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The gig economy provides workers with the benefits of autonomy
and flexibility, but it does so at the expense of work identity and
co-worker bonds. Among the many reasons why gig workers leave
their platforms, an unexplored aspect is the organization identity.
In this study, we develop a team formation and inter-team contest
field experiment at a ride-sharing platform. We assign drivers to
teams either randomly or based on homophily in age, hometown
location, or productivity. Having these teams compete for cash
prizes, we find that: (1) compared to those in the control condi-
tion, treated drivers work longer hours and earn 12% higher rev-
enue during the contest, with a larger effect (19%) for teams com-
prised of drivers who are more communicative and responsive; and
(2) drivers in responsive 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 leverage
team identity and team contests to increase revenue and worker
engagement in a gig economy.
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As trends in work sourcing move us toward a gig economy, this economy is
widely considered to be the future face of work, despite questions about its sus-
tainability (Ravenelle, 2019). While workers in traditional sectors derive their
identities from their work and share their experiences with co-workers, those
whose livelihood relies on the gig economy often find that “these are jobs that
don’t lead to anything,” citing a lack of work identity and bonds with co-workers
as well as an inability to move upward based on strong performance (The New
Yorker, May 15, 2017). Ride-sharing platforms, such as Uber, have experienced
high attrition rates (Scheiber, 2017). Among the many reasons why gig workers
leave their platforms, an unexplored aspect is the organization identity.

To analyze these and other concerns associated with the gig economy, we apply
social identity theory (Tajfel et al., 1971; Tajfel and Turner, 1979; Akerlof and
Kranton, 2000) to a large gig platform, DiDi Chuxing (DiDi henceforth), where
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individual drivers offer ride sharing in China. Specifically, we design a field exper-
iment to study team formation and inter-team competition within DiDi. In our
experiment, we examine how the creation of a team identity impacts driver rev-
enue. Furthermore, since DiDi is a flat organization with no group structure, we
are also able to investigate how different team formations impact team member
communication and productivity.

Our research applies insights from the social psychology and economics litera-
ture on identity (Brewer, 1999; Akerlof and Kranton, 2000, 2010). This research
shows that, when people feel a stronger sense of common identity with a group,
they exert higher effort and make more contributions to public goods to reach a
more efficient outcome in the laboratory, using either induced (Eckel and Gross-
man, 2005; Charness, Rigotti and Rustichini, 2007; Chen and Chen, 2011) or
natural identities (Goette et al., 2012; Chen et al., 2014). Moving from the lab
to the field, results have been mixed. In an early public goods field experiment,
Erev, Bornstein and Galili (1993) use team competition in fruit harvesting and
find that team competition increases productivity. Likewise, Ai et al. (2016) re-
port the results of a large-scale field experiment designed to test the hypothesis
that team membership can increase pro-social lending for 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 increases lending substantially
following the intervention. In a charitable giving context, Kessler and Milkman
(2018) show that individuals are more likely to donate when a facet of their iden-
tity associated with a norm of generosity is primed in field experiments run by
the American Red Cross. This study demonstrates how identity primes can be
implemented in practice to encourage public good provision. In comparison, Gee,
Schreck and Singh (2020) randomly assign potential donors into teams and vary
the social distance within these teams. They find no evidence that reduced social
distance increases giving. In a recent survey of the theory and experiments in
identity economics, Charness and Chen (2020) suggest that identity-based teams
in the field might be a useful behavioral mechanism to increase pro-social be-
havior. Applying this framework to our setting, we anticipate that a driver who
has a strong sense of team identity will work harder to help his team get ahead
compared to drivers who do not belong to any team (Brewer and Silver, 2000).

In examining how different team formations may have different effects on com-
munication and coordination, we use an algorithm that maximizes either simi-
larity or diversity within a team. We conjecture that similarity might facilitate
team member communication and coordination, leading to intra-team bonding
and team stability (Ruef, Aldrich and Carter, 2003; Yuan and Gay, 2006; Kim
and Aldrich, 2002). Indeed, empirical network science studies provide evidence
for homophily, or the tendency of people to associate with others whom they per-
ceive as similar to themselves in some way (McPherson, Smith-Lovin and Cook,
2001; Girvan and Newman, 2002). By contrast, we conjecture that diversity might
bolster team performance, due to different perspectives in problem-solving and
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better complementarity among team members (Krishnan, Miller and Judge, 1997;
Page, 2007).

In addition to examining different team formation strategies, we draw on in-
sights from contest theory (Konrad, 2009; Vojnović, 2016) and experiments (Sheremeta,
2018) to explore how to structure team contests, which have been shown to be
among the most effective ways to strengthen team identity in the laboratory
(Eckel and Grossman, 2005).

Lastly, our work contributes to the rapidly growing literature on the gig econ-
omy, and ride-sharing in particular, which has uncovered important insights re-
lated to labor market outcomes (Hall and Krueger, 2018), the value of flexible
work (Chen et al., 2019), consumer surplus (Cohen et al., 2016), and decentralized
dynamic matching efficiency (Liu, Wan and Yang, 2018). Our findings contribute
to this stream of research by showing that a team-based approach can significantly
increase driver revenue, their bonds with co-workers, and their team identity.

I. Experiment Design

To test the effectiveness of team formation and inter-team competition on pro-
ductivity, we design a multistage natural field experiment using the ride-sharing
platform DiDi. Founded in 2012, DiDi is the dominant ride-sharing company in
China. The platform employs more than 31 million drivers globally and offers
app-based transportation options for 550 million users across Asia, Latin Amer-
ica and Australia, making it the largest ride-sharing platform in the world.1 In
China, DiDi drivers comprise of workers laid off from their traditional jobs, vet-
erans, migrant workers from rural areas, and commuters who offer rides during
their daily commute. On the DiDi platform, drivers receive 81% of the revenue
they generate and give the remaining 19% to the platform.

We collaborate with the DiDi AI Labs to conduct our field experiment to ad-
dress one of its persistent problems, i.e., low engagement among its workforce,
which is also prevalent among other gig economy platforms (Ravenelle, 2019).
Our experiment consists of three stages: recruitment, team formation, and team
contest. In what follows, we present our design choices in each stage.

A. Recruitment and Power Analysis

We conduct our experiment in the southern city of Dongguan in the summer
of 2017, which has 480,000 registered DiDi drivers. We select our pool of drivers
based on their productivity in a two-week period (July 18 - 31, 2017) prior to
the announcement of the contest, using the following criteria to filter the drivers.
First, the driver has finished 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 she works during the two-week period. This filtering

1Statistics are from the company Website: https://www.didiglobal.com/about-didi/about-us, re-
trieved on March 5, 2020.
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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 comprise 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 in Beijing in January
and February 2017.2 We find that drivers in that random sample complete on
average 11.7 orders per day (σ = 4.7). Since we expect an effect size of 10%
(δ = 1.17), with α = 0.05 and β = 0.10 (90% power), this requires us to have 340
drivers per experimental condition, assuming equal variance across experimental
conditions (List, Sadoff and Wagner, 2011). As each team has seven drivers, 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 drivers text messages. In each text
message, we ask if the driver would like to register for a team contest, in which
they might find new friends and earn 1,000 CNY or more together as a team
if they win.3 Additionally, we ask if a driver is interested in becoming a team
captain, who will earn an additional 100 CNY upon fulfilling a 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 Appendix A.

For our experiment, we randomize our positive responses into the following
groups: (1) 1,750 drivers are randomized into our treatment group. These drivers
are subsequently partitioned into teams of seven (250 teams in total). (2) 350
drivers are randomized into the control group. These drivers are not placed in
a team. During the contest period, they continue to earn piece rate. (3) The
remaining 243 drivers serve as backups in case drivers in the treatments drop
out before the start of the contest. 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 Figure 1 presents the experimental procedure.

B. Team Formation

During the team formation stage, we first randomly assign the 1,750 treatment
drivers into five treatments, with the constraint that there are sufficient number
of drivers in each treatment who are willing to serve as a team captain. We then
group drivers in each treatment into 50 teams. We choose five team formation

2Using this particular data set for our power calculation is based on the availability of processed data
during the experiment design phase.

3Contest rules are announced after the team formation process and before the start of the contest.
See the Appendix A, for recruiting materials. Around the time of our experiment, the exchange rate was
1 USD ≈ 6.7 CNY.

4Similarity is based on pre-contest productivity using the number of trips in a 14-day window while
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.
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Figure 1. Experimental Procedure

algorithms based on homophily or diversity considerations.

Our first condition, hometown similarity, is based on previous findings that
location similarity is the most effective characteristic in getting a microfinance
community member to join a specific lending team (Ai et al., 2016). In our study,
we use hometown similarity, a form of location similarity, 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 in to 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 generation “born in the 1980s,” are meaningful identity
groups in China as each cohort has different socialization experiences (Harmel
and Yeh, 2015). Therefore, we form our age similarity teams to reflect an age
span of five years, e.g., 1980-1984, 1985-1989, with the exception of the 1960-1969
cohort, which spans a decade due to 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 partitioning
that ensure 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 pre-
ferred team formation algorithm by the platform. For this condition, we partition
the 350 drivers into 10 buckets (35 each) based on their number of trips completed
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in the two weeks prior to the announcement of the team contest. Within each
bucket, we randomize the drivers into teams of seven. We randomize several
times until we reach a partitioning that ensure at least one driver in each team
has volunteered to be a team captain.

Finally, we draw on recent scholarly research supporting the advantages of di-
versity (Page, 2007) and use two strategies to create diverse teams. To achieve
productivity diversity in our teams, we partition the 350 drivers into seven buckets
based on their number of trips completed in the two weeks prior to the announce-
ment 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
partitioning that ensure at least one driver in each team has volunteered to be a
team captain. Therefore, each team consists of drivers from all seven buckets.

Our final strategy, random formation, reflects the diversity achieved from a
random grouping of drivers. For this condition, we randomly partition the drivers
in to teams of seven and we 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 drivers in each team and 50 teams in each
treatment. As we have 531 volunteers for 250 captain positions, we randomly
select one volunteer to be the captain whenever a team has more than one. This
randomization enables us to estimate the effect of being a captain on productivity
and other metrics.

C. Within-team Communication

Within each team, we identify a team captain who is notified of this position,
given the phone number of each team member, and asked to complete a pre-
contest survey. The survey requires captains to communicate with each driver in
the team to get the last three digits of their license plate number as well as several
key pieces of demographic information (see Appendix B, for survey questions).
Meanwhile, team members are given the captain’s phone number and told that
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 communi-
cate and collaborate with their team members, as several laboratory experiments
demonstrate that a collaborative problem solving task involving group communi-
cations is a reliable way to strengthen group identity (Chen and Li, 2009; Chen
and Chen, 2011; Chen, Chen and Riyanto, 2020) and to improve within-group
coordination in contests (Cason, Sheremeta and Zhang, 2012). As the DiDi plat-
form does not contain any team communication tools, we expect that most teams
communicate by phone or WeChat,5 an expectation which is verified by our post-

5 WeChat is the dominant social media and communication app in China, which allows group com-
munication and group calls.
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experiment interviews. 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, as completing
the survey requires the captain to contact team members who need to respond
to the captain. In comparison, a non-responsive team is defined as such if the
captain does not submit the survey. This can happen because (1) the captain
never contacts team members; or (2) the captain tries to contact them but team
members are unresponsive; or (3) the captain contacts team members, team mem-
bers respond, but the captain eventually fails to submit the survey. In the first
two cases, either the captain or team members are non-responsive. In the last
case, the team members communicate with the captain but the captain forgets
to submit. While our design cannot disentangle these scenarios, communication
within “non-responsive teams,” such as in case (3), will only bias our heteroge-
neous treatment effects downwards (Tables 3 and 4). In our sample, 60.8% of our
captains submit their survey. Conditional on submitting the survey, 81.1% of the
answers are correct, indicating that communication did happen among responsive
teams

0% 20% 40% 60% 80% 100%
(a) % of Teams Submitting Questionnaires

Random

Productivity Diversity

Productivity Similarity

Age Similarity

Hometown Similarity

0% 20% 40% 60% 80% 100%
(b) % of Teams with various correctly

reported licence plate numbers

#plates
reported

6
5
4
3
2
1
0

Figure 2. Team Responsiveness in Different Treatments. Team Responsiveness is coded based

on the pre-contest 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.

Figure 2 reports the proportion of responsive teams using both a binary variable
to indicate whether a captain submits the survey (left panel) and the number
of correctly-reported license plate numbers (right panel), where darker shades
indicate more correct answers. From the left panel, we see that teams composed of
members from the same hometown have the highest proportion of responsiveness.
This result is consistent with prior research that shows that location similarity is
a strong predictor of whether a member of an online community joins a team (Ai
et al., 2016). The corresponding regression analysis is reported in Table F1 in the
Appendix F. The results in Table F1 again show that teams based on hometown
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similarity show the highest level of responsiveness. Quantitatively, these teams are
19% more likely to be responsive than age-similar or productivity-similar teams
after controlling for demographics. Along the intensive margin, however, we do
not find any significant difference among the teams whose captains have submitted
the survey. One possible reason for this finding may be that the captains decide to
submit their surveys only if they have sufficient information. Indeed, more than
75% of the captains who submit the survey correctly report at least five out of
six license plate numbers. While the team formation algorithms are not revealed
to any captains or drivers, we expect that people from the same hometown can
infer this information from their distinct accents.

D. Contest stage

Our contest rules are based on team contests of inherently individualistic sports,
such as tennis and chess, where team outcomes are determined by multiple pair-
wise battles. Specifically, we set up a contest where drivers from two rival teams
form pairwise 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 major-
ity of their battles. This team contest format is often deployed for table tennis
and badminton as well, which are popular sports in China that our drivers are
familiar with. Fu, Lu and Pan (2015) provide a theoretical analysis of this type
of team contests under complete information and sequential moves. In our ride-
sharing context, since we conduct a field experiment, our drivers also earn piece
rate in addition to any prize money. Furthermore, each driver finds out about
the outcome at the end of the contest day, making it an incomplete information,
simultaneous move team contest. These features differ from the settings in Fu,
Lu and Pan (2015).

To determine our pairwise team matching, we sort the 250 teams decreasingly
by the sum of team members’ individual number of trips in the two weeks prior to
the announcement of the contest. From the groupings of most to least productive
teams, two adjacent teams are paired for each contest, independent of their team
formation strategy. This matching process ensures that each pair of teams in
each contest is as similar as possible, preserving the symmetry assumption from
the theoretical model. We randomly assign each team-pair into one of three prize
allocation conditions with equal probability.

Table 1 illustrates the prize structure in each of the individual, team, and hybrid
prize allocation conditions. Under the individual prize condition, the driver who
wins the contest receives a 30 CNY prize, regardless of team performance. Under
the team prize condition, each driver in a team that wins a majority (4 or more)
of its contests receives a 30 CNY prize. Under the hybrid prize condition, drivers
receive both individual and team prizes of 15 CNY each. The prizes are set such
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Table 1—Prize Structure. 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.

Prize Structure Individual Wins Team Wins
Individual-Prize Treatment 30 -
Team-Prize Treatment - 30
Hybrid-Prize Treatment 15 15

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 Appendix C,
for the full-text translation of the newsletters). Finally, each contest consists of
seven component battles, where the drivers compete on the number of trips they
finish in one day of competition.

Table 2—Summary Statistics and Randomization Check

No
Contact

Control
Hometown
Similarity

Age
Similarity

Productivity
Similarity

Productivity
Diversity

Random P -value

Daily Rev. 223.8 269.0 264.4 266.6 255.9 265.9 260.9 0.858
(CNY) (109.7) (116.0) (117.2) (111.8) (107.8) (116.1) (105.2)

Local 0.307 0.24 0.231 0.254 0.300 0.254 0.231 1.000
(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 0.690
(7.775) (7.637) (7.273) (7.277) (7.620) (7.201) (7.462)

DiDi Age 0.806 0.869 0.868 0.879 0.868 0.850 0.849 0.916
(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 1.000
(0.152) (0.130) (0.130) (0.189) (0.092) (0.150) (0.167)

# Drivers 4,397 350 350 350 350 350 350

Note: Standard deviations appear in parentheses. P -values test the equality between the control and
the pooled treatment groups. No contact is not part of the control or treatment conditions.

Table 2 provides the summary statistics by experimental condition and reports
randomization checks. Our drivers are on average 35 years old, having been
driving for DiDi for 10 months, predominantly male (98%) and a quarter of them
are local (from Dongguan). Tests of equality between the treatment and control
conditions indicate that our randomization works (p > 0.10). Note that the
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no-contact condition is not part of the experiment.
The contest was implemented between August 13 - 21, 2017, with one day off

between every two contest days. Before each contest day, we reset the contest
and repeat it five times with the same pairing of teams. The contest 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 two weeks
prior to and four weeks after the contest.

II. Hypotheses

To motivate our hypotheses, we set up a simple theoretical framework of team
contests, with and without team identity, and characterize the solutions under
each treatment in the Appendix E. Based on our theoretical analysis, we formulate
the following hypotheses.

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

Hypothesis 1 is based on Observation 1 in Appendix E. Without team iden-
tity, the contest prizes provide the additional monetary incentives for drivers to
increase their effort.

We now consider the effects of team identity. Eckel and Grossman (2005)
demonstrate that inter-team competition is among the strongest methods that
induce team identity in the laboratory. According to Tajfel and Turner (1979),
an important part of the social identification process is social comparison. Once
we put drivers into teams and they have identified with that team, they then
tend to compare their team with the rival team, and maintain their self-esteem
by comparing favorably with the rival team. Based on this theory, we use a simple
reduced-form method to incorporate team identity into the contest framework,
which enable us to derive Observations 3 and 4.

From many laboratory experiments, we learn that ingroup communication in-
creases the strength of group identity, which leads to more contributions in a
public goods game (Eckel and Grossman, 2005), and greater effort in coordina-
tion games (Chen and Chen, 2011). Observation 3 in Appendix E predicts that
an increase in the strength of team identity leads to greater effort, which forms
the basis for the following hypothesis.

Hypothesis 2 (Communication). Drivers in responsive teams will exert greater
effort than those in non-responsive teams.

Based on prior field experiments on team competition (Ai et al., 2016), we
expect that teams based on homophily will perform better. In our experiment,
teams based on hometown similarity comprise drivers from the same (or a nearby)
province, whereas those based on age similarity share similar socialization expe-
riences. Both are meaningful and salient identities. Again, based on Observation
3 in Appendix E, we expect members of these teams to exert greater effort than
those from teams with weaker identities, such as randomly formed teams.
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Hypothesis 3 (Team Composition). Teams based on homophily are more
productive than randomly formed teams.

Lastly, Observation 2 in Appendix E indicates that, if drivers only care about
monetary prizes, the individual prize treatment should induce greater effort than
either of the other two prize conditions. However, when team identity is incorpo-
rated into the contest framework, the effort ranking might be different. Specifi-
cally, as both the individual and, to a lesser extent, hybrid prize rules prime the
importance of the individual, whereas the team prize rule primes the importance
of the team, we expect that drivers will have a stronger team identity under the
team prize rule. Observation 4 postulates that, under the team prize rule, a suf-
ficiently strong team identity can lead to greater effort compared to that under
either of the other rules. Based on Observation 4, we formulate the following
hypothesis.

Hypothesis 4 (Prize Structure). When team identity is sufficiently strong,
drivers under the team prize rule will exert greater effort compared to those under
either the individual or hybrid prize rule.

III. Results

In this section, we present the results from our field experiment. We first
examine the effect of our contest on driver working hours and revenue. We then
examine the impact of team formation on team performance, followed by the
effects of the prize allocation conditions. Finally, we end with a discussion of the
effects of leadership experience.

We first investigate the average treatment effect, i.e., the effects of team contest
on the number of hours worked, number of completed trips, and driver revenue.
Figure 3 presents our results for driver daily revenue before, during, and after
the contest period by experimental condition.6 The top panel presents the com-
parison across three 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 green line). The bottom panel further breaks the
treated drivers into those in responsive (solid orange line) versus non-responsive
(blue dashed line) teams.

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- (post-) contest periods. Finally, to in-
vestigate whether our effects last more than two weeks, we create the 4-week
post-contest period. Our choice of windows ensures that we always compare the
same day of the week pre-contest, contest, and post-contest. During our experi-
ment, we record daily data on each driver including the number of hours worked,

6The figure looks almost identical if we replace daily revenue with the number of hours worked or
the number of completed trips.
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Figure 3. Driver Daily Revenue Before, During, and After the Contest. 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 Pre-Contest, Post-Contest, and 4-week

Post-Contest periods. Note that driver revenue is calculated only on the 5 days in each

period accordingly. In the upper panel, drivers in the No Contact group are those who

meet our criteria but are not randomly selected to receive an invitation to participate in

our experiment. Drivers in the Treatment groups are those who sign up for the experiment

and are assigned to a team. Drivers in the Control group are those who sign up for the

experiment but are not assigned to a team nor do they participate in the contest. In the

lower panel, we break drivers in the Treatment group into Responsive versus Non-responsive

teams based on whether the team captain submits the pre-contest survey.
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the number of completed trips, and the revenue generated. On the DiDi platform,
drivers receive 81% of the revenue they generate and give the remaining 19% to
the platform.7

Returning to Figure 3, we see from the upper panel that those who sign up
to join a team, regardless of whether they are assigned to a treatment or control
condition, generate higher revenue than those who are never contacted (grey
dashed line). Figure 3 also shows that both the control group and the no-contact
group exhibit a similar decreasing trend over the eight-week time period of our
experiment, a pattern similar to the platform’s typical attrition rate.8 Our results
in the bottom panel of Figure 3 show that drivers assigned to a responsive team
demonstrate a much larger increase in revenue during the contest period compared
to those assigned to a non-responsive team.

Table 3—Average and Heterogeneous Treatment Effects on Working Hours. Difference-in-

differences linear panel regressions. We compare each of the three time periods with the

pre-contest period.

Dependent variable: ∆ of Daily Working Hours

Average Treatment Effects Heterogeneous Treatment Effects
(1) (2) (3) (4) (5) (6)

Time Period Contest
2-week Post

Contest
4-week Post

Contest
Contest

2-week Post
Contest

4-week Post
Contest

Treated 0.772∗∗∗ 0.379∗ 0.134
(0.192) (0.197) (0.221)
[0.001] [0.125] [0.7]

Responsive 1.205∗∗∗ 0.484∗∗ 0.188
(0.207) (0.205) (0.230)
[0.001] [0.057] [0.623]

Non-responsive 0.0996 0.217 0.0509
(0.207) (0.226) (0.248)
[0.71] [0.606] [0.838]

Constant -0.521∗∗∗ -1.579∗∗∗ -1.225∗∗∗ -0.521∗∗∗ -1.579∗∗∗ -1.225∗∗∗

(0.162) (0.180) (0.203) (0.162) (0.180) (0.203)

# Drivers 2,100 2,100 2,100 2,100 2,100 2,100
Observations
(#Drivers×#Days)

10,500 10,500 10,500 10,500 10,500 10,500

H0: Responsive = Non-responsive p < 0.001 p = 0.1148

Note: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses are clustered at the contest
(individual) level for treatment (control) conditions. False discovery rate adjusted q-values are in square
brackets to correct for multiple hypothesis testing.

7In the subsequent analysis, we focus on revenue comparisons, with the understanding that alternative
comparisons using driver income or platform profit would reach similar conclusions.

8High attrition rate also appears to be a problem with Uber drivers (Scheiber, 2017).
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Table 4—Average and Heterogeneous Treatment Effects on Daily Revenue. Difference-in-

differences linear regressions. We compare each of the three time periods with the pre-

contest period.

Dependent variable: ∆ of Daily Revenue (CNY)

Average Treatment Effects Heterogeneous Treatment Effects
(1) (2) (3) (4) (5) (6)

Time Period Contest
2-week Post

Contest
4-week Post

Contest
Contest

2-week Post
Contest

4-week Post
Contest

Treated 35.24∗∗∗ 17.36∗ 6.369
(9.319) (9.679) (10.09)
[0.001] [0.166] [0.68]

Responsive 56.21∗∗∗ 23.25∗∗ 9.607
(9.999) (10.12) (10.55)
[0.001] [0.066] [0.654]

Non-responsive 2.706 8.237 1.348
(10.14) (10.88) (11.23)
[0.889] [0.675] [0.905]

Constant -24.24∗∗∗ -66.96∗∗∗ -82.06∗∗∗ -24.24∗∗∗ -66.96∗∗∗ -82.06∗∗∗

(7.892) (8.844) (9.192) (7.892) (8.844) (9.193)

# Drivers 2,100 2,100 2,100 2,100 2,100 2,100
Observations
(#Drivers×#Days)

10,500 10,500 10,500 10,500 10,500 10,500

H0: Responsive = Non-responsive p < 0.001 p = 0.063

Note: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses are clustered at the contest
(individual) level for treatment (control) conditions. False discovery rate adjusted q-values are in square
brackets to correct for multiple hypothesis testing.

To quantify the average and heterogeneous treatment effects on outcome, Y ,
respectively, we construct the following difference-in-differences models:

∆Yi,t = β0 + β1 ∗ Treated + εi,t,(1)

∆Yi,t = β0 + β1 ∗ Responsive + β2 ∗Non-responsive + εi,t,(2)

where ∆Yi,t represents the outcome change of the t-th day in the current period
compared to the t-th day in the pre-contest period. We report the results of these
models in Tables 3 (number of hours worked) and 4 (daily revenue) in the main
text, and Table F3 (daily number of trips completed) in Appendix F. Each table
includes both the average (specifications 1-3, eq. 1) and heterogeneous treatment
effects (4-6, eq. 2).

Table 3 reports the treatment effect on the number of hours worked. Pooling
drivers across all treatment and control conditions, we find that treated drivers
work longer hours (additional 0.77 hours, or 46 minutes, per day for all treated
drivers). In Table 4, we find that the daily revenue for treated drivers increases
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by 35 CNY (12%) during the contest period compared to those in the control
condition.9 Furthermore, this effect persists during the two-week post-contest
period, albeit with half of the effect size and marginally significant.

In these and subsequent analyses, we report the false discovery rate adjusted q-
values in square brackets to correct for multiple hypothesis testing (Benjamini and
Hochberg, 1995) using the Stata code provided by Anderson (2008). We follow
the convention of using 5% (respectively 10%) cutoff for p-values (respectively
q-values) to claim statistical significance (Efron, 2010). We summarize our first
result below.

Result 1 (Average Treatment Effect: Team Contest). During the contest
period, drivers in teams work 46 minutes longer per day and generate 12% higher
revenue compared to those in the control condition.

By Result 1, we reject the null in favor of Hypothesis 1 that drivers in a team
contest will exert greater effort than those in the control condition. We find that
the effect size is both statistically and economically significant.

Separating our results by team responsiveness (specifications 4-6) in Table 3,
we find that the increased hours worked for those in responsive teams is 1.2
hours (p < 0.001), whereas the treatment effect for non-responsive teams is not
significantly different from zero. Similarly, in Table 4, we find that the increased
daily revenue for those in a responsive team is 56 CNY (19%, p < 0.001), whereas
the treatment effect for non-responsive teams is again not significantly different
from zero. In both tables, the treatment effect for those in responsive teams
persists during the two-week post-contest period (hours worked: 0.484, p < 0.05;
revenue: 23 CNY, p < 0.05). Comparing the two types of teams, we find that
drivers in responsive teams work significantly longer and generate significantly
higher revenue than those in non-responsive teams (p < 0.001 for both outcome
variables).

Result 2 (Heterogeneous Treatment Effect: Communication). During
the contest period, drivers in responsive teams work 1.2 hours longer per day
and generate 19% higher revenue compared to those in the control condition.
Furthermore, they continue to work longer hours and earn higher revenue during
the two weeks after the contest ends.

By Result 2, we reject the null in favor of Hypothesis 2 that drivers in re-
sponsive teams will exert greater effort than those in non-responsive teams. In
our experiment, treated drivers’ increase in revenue primarily comes from longer
hours worked rather than faster driving or location preferences. In an empirical
study, Cook et al. (2018) find that the gender earnings gap among Uber drivers
can be explained by three factors: driving experience, location preference and
speed. Our study confirms the effect of driving experience, as the variable, DiDi

9In this and subsequent comparisons, we use the average daily revenue of drivers in the control group
in the five days corresponding to contest days during the two weeks before the contest (295.37 CNY) as
the baseline.
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Age, has a statistically significant and economically substantial effect on revenue
(Table F2 in Appendix F). While we do not observe location preferences in our
data, speed is often out of the control of our drivers due to traffic congestion.

Lastly, the average and heterogeneous treatment effects are robust to demo-
graphic controls (Table F2 in Appendix F). Adding demographic controls reveals
a significant association between work experience (DiDi Age) and revenue (17
CNY, p < 0.01) both during and two weeks after the contest.

As the treatment effect could be driven by a combination of team identity and
competition, we provide some evidence that it is not entirely driven by com-
petition for monetary prizes. First, treated drivers continue to generate higher
revenue in the two weeks post contest, absent of any monetary prize or formal
competition. Furthermore, this spillover effect is larger for responsive teams, con-
sistent with evidence from laboratory experiments that in-group communication
strengthens team identity (Chen and Li, 2009). Lastly, our post-contest survey
(Appendix D) indicates that over 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), 79.2% 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 post-experiment interview with 14
drivers conducted by DiDi staff and the first author, where drivers mention find-
ing friends from their hometown as one of the top benefits of the contest, and
that teammates continue to socialize after the contest.

In our experiment, we are also interested in whether different ways of forming
teams have different effects on our results. Table 5 presents our results using team
formation strategy as the independent variables in specifications (1) - (3). For
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, productivity, and DiDi age within a
team; we measure hometown diversity using the average distance (in kilometers)
between any two drivers within the same team. Our results in Table 5 show that,
irrespective of our independent variables, team formation has no significant effect
on driver revenue during the contest. Interestingly though, we find that teams
based on age similarity exhibit significantly higher revenue during the two-week
period after the contest, earning 33 CNY more on average compared with drivers
in randomly-formed teams (specification 2, p < 0.05, q = 0.122). This observation
is confirmed by the negative correlation between standard deviation of age and
team productivity (specification 5, p < 0.05). We summarize our analysis below.

Result 3 (Team Formation). Teams based on age similarity are more produc-
tive than randomly formed teams two weeks post contest.

By Result 3, we reject the null in favor of Hypothesis 3 that teams based on
homophily are more productive than those from randomly formed teams. In this
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case, only teams based on age similarity exhibit a significant effect.
Next, we examine the effects of prize structure on driver revenue. Table 6

presents pairwise comparisons between the three prize structures under each team
formation algorithm. The outcome variable being compared is the difference in
driver revenue, which is the same as the ∆ of Daily Revenue (CNY) in Tables 4
and 5. Based on the multiplicity-adjusted p-values (List, Shaikh and Xu, 2019),
variations in the prize structure have a significant effect on changes in revenue
only for teams formed based on hometown similarity. Specifically, team prize
leads to a greater increase in daily revenue than either the hybrid (68.4 CNY,
multiplicity-adjusted p = 0.0003) or individual prizes (41.8 CNY, multiplicity-
adjusted p = 0.062).
Result 4 (Prize Structure). For teams based on hometown similarity, team
prize leads to a 23% (14%) increase in daily revenue than the hybrid (individual)
prize.

By Result 4, we reject the null in favor of Hypothesis 4. This result is largely
consistent with findings from laboratory experiments that between-group com-
petition can enhance cooperation and coordination within a group (Sheremeta,
2018), although we are not aware of any laboratory implementation of the exact
payoff structure as that in our field experiment.

Finally, we are interested in the productivity of those who volunteer to be
captains in our study. Our results in Table F4 in Appendix F, show that those
who had completed more trips in the two weeks prior to the announcement of the
contest, as well as those who had been working for DiDi for a longer period of
time (i.e., their DiDi age) were significantly more likely to volunteer to lead. In
141 teams with two or more drivers who express interests in being a captain, only
one in each team is randomly appointed as the team captain. OLS regressions
show that among our base of 298 volunteers, those who are randomly chosen
to be captains are more active than those who are randomized out, earning 34
CNY more per day on average (p < 0.10) during contest days (Table F5 in the
Appendix F), although this result is only marginally significant.

Related to the treatment effects on captains, we address the question of whether
team members benefit from being in a team as much as the captains who are both
more productive and more experienced before teams are formed. To answer this
question, we re-evaluate the treatment effects on team members by excluding
the captains from the analysis (Table F6 in Appendix F). We find that both the
average and the heterogeneous treatment effects remain as significant and large
as those with captains included. This indicates that the contest benefits less
productive drivers as much as the more productive ones.

IV. Discussion

Our study uses a natural field experiment at a ride-sharing platform in China to
understand how team formation and other factors impact team responsiveness,
driver working hours and productivity. Applying social identity theory to the
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ride-sharing context, we use different team formation strategies to place drivers
in teams and compare our treatment and control groups on their revenue earned
during and after a contest. Our results show that, compared to 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, with a much larger effect
(1.2 longer hours, 3.5 more trips, 19% more revenue) for responsive teams who
communicate more with each other prior to the contest. Furthermore, we find
that drivers in responsive teams as well as those in teams comprised of drivers
with similar age continue to work longer hours and generate higher revenue during
the two weeks after the contest, absent of any cash prize or formal competition.

We conclude with a few observations on the impact of our experiment on the ac-
tual organization of the platform and the gig economy in general. Encouraged by
the results of our experiment, DiDi shipped two of our team-formation algorithms
(hometown similarity and age similarity) into production within their platform.
In 2018 alone, DiDi conducted 1,548 team contests across 180 cities in China, in-
volving over two million drivers. These contests, typically one-week long, helped
the platform to meet high demands from tourists during national holidays, and
increased both driver income as well as their retention (Ye et al., 2019). While
our experiment examines the effect of team formation on one platform, our re-
sults indicate that team identity shows great promise as a design tool that can
be leveraged to increase worker productivity and engagement in the modern 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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Table 5—Similarity and Diversity on Driver Revenue: DID regressions on treated drivers.

The dependent variable is the difference in driver revenue (compared with the pre-contest

time window). For (1-3), the omitted category is the Random treatment.

Dependent variable: ∆ Daily Revenue (CNY)

By Treatment Group By Diversity Metrics
(1) (2) (3) (4) (5) (6)

Time Period Contest
2-week Post

Contest
4-week Post

Contest
Contest

2-week Post
Contest

4-week Post
Contest

Age Similarity 0.933 33.19∗∗ 9.806
(16.91) (12.70) (11.05)
[0.957] [0.122] [0.474]

Hometown 5.838 20.70 17.12
Similarity (18.35) (13.16) (13.62)

[0.820] [0.468] [0.474]

Productivity -14.65 21.47∗ 13.85
Similarity (17.15) (12.04) (12.67)

[0.474] [0.463] [0.474]

Productivity -17.50 17.50 11.33
Diversity (15.62) (12.25) (13.09)

[0.474] [0.468] [0.474]

Age Std. Dev. -0.417 -3.357∗∗ -0.123
(1.647) (1.346) (1.279)

Avg. Hometown 0.0297 -0.00706 -0.0196
Distance (0.0242) (0.0227) (0.0203)

Productivity 0.0953 -0.0347 -0.00401
Std. Dev. (0.122) (0.0882) (0.0961)

DiDi Age -0.0646 -0.0370 -0.0852
Std. Dev. (0.0914) (0.0852) (0.0799)

Constant 16.07 -68.17∗∗∗ -86.12∗∗∗ 4.701 -15.89 -48.15∗∗

(13.69) (9.377) (8.566) (29.68) (21.04) (22.52)

# 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

Note: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses are clustered at the contest
(individual) level for treatment (control) conditions. False discovery rate adjusted q-values are in square
brackets to correct for multiple hypothesis testing.



20 THE AMERICAN ECONOMIC REVIEW MONTH YEAR

Table 6—Effects of Prize Structure on Daily Revenue. For each team formation algorithm,

we conduct pairwise comparisons between the three prize structures. The outcome variable is

the difference in driver revenue, which is the same as the ∆ Daily Revenue (CNY) in Tables 4

and 5. Based on multiplicity-adjusted p-values (List, Shaikh and Xu, 2019), the prize structure

has a significant effect on revenue only under the Hometown Similarity algorithm.

Recommendation
Algorithm

Prize A Prize B
∆ outcome

(A - B)
Bootstrapped p-value

(Unadjusted)
Multiplicity-

Adjusted p-value

Age
Similarity

Team Hybrid -26.73 0.075 0.510
Team Individual -28.44 0.072 0.550

Hybrid Individual -1.70 0.925 0.995

Hometown
Similarity

Team Hybrid +68.42 0.0003 0.0003
Team Individual +41.79 0.005 0.062

Hybrid Individual -26.63 0.073 0.537

Productivity
Diversity

Team Hybrid +15.43 0.358 0.897
Team Individual -1.08 0.952 0.952

Hybrid Individual -16.52 0.363 0.88

Productivity
Similarity

Team Hybrid -6.24 0.686 0.989
Team Individual -19.79 0.167 0.763

Hybrid Individual -13.55 0.347 0.925
Team Hybrid +23.20 0.150 0.746

Random Team Individual +17.61 0.273 0.896
Hybrid Individual -5.59 0.762 0.99
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Appendix A. Text Messages

1) Contest announcement text message, sent to all eligible drivers:

DiDi driver team contest is about to start, [an opportunity] to
get to know new friends and win more than 1,000 yuan in bonus.
Click here to register and get a position in the participation quota!

2) Team formation text messages

a) Message sent to team captains:

You have been selected as a DiDi team contest team captain.
Please make sure to click this link to fill out information about
your team members by 10:00 PM on August 12th. If you do
not submit, we will deem your team formation as unsuccess-
ful, and you cannot receive the team captain bonus. Contact
information for your team members [is as follows]: {Name1,
cell phone number}, {Name2, cell phone number}, {Name3,
cell phone number}, {Name4, cell phone number}, {Name5,
cell phone number}, {Name6, cell phone number}.

b) Message sent to team members:

Congratulations! You have successfully registered for the DiDi
team contest. Please cooperate with your team captain to
provide information [such as] the last digits of your license
plate number to complete the team formation [information]
submission. If your captain has not contacted you yet, please
take the initiative to contact and cooperate with your team
captain. [The] team captain’s contact information is: {Name,
cell phone number}. A successful team formation facilitates
winning the bonus. If you encounter any problems, please
click this link to let us know. (Please ignore this message if
you have already completed the process.)

3) Text message sent to drivers in the control group:

Thank you for registering for the DiDi driver team contest! Many
people registered for this popular activity. According to the ac-
tivity rules, you were not selected to participate in this activity
based on the lottery [selection]. Do not be discouraged. You will
have priority to participate in our next activity.

4) Announcement of contest rules:

DiDi driver team contest will formally start on Sunday! Click
this link to check the activity rules. Contest is on for odd-numbered
days. Teams compete and win cash bonus at ease!
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5) Announcement of daily updates:

The first day results of driver team contest is ready to be re-
vealed! Did you beat your opponent? Did you team win? Click
the newsletter to find out.

Appendix B. Pre-Contest Survey

Captains, please contact each team member, confirm and fill out the [requested]
information. We suggest that team captains contact team members by phone,
and then set up a WeChat group to facilitate information acquisition from and
communications with the team members. Move on to victory!

Team formation confirmation deadline: August 18th.
Please fill out the information completely and correctly. Captains who success-

fully confirm the team formation will get an extra bonus of 50 yuan after the
contest.

1) As a captain, please contact every team member and obtain the last 3 digits
of their license plate numbers. [six blank lines, one for each team member]

2) Together with your team members, please come up with a powerful name
for your team:

3) To get to know each other better and to increase the likelihood of winning,
please confirm with your team members: Where is the farthest hometown
from Dongguan among your team members?

4) To get to know each other better and to increase the likelihood of winning,
please confirm with your team members: What is the maximum age in your
team?

5) If you encounter any problem in the team formation process, please explain
here. If you encounter issues with any of your team members, please explain
and leave the team member’s phone number here.

Appendix C. Newsletter Implementing Treatments

The newsletter for each treatment is identical except for the section, “Prize
Allocation Rules.” Therefore, we first present the newsletter for the Individual
Prize treatment here in full.

Contest Rules:

• Two teams form a match.

• Rules for winning:
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– At the individual contest level, the driver who completes more trips
during the contest day wins the individual contest. If the number of
trips tie, the driver who generates more revenue wins.

– At the team contest level, the team whose members win a majority of
their individual contests during the contest day wins the team contest.

• Competitor matching:

– Individual matching: a team member is ranked within a team based on
the number of completed trips in the previous game day, and compete
with the member of the same rank in the rival team.

– Team matching: The system pairs teams with comparable productivity
based on the total number of completed trips in the two weeks prior
to the contest. The pairing persists [througout the contest].

• Contest days: August 13, 15, 17, 19, 21; 5 days in total.

Prize Allocation Rules:

[Individual Prize treatment]
The team member who wins the individual contest receives 30 CNY, with a

maximum total of 150 CNY for the five contest days.

Additional Rules:

1) Carpool trips and pre-scheduled trips also count towards the contest.

2) Prize amounts, include the team captain’s reward, will be posted within five
business days.

3) If the system detects cheating behavior, the respective team member’s com-
pleted trips will be treated as zero.

4) Before the start of the contest, if a team member can no longer participate
due to unexpected circumstances, the system will replace this team member
with another driver of similar characteristics after confirmation from both
the captain and the respective team member.

5) After the contest begins, team members can no longer be replaced. For team
members who can no longer participate due to an unexpected circumstance,
the captain should provide timely feedback and communications. Upon
confirmation, the respective team member’s number of completed trips in
future contest days will be set as zero, and any [of the team member’s
eligible] prize will be divided equally among the remaining teammates.

This is the end of the newsletter for the Individual Prize treatment.
The newsletter for each treatment is identical except for the section, “Prize

Allocation Rules.” Therefore, we only present this section of the newsletter for
the Team Prize and Hybrid Prize treatments.
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Prize Allocation Rules:

[Team Prize treatment]
The team that wins a team contest receives 210 CNY, with a maximum total

of 1050 CNY for the five contest days (with the prize divided equally among the
team members).

Prize Allocation Rules:

[Hybrid Prize treatment]
The team member who wins an individual contest receives 15 CNY, whereas

the team that wins the team contest receives 105 CNY (with the prize divided
equally among the team members). The individual and team prizes are calculated
separately.

Appendix D. Post-Contest Survey and Responses

The survey response rate is 25.3% (443 out of 1,750). Table F7 presents factors
which affect the likelihood of responding to the post-contest survey. The number
and percent of drivers choosing a certain choice are indicated in the brackets.

1) Did you participate in the team contest in Dongguan from August 13th to
August 21st?

a) Yes. (99.3%)

b) I am not sure. (0.7%)

2) To what extent do you like this team contest? Please rate on a scale from
1 (dislike extremely) to 5 (like very much).

(1) Dislike extremely (4, 0.9%)

(2) Dislike (6, 1.4%)

(3) Neutral (42, 9.5%)

(4) Like (60, 13.5%)

(5) Like very much (331, 74.7%)

3) Why do you like this team contest? Please select all that apply. (Limited
to the 508 drivers who choose 4 or 5 in Question 2.

a) I have a sense of team belonging. (252, 56.9%)

b) The contest is interesting and thrilling. (176, 39.7%)

c) I get to make more friends. (260, 58.7%)

d) Winning the contest gives me a sense of honor. (233, 52.6%)

e) I get the monetary bonus. (255, 57.6%)
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f) Other reasons. Please specify. (17, 3.8%)

4) Why do you dislike this team contest? Please select all that apply. (Limited
to the 69 drivers who choose 1, 2, or 3 in Question 2.)

a) The team members are not collaborative or united enough. (23, 44.2%)

b) The team is not active enough to justify its existence. (33, 63.5%)

c) The captain did not have good leadership or management skills. (27,
51.9%)

d) The contest rules are too complicated for me to understand. (4, 7.7%)

e) The contest rules are unfair. (8, 15.4%)

f) The monetary bonus is not large enough to attract me. (26, 50.0%)

g) Other reasons. Please specify. (8, 15.4%)

5) As a team member/captain , what did you get from this team contest?
Select all that apply.

a) I made more friends. (308, 69.5%)

b) I improved my leadership skills. (only for captains, 63, 70.0% among
captains)

c) I improved my communication skills. (208, 47.0%)

d) I improved my collaboration skills with other drivers. (256, 57.8%)

e) I became more experienced and skillful about taking the DiDi orders.
(218, 49.2%)

f) I got consolation from my teammates when I was down. (144, 32.5%)

g) Other reasons. Please specify. (24, 5.4%)

6) Which of the rules in this contest do you like? Please select all that apply.

a) There was one day off between two contest days. (209, 47.2%)

b) Scores were announced immediately after each contest day. (232,
52.4%)

c) There were both driver-level and team-level competitions. (297, 67.0%)

d) The team could discuss and decide the lineup together. (66, 31.6%
among the 209 applicable participants)

e) The lineup changed between contest days. (144, 32.5%)

f) Other reasons. Please specify. (5, 1.1%)

g) None. (19, 4.3%)

7) How did your team get along in this contest? Please select all that apply.
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a) Although each team member was different, we got along well. (228,
51.5%)

b) Our team shared common characteristics and had common conversa-
tion topics. (196, 44.2%)

c) Everyone contributed for our team’s honor during the contest. (301,
67.9%)

d) Inactive team members influenced others’ enthusiasm [for the contest].
(149, 33.6%)

8) What would you choose if you could participate in the contest again?

a) I will choose to be a team member. (273, 61.6%)

b) I will choose to be a team captain. (123, 27.8%)

c) I have not made up my mind. (47, 10.6%)

9) Why did you prefer NOT to be a team captain? (Applicable only to drivers
who choose team member in Question 8.)

a) I do not want to initiate communications with strangers. (7, 4.1%)

b) I do not know how to lead a team. (73, 42.9%)

c) The extra bonus for team captains is not enough. (18, 10.6%)

d) Team captains take up too much extra work. (40, 23.5%)

e) I am inexperienced with team management and I need more practice.
(99, 58.2%)

f) Other reasons. Please specify. (11, 6.5%)

10) What do you think a team captain should do?

a) Lead by example. (314, 70.9%)

b) Be positive and energetic. (287, 64.8%)

c) Help teammates to be more active. (315, 71.1%)

d) Help the team win the contest. (283, 63.9%)

e) Provide feedback and suggestions to the DiDi platform on behalf of
the team. (251, 56.7%)

f) Other reasons. Please specify. (10, 2.3%)

11) What is your preferred way to join a team?

a) I prefer to join the team WeChat group and communicate with other
teammates online. (55, 12.4%)

b) I prefer to call others and ask to join their team. (245, 55.3%)
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c) I prefer to wait for others to call me and invite me to join their team.
(140, 31.6%)

d) Other reasons. Please specify. (3, 0.7%)

12) Which of the following teams would you prefer?

a) Temporary teams, so I can join a different team in each contest. (92,
20.8%)

b) A long-lasting team, so team members can keep in touch after the
contest. (351, 79.2%)

13) Which of the following team structure would you prefer?

a) I do not care if there is a team captain or not, as long as all team
members can work together. (320, 72.2%)

b) I prefer to have a team captain and team members, with each member
taking on a different role. (121, 27.3%)

c) Other reasons. Please specify. (2, 0.5%)

14) Which of the following prize structure do you think is the best for team
contests (given that the total amount of the prize is fixed)?

a) Team prize. The prize should be allocated equally or proportional to
the contributions of the team members. (168, 37.9%)

b) Get rid of the team prize. The prize should emphasize individual
contributions. (251, 56.7%)

c) In addition to the team prize, there should be some prize to reward
individuals who contribute a lot. (24, 5.4%)

15) Do you have other suggestions for team activities?
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Appendix E. A Theoretical Framework

In this section, we set up a theoretical framework to motivate our hypotheses.
The reader can find similar characterizations of symmetric pure strategy Bayesian
Nash equilibrium strategy in simultaneous contests under incomplete information
in textbooks, such as Vojnović (2016) Chapter 2. Using our field experiment
context, we sketch a simple version here for completeness.

For player i, let xi ∈ [0, x̄] denote his effort, which can be approximated by the
number of hours he drives each day. The platform imposes a maximum of ten
hours of driving per day, which justifies the upper bound, x̄. Let ci ∈ (0, c̄] be his
marginal cost of effort, and w > 0 be the piece rate for all players. In the control
condition where a driver earns piece rate, a risk neutral driver will maximize his
expected income, wxi−cixi, and will max out his disposable hours, xi ≡ x0(ci) > 0
if w > ci, and xi = 0 otherwise. We omit the case with risk aversion and
other plausible assumptions on preferences, as they have been dealt with in the
theoretical (Fibich, Gavious and Sela, 2006) and experimental literature (Noussair
and Silver, 2006). We now characterizes players’ equilibrium effort function under
each of the three contest rules.

Case 1. Individual Prize. Under the individual prize contest rule, a player wins a
cash prize, V , if he completes more trips than his match, regardless of whether his
team wins or not. For simplicity, we assume that a player working longer hours
will complete more trips, which is justified in our data, e.g. by comparing results
in Table 3 with those in Table F3. If team identity is not taken into consideration,
this reduces to a modified two-player all-pay contest with an extra component of
piece rate, wxi. Player i’s objective function is:

(E1) Ui = max
xi

P (xi ≥ xj)V + wxi − cixi.

Again, xi ≡ x0(ci) if w > ci. We now examine the more interesting case of
ci ∈ (w, c̄]. Define vi = V/(ci − w), Equation (E1) can be written as:

max
xi

P (xi ≥ xj)vi − xi.

In a symmetric Bayesian Nash equilibrium, each player employs the same strictly
decreasing effort function x(·) : (w, c̄] → [0, x̄]. Let players’ marginal costs be
independent and identically distributed according to a prior distribution, F (c),
with a corresponding density function f(c). The probability that player i wins is
P (xi ≥ xj) = P (cj > ci) = 1− F (ci). Using the effort function, x(·), the driver’s
objective function can be written in the following standard form:

max
xi

[
1− F (x−1(xi))

]
vi − xi.
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The first-order condition with respect to xi is:

−f(x−1(xi))
dx−1(xi)

dxi
vi = 1,

−f(ci)

(
dxi
dci

)−1

vi = 1,

which leads to the following differential equation characterizing the solution,
xI(ci):

(E2) x′I(ci) = −f(ci)vi.

If we know the functional form of F (·), we can plug the corresponding density
function f into Equation (E2) and solve for the equilibrium effort function, xI(·),
which we demonstrate in the following numerical example.

In this example, we assume w = 1, c̄ = 2, and ci is uniformly distributed over
(1, 2]. Equation (E2) becomes:

x′I(ci) = −f(ci)vi = − V

ci − w
.

The solution is characterized as xI(ci) = −V ln(ci−w) +C. Since Ui(ci = 2) =
(w − ci)xi = −xi ≥ 0, we have xi(2) = C = 0. We then obtain the following
close-form solution for the effort function:

(E3) xI(ci) = V [− ln(ci − w)].

Case 2. Team Prize. Under the team prize rule, a team wins if and only if a
majority of its drivers win their component battles. We denote the probability
that i is pivotal as Pi. In this case, player i’s utility function is:

(E4) max
xi

[PiP (xi ≥ xj) + (1− Pi)P (i’s team wins)] vi − xi.

Player i is pivotal when there are exactly three other players winning and three
other players losing in his team. As the ex ante probability of any player winning
is 1/2, the probability that i is pivotal is Pi =

(
6
3

)
(1

2)6 = 5
16 , and the probability

that i’s team wins is 1
2 . Therefore, the objective function (E4) can be simplified

as:

max
xi

{
5

16

[
1− F (x−1(xi)

]
+

11

16
× 1

2

}
vi − xi.

The corresponding first-order condition is:

− 5

16
f(x−1(xi))

dx−1(xi)

dxi
vi = 1,
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which leads to the following characterization of the solution, xT (ci):

x′T (ci) = − 5

16
f(ci)vi.

Using the same numerical example, we obtain the following closed-form solution:

xT (ci) =
5

16
V [− ln(ci − w)].

Case 3. Hybrid Prize. Under the hybrid prize rule, a player wins a cash prize V/2,
if he exerts more effort than his match, regardless of whether his team wins or
not; he gets an additional V/2 if his team wins. In this case, player i’s objective
function is a convex combination of those in the first two cases:
(E5)

max
xi

[
1− F (x−1(xi))

] vi
2

+ [PiP (xi ≥ xj) + (1− Pi)P (i’s team wins)]
vi
2
− xi.

Taking the first-order condition and simplifying, we obtain the following char-
acterization of the solution, xH(ci):

x′H(ci) = −21

32
f(ci)vi.

Using the same numerical example, we obtain a corresponding closed-form so-
lution:

xH(ci) =
21

32
V [− ln(ci − w)].

We now summarize the above characterizations, using t ∈ {I, T,H} to repre-
sent the individual, team and hybrid prize contest rules, respectively. Based on
Equations (E1), (E4) and (E5), we make the following observation.

Observation 1. Under any of the three contest rules, a player exerts greater effort
than a corresponding player under the control condition, i.e., xt(ci) ≥ x0(ci), for
t ∈ {I, T,H}.

It is also straightforward to see that, under any of the three contest rules, a
player with a higher marginal cost exerts less effort, i.e., ∂xt/∂ci < 0. Further-
more, a larger prize induces higher effort, i.e., ∂xt/∂V > 0, for t ∈ {I, T,H}. We
now rank the equilibrium effort under the three rules.

Observation 2. Without any team identity, players under the individual prize rule
exert greater effort than a corresponding player under the hybrid prize rule, who
in turn, exert greater effort than that under the team prize rule, i.e., xI(ci) ≥
xH(ci) ≥ xT (ci).

Team Identity. Eckel and Grossman (2005) demonstrate that inter-team contests
are among the strongest methods that induce team identity in the laboratory.
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According to Tajfel and Turner (1979), an important part of the social identifica-
tion process is social comparison. Once we put drivers into teams and they have
identified with that team, they then tend to compare their team with the rival
team, and maintain their self-esteem by comparing favorably with the rival team.
Based on this theory, we use a simple reduced-form method to incorporate team
identity into the contest framework. Specifically, we use αt ≥ 1, t ∈ {I, T,H}, to
denote the strength of a player’s team identity under contest rule t, which trans-
lates into how much weight he puts on his team winning the contest. Therefore,
the objective functions under each of the three rules are modified as follows.

• Under the individual prize rule, even though a player wins the prize if and
only if he exerts higher effort than his rival, his winning contributes to
his team’s performance. Therefore, he might care more about winning his
individual battle. In this case, the objective function (E1) becomes

max
xi

αIP (xi ≥ xj)V + wxi − cixi,

with the following characterization of the solution, xI(ci, αI):

x′I(ci, αI) = −αIf(ci)vi.

The same numerical example yields the following solution:

xI(ci, αI) = αIV [− ln(ci − w)] ≥ xI(ci).

• Under the team prize rule, a player wins the prize if and only if his team
wins a majority of the component battles. A player with a stronger team
identity cares more about his team winning. The objective function (E4)
becomes:

max
xi

αT [PiP (xi ≥ xj) + (1− Pi)P (i’s team wins)] vi − xi,

which leads to the following characterization of the solution, xT (ci, αT ):

x′T (ci, αT ) = − 5

16
αT f(ci)vi.

The same numerical example yields the following solution:

xT (ci, αT ) =
5

16
αTV [− ln(ci − w)] ≥ xT (ci).

• Under the hybrid prize rule, with team identity, the objective function (E5)
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becomes:

max
xi

αH

{[
1− F (x−1(xi))

]
+ [PiP (xi ≥ xj) + (1− Pi)P (i’s team wins)]

} vi
2
−xi.

The solution, xH(ci, αH), is characterized by:

x′H(ci, αH) = −21

32
αHf(ci)vi.

The same numerical example yields the following closed-form solution:

xH(ci, αH) =
21

32
αHV [− ln(ci − w)] ≥ xH(ci).

We now summarize our analysis of team identity.

Observation 3. Under any of the three contest rules, an increase in the strength
of team identity leads to a higher effort, i.e., ∂xt/∂αt > 0, for t ∈ {I, T,H}.

Lastly, we discuss on the relative strengths of team identity under the three
rules. As both the individual and, to a lesser extent, hybrid prize rules prime the
importance of the individual, whereas the team prize rule primes the importance
of the team, we expect that players will have a stronger team identity under
the team prize rule, i.e., αT > αI , and αT > αH . In the numerical example, if
αT > 16

5 αI , we have xT > xI . Similarly, when αT > 21
10αH , we have xT > xH .

Therefore, compared to the case without any team identity (Observation 2), the
effort ranking with team identity might be different. In particular,

Observation 4. Under the team prize rule, a sufficiently strong team identity can
lead to a higher effort compared to that under either of the other rules, i.e., when
αT is sufficiently high, we can have xT > xI and xT > xH .

The observations in this section form the basis for our hypotheses in Section II.
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Appendix F. Additional Analyses

This section presents additional data analyses and robustness checks.
In Table F1, 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 OLS regression to examine the treatment effect along the intensive margin,
with the number of license plates reported correctly as the dependent variable.
The results in Table F1 show that teams based on hometown similarity show the
highest level of responsiveness. Quantitatively, these teams are more likely to
be responsive than age-similar teams, productivity-similar teams, or randomly-
composed teams after controlling for demographics (0.191, p < 0.05, q = 0.141).
Along the intensive margin, however, we do not find any significant difference
among the teams whose captains have submitted the survey. One possible reason
for this finding may be that the captains decide to submit their surveys only if
they have sufficient information. Indeed, more than 75% of the captains who
submit the survey get at least five out of six license plate numbers correctly.
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Table F1—Treatment Effects on Team Responsiveness. The extensive margin measures

whether the team captain submits the questionnaire, reporting the average marginal effects

of Probit estimates. The intensive margin measures the number of license plates reported

correctly. The omitted group is Productivity Similarity.

Extensive margin, Probit Intensive margin, OLS
Y = P (Responsive) Y = #Correct Plate Numbers

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

Age Similarity 0 -0.00323 0.429 0.327
(0.0952) (0.0964) (0.404) (0.412)

[1] [1]

Hometown Similarity 0.186∗ 0.191∗∗ 0.437 0.403
(0.0967) (0.0967) (0.378) (0.382)
[0.141] [0.141]

Productivity Diversity 0.0387 0.0304 0.431 0.358
(0.0954) (0.0956) (0.397) (0.402)

[1] [1]

Random 0.0193 0.00728 0.326 0.265
(0.0953) (0.0957) (0.400) (0.405)

[1] [1]

Avg. Daily Revenue 0.0337 0.0290
(100 CNY) (0.0260) (0.105)

Age 0.00303 -0.0106
(0.00427) (0.0175)

DiDi Age (Year) -0.0119 -0.0240
(0.0523) (0.209)

Local -0.0176 -0.469
(0.0750) (0.308)

Male -0.000324 -0.785
(0.225) (0.893)

Constant 4.536∗∗∗ 5.769∗∗∗

(0.285) (1.156)

Observations (# teams) 250 250 152 152

H0: Hometown Similarity p=0.0542 p=0.0455
= Age Similarity [0.141] [0.141]

H0: Hometown Similarity p=0.0862 p=0.0586
= Random [0.173] [0.141]

Note: Notes: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses. False discovery rate
adjusted q-values are in square brackets to correct for multiple hypothesis testing.
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Table F2—Average and Heterogeneous Treatment Effects on Daily Revenue with Demo-

graphic Controls. Difference-in-differences linear panel regressions. We compare each of

the three time periods with the pre-contest period.

Dependent variable: ∆ of Daily Revenue (CNY)

Average Treatment Effects Heterogeneous Treatment Effects
(1) (2) (3) (4) (5) (6)

Time Period Contest
2-week Post

Contest
4-week Post

Contest
Contest

2-week Post
Contest

4-week Post
Contest

Treated 35.39∗∗∗ 17.62∗ 6.308
(9.306) (9.637) (10.04)
[0.001] [0.154] [0.682]

Responsive 56.30∗∗∗ 23.37∗∗ 9.518
(9.971) (10.07) (10.49)
[0.001] [0.063] [0.634]

Non-responsive 2.900 8.700 1.320
(10.10) (10.83) (11.15)
[0.871] [0.634] [0.906]

Age 0.741 0.801 0.829∗ 0.636 0.772 0.813∗

(0.518) (0.529) (0.465) (0.505) (0.521) (0.465)

DiDi Age (year) 17.16∗∗∗ 18.19∗∗∗ 6.455 17.30∗∗∗ 18.23∗∗∗ 6.476
(6.606) (6.709) (6.252) (6.539) (6.711) (6.243)

Local 14.23∗ 3.998 24.99∗∗∗ 15.09∗∗ 4.234 25.12∗∗∗

(7.621) (7.833) (7.657) (7.418) (7.838) (7.680)

Male 35.42 27.18 34.82 34.92 27.04 34.74
(29.03) (29.82) (26.08) (29.44) (30.10) (26.09)

Constant -103.4∗∗∗ -138.6∗∗∗ -157.0∗∗∗ -99.57∗∗∗ -137.5∗∗∗ -156.4∗∗∗

(36.56) (36.71) (30.96) (36.71) (36.82) (31.09)

# Drivers 2,100 2,100 2,100 2,100 2,100 2,100
Observations
(#Drivers×#Days)

10,500 10,500 10,500 10,500 10,500 10,500

H0: Responsive = Non-responsive p < 0.001 p = 0.0673

Note: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses are clustered at the contest
(individual) level for treatment (control) conditions. False discovery rate adjusted q-values are in square
brackets to correct for multiple hypothesis testing.
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Table F3—Average and Heterogeneous Treatment Effects on Daily Number of Trips.

Difference-in-differences linear panel regressions. We compare each of the three time peri-

ods with the pre-contest period.

Dependent variable: ∆ of Daily Trips

Average Treatment Effects Heterogeneous Treatment Effects
(1) (2) (3) (4) (5) (6)

Time Period Contest
2-week Post

Contest
4-week Post

Contest
Contest

2-week Post
Contest

4-week Post
Contest

Treated 2.392∗∗∗ 1.219∗∗ 0.462
(0.513) (0.542) (0.559)
[0.001] [0.057] [0.461]

Responsive 3.493∗∗∗ 1.494∗∗∗ 0.574
(0.555) (0.567) (0.584)
[0.001] [0.026] [0.419]

Non-responsive 0.684 0.791 0.289
(0.560) (0.617) (0.627)
[0.334] [0.334] [0.646]

Constant -2.032∗∗∗ -4.408∗∗∗ -5.082∗∗∗ -2.032∗∗∗ -4.408∗∗∗ -5.082∗∗∗

(0.434) (0.493) (0.513) (0.434) (0.493) (0.513)

# Drivers 2,100 2,100 2,100 2,100 2,100 2,100
Observations
(#Drivers×#Days)

10,500 10,500 10,500 10,500 10,500 10,500

H0: Responsive = Non-responsive p < 0.001 p = 0.1343

Note: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses are clustered at the contest
(individual) level for treatment (control) conditions. False discovery rate adjusted q-values are in square
brackets to correct for multiple hypothesis testing.

Table F4—Team Captain Volunteers. Probit estimates. Reported results are average

marginal effects. We include all drivers who signed up for the competition.

Dependent Variable
Volunteering to be Captain

Pre-Contest Avg. Daily Revenue (100 CNY) 0.0253∗∗∗

(0.00760)

Male 0.0377
(0.0600)

Local -0.0298
(0.0201)

Age -0.00124
(0.00117)

DiDi Age (years) 0.0297∗∗

(0.0150)
# Drivers 2,343

Note: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses.
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Table F5—Effect of Being Appointed as a Captain: Difference-in-differences linear regres-

sions. Dependent variable: Difference of driver revenue (compared with the pre-contest

time window). Subjects are drivers who volunteer to be captains and are assigned to teams

with multiple volunteers. Note that only one volunteer in each team is randomly selected

to be the captain. Kolmogorov–Smirnov tests find no significant difference in prior revenue,

age, DiDi age, or gender between the the selected captains and other volunteers (p > 0.1).

Dependent Variable: ∆ of Daily Revenue (CNY)

(1) (2) (3)

Time Period: Contest
2-week Post

Contest
4-week Post

Contest

Assigned Captain 34.181∗ 23.647 -5.278
(19.534) (19.673) (18.624)

Constant -17.910∗ -57.146∗∗∗ -65.077∗∗∗

(12.589) (13.759) (14.707)
# Volunteers 298 298 298

Obs. 1,490 1,490 1,490

Note: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses are clustered at the contest
(individual) level for treatment (control) conditions.
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Table F6—Average and Heterogeneous Treatment Effects on Daily Revenue Excluding Team

Captains. Difference-in-differences linear regressions. We compare each of the three time

periods with the pre-contest period.

Dependent variable: ∆ of Daily Revenue (CNY)

Average Treatment Effects Heterogeneous Treatment Effects
(1) (2) (3) (4) (5) (6)

Time Period Contest
2-week Post

Contest
4-week Post

Contest
Contest

2-week Post
Contest

4-week Post
Contest

Treated 35.23∗∗∗ 16.74∗ 5.997
(9.337) (9.699) (10.16)
[0.001] [0.192] [0.668]

Responsive 54.36∗∗∗ 22.16∗∗ 9.311
(9.880) (10.18) (10.65)
[0.001] [0.091] [0.668]

Non-responsive 5.564 8.334 0.857
(10.40) (11.04) (11.52)
[0.668] [0.668] [0.941]

Constant -24.24∗∗∗ -66.96∗∗∗ -82.06∗∗∗ -24.24∗∗∗ -66.96∗∗∗ -82.06∗∗∗

(7.892) (8.844) (9.192) (7.893) (8.844) (9.193)

# Drivers 1,850 1,850 1,850 1,850 1,850 1,850
Observations
(#Drivers×#Days)

9,250 9,250 9,250 9,250 9,250 9,250

Note: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses are clustered at the contest
(individual) level for treatment (control) conditions. False discovery rate adjusted q-values are in square
brackets to correct for multiple hypothesis testing.
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Table F7—Post-contest Survey Response: Probit. Coefficients are average marginal ef-

fects. We include all drivers who participated in the team contest.

Dependent Variable
Responding to Post-contest Survey

Is Captain 0.0983∗∗∗

(0.0276)

Responsive Team 0.0565∗∗∗

(0.0219)

# Individual Wins 0.0348∗∗∗

(0.00764)

# Team Win 0.0131∗

(0.00699)

Average Daily Revenue (100 CNY) -0.0349∗∗∗

(0.00946)

Male 0.0333
(0.0696)

Local 0.0188
(0.0231)

Age 0.00431∗∗∗

(0.00138)

DiDi Age -0.00598
(0.0178)

# Drivers 1,750

Note: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses.
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