problem with Uber dri-
vers (Scheiber 2017).
10 To check the robustness of Result 1, we repeat the analysis with 
the original drivers, using the 15 dropouts rather than their replace-
ments, and find similar results (see Tables EC.2–EC.4).
11 This difference is modeled in Equation (1).
12 To check the robustness of our results, we repeat the analysis 
with productivity similarity as the omitted group, using treated dri-
vers (Table EC.6) or the original randomly assigned drivers, includ-
ing the 15 dropouts, and find similar results (Table EC.7).
13 During our contest period, each province imposes a roaming 
charge for mobile phones from other provinces. Because most people 
change their phone numbers when they move to a new province, dri-
vers cannot infer others’ hometowns from their phone numbers.
14 To check robustness, we repeat the analysis using the original 
randomly assigned drivers, including the 15 dropouts, and find 
similar results (Table EC.9, Section EC.6.).
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15 We repeat the analysis using revenue as the outcome variable in 
Table EC.19 and find similar results.
16 The average treatment effect for treated drivers is 35.24 CNY per 
day during the contest period (five days in total) and 17.36 CNY 
during the two-week post contest period (10 days in total). There-
fore, the total revenue increase during both periods is (35:24 ×
5+ 17:36 × 10) × 1, 750 � 612,150. The expected cash reward is 15 
CNY per driver per day, plus 100 CNY per team captain and 
50 CNY for the 152 captains who submit the precontest survey. 
Therefore, the total cost is 15 × 1, 750 × 5+ 100 × 250+ 50 × 152 �
1, 63,850. This yields an ROI � 612,150=163,85 � 3:74.
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