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Virtual teams in a gig economy
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Significance

More than one-third of US
workers participate in the gig
economy as either their primary
or their secondary job. The gig
economy provides workers with
the benefits of autonomy and
flexibility, but at the expense of
work-related identity and
coworker bonds. How can
organizations help their workers
create and maintain positive
work-related social connections
while working remotely? We show
that virtual team contests
increase gig worker productivity
and retention through a
large-scale field experiment.
Within-team diversity in
productivity activates social
comparison that increases
below-median workers’ effort,
whereas within-team similarity in
natural identities facilitates team
communication and friendship
formation. More broadly, this
research contributes to our
understanding of nonmonetary
incentives.
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While the gig economy provides flexible jobs for millions of workers globally, a lack
of organization identity and coworker bonds contributes to their low engagement and
high attrition rates. To test the impact of virtual teams on worker productivity and
retention, we conduct a field experiment with 27,790 drivers on a ride-sharing platform.
We organize drivers into teams that are randomly assigned to receiving their team
ranking, or individual ranking within their team, or individual performance information
(control). We find that treated drivers work longer hours and generate significantly
higher revenue. Furthermore, drivers in the team-ranking treatment continue to be more
engaged 3 mo after the end of the experiment. A machine-learning analysis of 149 team
contests in 86 cities suggests that social comparison, driver experience, and within-team
similarity are the key predictors of the virtual team efficacy.

virtual teams | gig economy | social identity | team leaderboard | field experiment

According to a recent Gallup poll, 36% of US workers participate in the gig economy
as either their primary or their secondary job (1). The gig economy provides workers
with the benefits of autonomy and flexibility (2), but it does so at the expense of work-
related identity and coworker bonds. Indeed, many gig platforms have experienced low
engagement and high attrition rates among their workers, who note that they typically
work alone with no interaction or relationship with other colleagues, on jobs “that don’t
lead to anything” (3, 4). The COVID-19 pandemic has created a work structure that has
placed exponentially more workers in a work-from-home scenario that is susceptible to
the same issues related to the lack of in-person interaction with coworkers as those in a
gig economy. In September 2021, 45% of full-time US employees worked from home
either all or part of the time (5). This trend continues into 2022. Given that we expect at
least some portion of this remote work to remain postpandemic, an important question is
how organizations can help their workers create and maintain positive work-related social
connections while working remotely.

To answer this question, we conduct a large-scale natural field experiment using a global
ride-sharing platform. Specifically, we form drivers into virtual teams and engage the teams
in contests to strengthen team identity. We then evaluate the effects of these virtual teams
on worker productivity, retention, and well-being.

Our research applies insights from the social identity research in psychology (6, 7)
as well as studies in behavioral economics (8–10). In a laboratory setting, this research
shows that, when people feel a stronger sense of common identity with a group using
either induced (11–13) or natural identities (14, 15), they exert higher effort and make
more contributions to improve group outcomes. Field experiments show a similar positive
effect of identity-based teams in increasing prosocial behavior in fruit harvesting (16) and
online peer-to-peer prosocial lending (17, 18). By contrast, other field experiments have
found that when workers are paid by piece rate, providing team ranking information might
reduce average worker productivity for teams that are not randomly assigned (19). To
estimate the causal effects of team incentives on productivity and retention, we randomly
assign teams into different experimental conditions using a large ride-sharing platform in
Asia (the platform henceforth). We then examine the effect of team contests on individual
driver behavior. Although virtual teams have been studied in the laboratory (20), we
examine the effect of virtual teams in the field using a large-scale multicity randomized
experiment.

To design our contests, we draw on insights obtained from an earlier field experiment
conducted in the Chinese city of Dongguan in 2017. In this earlier experiment, we
randomly assigned 2,100 drivers into seven-person teams to compete for a cash prize across
a 5-d period. Team compositions are determined either randomly or based on similarity
in age, hometown location, or productivity. The results from this earlier experiment show
that, compared to those in the control condition, treatment drivers work longer hours and
earn 12% higher revenue during the contest period (21).

Encouraged by the results of this first field experiment, in 2018, the ride-sharing
platform conducted 1,548 team contests across 180 cities in China, involving over 2
million drivers placed into teams based on hometown or age similarity. These contests,
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typically 1 wk in duration, helped the platform meet the high
tourist demands during national holidays and increased both
driver income and retention (22). A common feature among the
1,548 team contests the platform ran in 2018 is that they were
approximately 1-wk contests with cash incentives, and the teams
existed only for the duration of the contest. As a result of this latter
factor, the contest initiative did not provide an opportunity to
study the longer-term effects of team membership on organization
identity and teammate bonds.

Our study investigates the longer-term effects of team forma-
tion on the same platform in the context of contests, but without
additional monetary incentives during the intervention. Specif-
ically, in fall 2018, we designed and conducted a natural field
experiment on the platform involving 27,790 drivers across three
cities: Beijing, Kunming, and Taiyuan. Before the intervention,
we engaged drivers in a 1-wk team contest for cash prizes, which
was designed to build team identity (11). The intervention ran for
the subsequent 3 wk, where we vary whether teams receive social
information through the provision of a leaderboard that indicates
team ranking or individual ranking within a team (treatments)
or whether they receive only individual performance information
(control). With the exception of the normal piece rate, there
is no additional monetary incentive in any of the experimental
conditions during the intervention. We then repeated the 1-wk
contest for cash prizes postintervention to measure any persistent
effects.

Across the 3-wk contest intervention, we find that drivers
in the team and individual leaderboard treatments generated
significantly higher revenue than those in the control condition.
We also find interesting heterogeneous treatment effects across
different cities. Three months after the experiment ended, we
find that drivers in the team leaderboard treatment continue to
work longer hours on the platform. Within virtual teams, those
identified as “laggards” benefit the most from team contests. Our
postexperiment survey, albeit with a 15% response rate, provides
suggestive evidence that drivers in virtual teams made friends,
shared information about order-acceptance strategies, and learned
collaboration skills from their teammates.

To corroborate the underlying mechanisms identified using our
experimental data, we deploy machine-learning models to uncover
the most important features that predict increased revenue at
the individual driver level, using data from 149 team-contest
experiments in 86 cities, including our own as well as those
conducted by the platform.

Our research contributes to the rapidly growing literature on
the gig economy and the future of work more broadly. This
literature has uncovered important insights related to labor market
outcomes (23, 24), identifying factors contributing to the gender
wage gap in ride sharing (25), the value of flexible work (2),
consumer surplus generated by ride sharing (26), the determinants
of tipping (27, 28), the effects of apologies for late trips (29), the
value of passenger waiting time (30), and decentralized dynamic
matching efficiency (31). Our findings contribute to this stream of
research by showing that a team-based approach can significantly
increase driver revenue and retention. As such, our field experi-
ment uses insights from behavioral market design to help structure
the future of work (32, 33). Our research also contributes to
the management and organization literature on the effects of
nonmonetary incentives (34). In particular, researchers find that a
participatory organization structure that enables workers to voice
opinions in their group increases worker productivity and job
satisfaction compared to a hierarchical structure (35) and that a
purely symbolic award has a sizable and persistent impact on the
retention of new editors in Wikipedia (36). Finally, our results

corroborate several findings from the social network literature
that investigates peer effects in exercise (37), peer observation on
savings (38), and friendship formation (39).

Experiment Design

As mentioned, we design and conduct a natural field experiment
on the platform involving 27,790 drivers across Beijing, Kun-
ming, and Taiyuan, three cities chosen to exemplify diversity in
location, size, and the number of team contests hosted on the
platform prior to our experiment (SI Appendix, Table S1). Our
experiment is approved by the University of Michigan Institu-
tional Review Board (IRB) (HUM00153090) and preregistered
at the American Economic Association’s Registry for Randomized
Controlled Trials (AEA RCT) Registry (AEARCTR-0003537)
(40). The IRB approved our request to waive the informed con-
sent, because awareness of the research study can affect behavior
(41). The experiment was conducted from 22 October 2018 to
3 December 2018. To evaluate our treatment effect on driver re-
tention, we continue to collect data for 3 mo after our experiment,
until 10 March 2019. In addition to our recruitment and team
formation stage, our experiment is organized into preintervention,
intervention, and postintervention stages. SI Appendix, Fig. S1
presents the experimental process.

Driver Recruitment and Team Formation. For the driver recruit-
ment and team formation stage, the platform used its built-in
process that was informed by our earlier experiment (21). The
platform sent an invitation on 22 October 2018 to all active
drivers in our three cities to participate in a week-long team
contest for a cash prize.* Interested drivers are invited to sign up for
the contest and start forming teams. Drivers can create a new team
as a captain, invite others to join their team, or join an existing
team if invited to do so.

While teams are designed to have seven members, 36% of our
teams achieved the desired size during the team formation period.
Those that reached the desired size during the team formation
period are referred to as self-formed teams. At the end of the
recruitment stage, the system then randomly selects 90% of the
drivers in undersized teams and groups them into full-sized teams,
which we refer to as system-formed teams. The system-formed
teams are based on either hometown or age similarity, two of
the most successful team formation algorithms from our earlier
experiment (21). The remaining 10% are not assigned to any team
and do not participate in the contest. These drivers are referred to
as solo drivers. In our analysis, we control for whether a team is
self-formed.

Finally, we sort teams into contest groups. To assign the teams
into contest groups, we first sort teams within each city de-
creasingly based on their prior revenue (the sum of individual
team members’ revenue in the 2 wk prior to the beginning of
the experiment). We then partition every five adjacent teams
into a contest group, also referred to as a leaderboard. Teams
compete only with other teams in the same leaderboard. Our
grouping method ensures that teams in the same leaderboard
have similar prior productivity, to approximate the assumption
of ex ante symmetry found in most of the theoretical contest

*While the preintervention contest was designed to build group identity, the recruitment of
drivers based on the attraction for cash incentives might have attracted more competitive
drivers. This self-selection of drivers might affect the effect of the intervention. While we do
not have the data on those who did not sign up for our experiment, our companion paper
reporting the Dongguan field experiment shows that those who signed up for the team
contest with a cash prize were more productive prior to the experiment than a random
sample of drivers who were not contacted by the experimenter (21).
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literature (42, 43). In practice, grouping similar teams or players
in a contest is often observed in sports. A machine-learning
analysis of incentivized short-term team contests conducted by the
platform also indicates that drivers exert higher effort when their
team’s precontest revenue is closer to that of the best team in the
learderboard (22). We now describe the three stages of the team
contest.

The Preintervention Contest. Following Eckel and Grossman
(11) who find that intergroup competition is among the most
successful methods used for creating a strong sense of group
identity, we conduct a preintervention best-of-five team contest.
In this contest, within each leaderboard, the team with the highest
cumulative team revenue during the contest week wins a cash
prize, whereas the other four teams receive no prize. Following the
platform’s current contest practice, we exclude the lowest driver
revenue in a given team on each day when calculating the team’s
daily cumulative team revenue. This allows one driver on a team
to take a day off without affecting team performance.† The cash
prize is 1,000 Chinese yuan renminbi (CNY) per winning team
for Beijing and 650 CNY for Taiyuan and Kunming, respectively,
adjusted by the drivers’ average hourly revenue in each city. The
prize is allocated to members of the winning team proportional to
their contributions to the cumulative team revenue, an allocation
shown to incentivize group members in laboratory contests (44),
and is credited to their driver accounts immediately after the
contest.

During this stage, all drivers participating in the contest can
use the platform app to access both a team leaderboard and an
individual leaderboard for social information, as illustrated in
SI Appendix, Fig. S2. The team leaderboard shows the cumulative
revenue of each of the five teams in the contest group in descend-
ing order (SI Appendix, Fig. S2, Top Left). The top three teams
are highlighted with badges. The individual leaderboard shows
individual members’ daily revenue in descending order for those
within a given team (SI Appendix, Fig. S2, Top Right). In addition,
we mark the average performance of that team with a line on the
individual leaderboard to enhance the effect of ranking (45, 46).
The team ranking is updated every hour while individual revenue
is updated in real time. We send each driver a daily reminder
of the contest and the leaderboards at the end of each day. The
communication messages for each stage of the experiment can be
found in SI Appendix, section 1D.

The Intervention: A Status Contest. Immediately after the prein-
tervention contest, we randomly assign each leaderboard to one of
three experimental conditions and conduct a 3-wk status contest
between 5 and 25 November to examine the effect of team identity
on driver revenue and retention.

• Team Leaderboard. In this treatment, drivers continue to have
access to both the team and individual leaderboards as in the
preintervention contest. We send out a daily reminder to these
drivers to check the rankings of the same five teams within their
leaderboard. When a driver taps the driver’s team name on the
team leaderboard (the default interface), the driver can further
access the individual leaderboard within the team.

• Individual Leaderboard. In this treatment, drivers have access
to only the individual leaderboard within their team. Again, we
send out a daily reminder to drivers to check their individual
rankings.

†In some cities, such as Beijing, to reduce air pollution, each license plate must be off the
street on a designated day of the week, typically determined by the last digit of the license
plate number.

• Control. In the control condition, drivers cannot access ei-
ther leaderboard. However, to keep the same communica-
tion frequency, drivers continue to receive a daily reminder
that they can access their own revenue statistics in the app
(SI Appendix, Fig. S2, Bottom).

While drivers continue to earn piece rate, we do not provide
additional monetary incentives for the status contest.

The randomization is stratified based on the average revenue
of a given leaderboard in the 2 wk prior to the start of the
experiment. Kolmogorov–Smirnov tests show that the distribu-
tion of preexperiment revenue, age, gender, work experience
(platform age), team formation, and hometown distance to the
contest city is not significantly different in pairwise compar-
isons across the three conditions within each city (P > 0.10;
SI Appendix, Table S4). SI Appendix, Table S4 also reveals inter-
esting facts about our drivers: More than 95% of them are
male, with an average age of 37 y. Looking at their hometown
distance to the contest city, we conclude that Taiyuan drivers
are predominantly local, whereas Beijing and Kunming drivers
are mostly domestic migrants. In China, the platform drivers are
composed of workers laid off from their traditional jobs, veterans,
migrant workers from rural areas, and commuters who offer rides
during their daily commute.

The Postintervention Contest. On 26 November, we send each
driver a message announcing a 1-wk contest for a cash prize
from 27 November to 3 December under the same leaderboard
groups and prize parameters as in the preintervention contest. This
postintervention contest is designed to evaluate whether treatment
effects on individual driver productivity persist immediately after
the intervention.

The Postexperiment Survey. After the postintervention contest,
all drivers receive a survey that evaluates whether they like
the status contest, what they get out of the contest, and their
sense of belonging related to their team as well as to the
organization. The survey questions and responses are included
in SI Appendix, section 4.

Results

Our experiment yields findings related to the immediate and
longer-term effects of virtual teams on driver revenue and reten-
tion, both overall (40) and at the city level. On the platform,
drivers receive 81% of the revenue they generate and give the
remaining 19% to the platform. Therefore, using revenue as one
of our outcome variables is equivalent to using driver earning or
platform profit. In what follows, we first report our preregistered
hypotheses and the corresponding results and then explore the
underlying mechanisms. Finally, we use a machine-learning model
to validate our findings in 149 team contests in 86 cities.

Preregistered Hypotheses and Results. We first examine the
average treatment effect on driver revenue during the experiment
period. In Fig. 1, we plot the weekly average driver revenue for
each experimental group. To better compare the treatments, we re-
align the lines based on revenue earned during the preexperiment
period. The y axis presents the revenue difference between a given
week and the baseline week(s) in the preexperiment period. Note
that the three lines coincide up to the start of the preintervention
contest period. However, during the status contest intervention,
since drivers in different treatment conditions receive different
social information, the lines in Fig. 1A start to diverge. Pooling
all three cities, we observe that our treatment drivers are more
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A B

C D

Fig. 1. (A–D) Average weekly driver revenue under each experimental condition. To better visualize the changes over time, we rescale the revenue within
each experimental condition with reference to its preexperiment average weekly revenue from the week of 8 to 14 October, i.e., 2 wk before the start of the
experiment. For example, each point represents the weekly average revenue per driver under that experimental condition minus the preexperiment weekly
average revenue per driver under the same experimental condition.

productive on average than those in the control condition both
during and after the intervention.

We report the main results in Tables 1–4 in the main text and
the results of our robustness checks in SI Appendix. To correct for
multiple-hypothesis testing, we report the false discovery rate
adjusted q values in square brackets (47, 48). To claim
significance, we use a 5% (10%) cutoff for our P values
(q values) (49).

In our first hypothesis, based on prior laboratory experiments
on social identity and team competition (11) as well as those
on individual performance ranking (50), we predict that drivers
in our treatment conditions will generate higher revenue than
those in the control condition as their exposure to a leaderboard
should facilitate a team identity. The comparison between team
leaderboard and individual leaderboard is motivated by laboratory
experiments in group contests (51, 52).
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Table 1. Average and heterogeneous treatment effects on weekly revenue during the intervention (status contest):
Difference-in-differences regressions

Dependent variable: Δ of weekly revenue (CNY)
1) 2) 3) 4) 5) 6) 7) 8)
All Beijing Taiyuan Kunming All Beijing Taiyuan Kunming

Treated, 34.53∗∗ 41.67∗∗ 33.99 8.25 39.62∗∗∗ 45.50∗∗ 43.64∗ 13.36
in a virtual team (15.37) (21.01) (23.86) (24.97) (14.47) (19.67) (22.67) (23.48)

— [0.17] [0.18] [0.33] — [0.07] [0.07] [0.24]
Age, y 4.56∗∗∗ 4.84∗∗∗ 0.65 6.40∗∗∗

(0.81) (1.13) (1.31) (1.24)
Platform age, y 35.36∗∗∗ 48.86∗∗∗ 0.43 −1.65

(7.19) (9.21) (11.33) (12.79)
Hometown distance −0.07∗∗∗ −0.08∗∗∗ −0.11∗∗ −0.04

to contest city, km (0.02) (0.02) (0.05) (0.02)
Self-formed team −110.96∗∗∗ −128.66∗∗∗ −74.70∗∗∗ −53.57∗∗

(14.99) (19.91) (25.69) (25.04)
Individual ranking within team −77.32∗∗∗ −95.45∗∗∗ −30.43∗∗∗ −49.74∗∗∗

during the preintervention contest (3.56) (4.92) (5.35) (5.51)
Team ranking −150.46∗∗∗ −176.56∗∗∗ −86.77∗∗∗ −101.72∗∗∗

during the preintervention contest (5.08) (6.89) (7.74) (8.06)
City fixed effect Yes — — — Yes — — —
No. of clusters 11,890 8,100 1,625 2,165 11,890 8,100 1,625 2,165
No. of drivers 27,790 18,900 3,815 5,075 27,790 18,900 3,815 5,075

SEs in parentheses are clustered at the team (individual) level for treated (control) drivers. False discovery rate adjusted q values calculated separately for individual cities (columns 2–4
and columns 6–8) are reported in square brackets. Individual ranking is coded from 1 (top) to 7 (bottom), whereas team ranking is coded from 1 (top) to 5 (bottom). ∗P < 0.1, ∗∗P < 0.05,
∗∗∗P < 0.01.

Hypothesis 1 (Status Contest). a) Treated drivers are more
productive than those in the control condition, and b) drivers in
the team leaderboard condition are more productive than those
in the individual leaderboard condition during the status contest
phase.

To quantify the average treatment effects on outcome, Y , we
construct the following difference-in-differences regression model
for each target period:

ΔYi = β0 + β1Treatedi + αc + εi , [1]

Table 2. Average and heterogeneous treatment effects on weekly revenue during the intervention (status contest):
Difference-in-differences regressions investigating the two treatments separately

Dependent variable: Δ of weekly revenue (CNY)
1) 2) 3) 4) 5) 6) 7) 8)
All Beijing Taiyuan Kunming All Beijing Taiyuan Kunming

Team leaderboard, β1 32.12∗ 27.03 58.49∗∗ 30.54 37.37∗∗ 32.17 67.62∗∗∗ 33.05
(17.97) (24.61) (26.60) (29.91) (16.72) (22.77) (25.02) (27.59)
[0.08] [0.44] [0.09] [0.44] [0.02] [0.27] [0.03] [0.30]

Individual leaderboard, β2 36.96∗∗ 56.32∗∗ 8.81 −14.50 41.89∗∗ 58.83∗∗∗ 18.85 −6.77
(17.90) (24.49) (28.76) (28.03) (16.55) (22.45) (26.68) (26.06)
[0.08] [0.09] [0.86] [0.86] [0.02] [0.03] [0.46] [0.53]

Age, y 4.56∗∗∗ 4.84∗∗∗ 0.67 6.35∗∗∗

(0.81) (1.13) (1.32) (1.24)
Platform age, y 35.35∗∗∗ 48.77∗∗∗ 0.37 −1.79

(7.18) (9.20) (11.36) (12.78)
Hometown distance −0.07∗∗∗ −0.08∗∗∗ −0.11∗∗ −0.04

to contest city, km (0.02) (0.02) (0.05) (0.02)
Self-formed team −110.92∗∗∗ −128.32∗∗∗ −74.12∗∗∗ −53.43∗∗∗

(14.99) (19.91) (25.58) (25.05)
Individual ranking within team −77.32∗∗∗ −95.45∗∗∗ −30.48∗∗∗ −49.76∗∗∗

during the preintervention contest (3.56) (4.92) (5.35) (5.52)
Team ranking −150.46∗∗∗ −176.55∗∗∗ −86.73∗∗∗ −101.73∗∗∗

during the preintervention contest (5.08) (6.89) (7.72) (8.04)
City fixed effect Yes — — — Yes — — —
H0: β1 = β2 (P value) 0.79 0.25 0.08 0.13 0.78 0.23 0.05 0.13
No. of clusters 11,890 8,100 1,625 2,165 11,890 8,100 1,625 2,165
No. of drivers 27,790 18,900 3,815 5,075 27,790 18,900 3,815 5,075

SEs in parentheses are clustered at the team (individual) level for treatment (control) conditions. False discovery rate adjusted q values are calculated separately for all cities (columns 1
and 5) and for individual cities (columns 2–4 and 6–8) and are reported in square brackets. Individual ranking is coded from 1 (top) to 7 (bottom), whereas team ranking is coded from 1
(top) to 5 (bottom). ∗P < 0.1, ∗∗P < 0.05, ∗∗∗P < 0.01.
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Table 3. Average and heterogeneous treatment effects on weekly revenue in the postintervention contest:
Difference-in-differences regressions

Dependent variable: Δ of weekly revenue (CNY)
1) 2) 3) 4) 5) 6) 7) 8)
All Beijing Taiyuan Kunming All Beijing Taiyuan Kunming

Team leaderboard, β1 49.91∗∗ 59.89∗ 58.03 6.05 56.52∗∗ 67.42∗∗ 64.55∗ 10.64
(23.80) (32.49) (37.50) (39.57) (22.41) (30.47) (35.01) (36.89)
[0.08] [0.32] [0.32] [0.56] [0.02] [0.19] [0.19] [0.35]

Individual leaderboard, β2 11.75 38.98 −68.26∗ −30.36 18.12 42.63 −60.63∗ −19.23
(24.30) (33.12) (39.25) (39.52) (22.81) (31.00) (36.39) (36.84)
[0.46] [0.32] [0.32] [0.36] [0.27] [0.24] [0.19] [0.34]

Age, y 9.34∗∗∗ 10.10∗∗∗ 3.85∗∗ 10.38∗∗∗

(1.06) (1.48) (1.63) (1.68)
Platform age, y 83.80∗∗∗ 99.65∗∗∗ 35.47∗∗ 33.63∗∗

(9.46) (12.12) (15.32) (16.72)
Hometown distance −0.06∗∗ −0.08∗∗∗ −0.15∗∗ 0.01

to contest city, km (0.02) (0.03) (0.06) (0.03)
Self-formed team −76.15∗∗∗ −96.46∗∗∗ −24.77 −15.80

(20.74) (27.52) (37.26) (35.56)
Individual ranking within team −23.73∗∗∗ −28.86∗∗∗ −11.75 −17.28∗∗

during the preintervention contest (4.45) (6.11) (7.41) (7.28)
Team ranking −127.65∗∗∗ −146.00∗∗∗ −84.77∗∗∗ −92.18∗∗∗

during the preintervention contest (6.82) (9.25) (11.32) (10.73)
City fixed effect Yes — — — Yes — — —
H0: β1 = β2 (P value) 0.11 0.53 0.00 0.33 0.09 0.42 0.00 0.40
No. of clusters 3,970 2,700 545 725 3,970 2,700 545 725
No. of drivers 27,790 18,900 3,815 5,075 27,790 18,900 3,815 5,075

SEs in parentheses are clustered at the team level. False discovery rate adjusted q values are calculated separately for all cities (columns 1 and 5) and for individual cities (columns 2–4
and 6–8) and are reported in square brackets. Individual ranking is coded from 1 (top) to 7 (bottom), whereas team ranking is coded from 1 (top) to 5 (bottom). ∗P < 0.1, ∗∗P < 0.05,
∗∗∗P < 0.01.

where ΔYi represents the outcome change in the current period
compared to the corresponding precontest week(s), and αc cap-
tures city fixed effects.‡ Hypothesis 1a implies that β1 > 0 in Eq. 1.

‡For the preexperiment baseline week(s), we use the week before the experiment
(15 to 21 October 2018) for 1-wk target periods, i.e., the preintervention contest, the

The results in column 1 of Table 1 show that our treatment
conditions increase driver revenue by 34.53 CNY, or 1.66% of the

postintervention contest, and retention. For the status contest, we use the 2 wk before
the experiment (8 to 21 October 2018) as our baseline, as the week of 1 to 7 Octo-
ber 2018 was a national holiday with drastically different demand and supply for ride
sharing.

Table 4. Average and heterogeneous treatment effects on weekly number of working days during the second week
of March (4 to 10 March 2019), about 3 mo after the experiment ended: Difference-in-differences regressions

Dependent variable: Δ of weekly no. of work days
1) 2) 3) 4) 5) 6) 7) 8)
All Beijing Taiyuan Kunming All Beijing Taiyuan Kunming

Team leaderboard, β1 0.10∗∗ 0.06 0.33∗∗∗ 0.05 0.11∗∗ 0.08 0.33∗∗∗ 0.06
(0.05) (0.06) (0.12) (0.10) (0.04) (0.05) (0.11) (0.10)
[0.06] [1.00] [0.03] [1.00] [0.02] [0.50] [0.02] [1.00]

Individual leaderboard, β2 −0.01 −0.01 −0.02 0.01 0.01 −0.00 −0.01 0.04
(0.05) (0.06) (0.12) (0.10) (0.04) (0.05) (0.12) (0.10)
[0.70] [1.00] [1.00] [1.00] [0.77] [1.00] [1.00] [1.00]

Age, y 0.03∗∗∗ 0.03∗∗∗ 0.02∗∗∗ 0.03∗∗∗

(0.00) (0.00) (0.01) (0.00)
Platform age, y 0.22∗∗∗ 0.24∗∗∗ 0.08 0.18∗∗∗

(0.02) (0.02) (0.05) (0.05)
Hometown distance −0.00∗∗∗ −0.00∗∗∗ −0.00∗∗ −0.00

to contest city, km (0.00) (0.00) (0.00) (0.00)
Self-formed team −0.07∗ −0.16∗∗∗ 0.10 0.16∗

(0.04) (0.05) (0.10) (0.09)
Team won in 0.66∗∗∗ 0.68∗∗∗ 0.63∗∗∗ 0.61∗∗∗

postintervention contest (0.05) (0.06) (0.12) (0.11)
City fixed effect Yes — — — Yes — — —
H0: β1 = β2 (P value) 0.02 0.17 0.00 0.66 0.02 0.12 0.00 0.85
No. of drivers 27,790 18,900 3,815 5,075 27,790 18,900 3,815 5,075

False discovery rate adjusted q values are calculated separately for all cities (columns 1 and 5) and for individual cities (columns 2–4 and 6–8) and are reported in square brackets. The
results hold if we alternatively control for the number of wins in the two short contests instead of the team that wins the postintervention contest. ∗P < 0.1, ∗∗P < 0.05, ∗∗∗P < 0.01.
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average weekly revenue per driver, during the 3-wk intervention
(P < 0.05). Therefore, we reject the null hypothesis in favor
of Hypothesis 1a. We further find a significant treatment effect
for drivers in Beijing (41.67 CNY, P < 0.05, 1.69% of average
weekly revenue), but not in Taiyuan or Kunming. Our findings
are strengthened (39.62 CNY for all cities, or 1.90%, P < 0.01)
when we control for demographics and self-formed versus system-
formed teams, as well as individual and team ranking in the
preintervention contest (Table 1, columns 5–8). Consistent with
social identity theories focusing on the effects of social status
and social distance on individual identification with social groups
(53, 54), a driver’s hometown distance from the contest city is
negatively correlated with the driver’s productivity (P < 0.01;
Table 1, columns 5 and 6; P < 0.05, column 7). Interestingly,
self-formed teams generate lower revenue compared to system-
formed teams using hometown or age similarity (P < 0.01; Table
1, columns 5–7; P < 0.05, column 8). We conjecture that drivers
in self-formed teams knew each other prior to our experiment
and therefore did not feel the need to impress or to signal that
they were responsible. By contrast, system-formed teams group
strangers together, who might have felt a stronger need to signal
to their teammates (38). We also note that older drivers and those
who have joined the platform earlier generate higher revenue.
Finally, a poor preintervention individual or team ranking is
associated with a reduction in revenue increase. For example, a
one-place drop in team ranking is associated with a 150.46 CNY
reduction in revenue increase (P < 0.01; Table 1, column 5).

SI Appendix, Table S7 repeats the same analysis with working
hours as the outcome variable. Results indicate that the treat-
ment effects are driven by longer working hours.§ We further
investigate whether there is any adverse treatment effect on safety.
SI Appendix, section 5 reports our analysis of driver safety scores,
which shows that our intervention has no adverse effect on safety
(SI Appendix, Table S6).

Investigating the two types of interventions separately (Hypoth-
esis 1b), we further expect that drivers in the team leaderboard
treatment will generate higher revenue than those in the individual
leaderboard treatment, who in turn will generate higher revenue
than those in the control group during our intervention period.
This hypothesis implies that β1 > 0, β2 > 0, and β1 > β2 in Eq. 2
below:

ΔYi = β0 + β1TeamLeaderboardi

+ β2IndividualLeaderboardi + αc + εi . [2]

The results in column 5 of Table 2 show that the team (indi-
vidual) leaderboard generates 37.37 (41.89) CNY higher weekly
revenue compared with the control group, equivalent to a 1.79%
(2.01%) increase (P < 0.05 in each case), after controlling for co-
variates. Furthermore, the difference between the two treatments
is not significant (P > 0.10). Again, SI Appendix, Table S10 re-
ports the same analysis for working time.

We next examine our city-level results. From Table 2, we see
that, in Beijing (columns 2 and 6), only the individual leader-
board treatment has a significant effect on revenue (58.83 CNY,
or 2.39% of the weekly revenue change of the control group,
P < 0.01), whereas in Taiyuan (columns 3 and 7), only the
team leaderboard treatment has a significant effect on revenue
compared to the control condition (67.62 CNY, or 6.07%, per
week, P < 0.01). By contrast, neither treatment has a significant

§Note that to protect drivers from fatigue driving, the ride-sharing app imposes an upper
limit of 10 working hours per day and logs a driver out once the driver reaches the upper
limit.

effect on weekly revenue for drivers in Kunming. As shown in
SI Appendix, Table S1, passenger order fulfillment rate was already
98% in Kunming before our experiment; thus, there was little
room for a substantial improvement in revenue. In comparison,
90% of the orders were fulfilled in Beijing and Taiyuan during
the same time period. Furthermore, we reject the null in favor of
Hypothesis 1b that drivers under the team leaderboard treatment
generate higher revenue than those under the individual leader-
board in Taiyuan (P = 0.05; Table 2, column 7).

Finally, unbeknownst to us during our experiment, the plat-
form’s Operations Department implemented an individual thresh-
old cash bonus in Beijing for each weekday during the 3 wk of our
intervention, whereas Taiyuan and Kunming did not receive this
interference. It is therefore plausible that the heterogeneous effects
in Beijing and Taiyuan might be partially due to the different
incentives in each city, with Taiyuan implementing a pure status
contest during our intervention.¶ This leads to our first main
result.
Result 1 (virtual teams and productivity): During the 3-wk sta-
tus contest intervention, 1) treated drivers work 42 min longer
per week and generate 1.9% higher revenue than those in the
control condition; 2) drivers in the team (individual) leaderboard
treatment work 45 (39) min longer and generate 1.79% (2.01%)
higher revenue than those in the control condition; and 3) at the
city level, drivers in the team (individual) leaderboard treatment
work 125 (48) min longer, leading to a 6.07% (2.39%) increase
in revenue in Taiyuan (Beijing) compared to the control group,
whereas neither treatment has a significant effect in Kunming.

Note that our status contest belongs to the class of informa-
tion provision experiments. The effect sizes reported in Result 1
are largely consistent with the meta-analysis results using 126
randomized control trials covering 23 million individuals (55).
Result 1 indicates that virtual team contests increase driver working
hours, which leads to increased revenue among treated drivers.
However, we do not find any significant treatment effect on
revenue per hour, indicating that drivers might have been working
during the busiest time blocks prior to our intervention.#

We are also interested in the question of whether our team
effect persists over time. To evaluate the short-term effect, we
implement a 1-wk best-of-five contest with a monetary reward
immediately after the intervention. The postintervention contest
rules are identical to those of the preintervention contest. We
did not announce this contest until the 3-wk status contest was
over. We expect that the treatment effects will persist during this
postintervention contest.

Hypothesis 2 (Treatment Persistence). Drivers in the team leader-
board condition are more productive than those in the individual
leaderboard condition, who in turn are more productive than those
in the control condition during the postintervention contest.

The results in column 5 of Table 3 show that drivers in the
team leaderboard treatment generate 56.52 CNY higher rev-
enue (or 2.82%, P < 0.05) during our postintervention contest,
compared to those in the control group. By contrast, drivers in
the individual leaderboard treatment do not differ significantly

¶A threshold cash bonus consists of a preannounced cash bonus for any individual driver
whose number of trips on a given day exceeds a preannounced threshold. Unfortunately,
we do not have data on the types of threshold cash bonuses in Beijing during our
intervention.
#SI Appendix, Table S12 presents treatment effects on revenue per hour during the status
contest and shows that there is no significant treatment effect on revenue per hour overall
(P > 0.10, columns 1 and 5) and a negative effect in Taiyuan (−0.72, P < 0.05 for individual
leaderboard, and −0.71, P < 0.01 for team leaderboard, column 7).

PNAS 2022 Vol. 119 No. 51 e2206580119 https://doi.org/10.1073/pnas.2206580119 7 of 12

https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2206580119/-/DCSupplemental
https://doi.org/10.1073/pnas.2206580119


from those in the control group (P > 0.10). The coefficient for
the team leaderboard dummy is marginally greater than that
for the individual leaderboard (P = 0.09; Table 3, column 5).
SI Appendix, Table S11 reporting the same analysis for working
time shows that drivers in the team leaderboard treatment work
64 min longer per week than the control group during our
postintervention contest (P < 0.01; Table 3, column 5). Again,
we do not find any significant treatment effect on revenue per
hour.||

At the city level, Beijing drivers in the team leaderboard treat-
ment generate significantly higher revenue during our postinter-
vention contest than those in the control group (67.42 CNY,
P < 0.05; Table 3, column 6). By contrast, we find no persistent
effect of the individual leaderboard treatment for Beijing drivers.

For drivers in Taiyuan, those in the team leaderboard treatment
generate significantly higher revenue than those in the individual
leaderboard treatment (β1 �= β2, P < 0.01 in Table 3, columns
3 and 7) and marginally higher revenue than those in the control
condition (64.55 CNY, P < 0.10; Table 3, column 7). It is worth
noting that those in the individual leaderboard treatment exhibit
a marginally significant reduction in average weekly revenue dur-
ing the postintervention contest compared to the control group
(−60.63 CNY, P < 0.10; Table 3, column 7). Again, we observe
no treatment effect for Kunming drivers (Table 3, columns 4 and
8). Based on a theoretical model of individual status contests (56),
depending on the properties of the ability distribution function,
the aggregate revenue under an individual leaderboard can be
lower than that under the control condition, as we observe in
Taiyuan. We state our results related to the persistence of our
treatment effect below.
Result 2 (treatment persistence): During the 1-wk postinterven-
tion contest, drivers in the team leaderboard treatment work
64 min longer and generate 2.82% higher weekly revenue com-
pared to those in the control group, whereas the individual
leaderboard treatment no longer has an effect. The team treatment
effects are driven by drivers in Beijing and Taiyuan.

In addition to testing whether teams incentivize individual
drivers to generate more revenue, we are interested in whether
these individuals are more likely to continue working as drivers.
Driver retention is a key challenge for ride-sharing platforms
across the globe. As such, an important goal for our intervention
is to evaluate the effects of virtual teams on driver retention.
Specifically, we hypothesize that drivers who are part of a virtual
team are more likely to continue as drivers than those in the
control group.

Hypothesis 3 (Retention). Drivers in the team and individual
leaderboard conditions are more likely to stay in the platform than
those in the control condition both during and after our experiment.

To examine the effect of team membership on driver retention,
we measure driver retention 1 wk, 1 mo, and 3 mo after the
end of our experiment. Unlike workers in traditional sectors
whose departure is unambiguous, gig workers who quit typi-
cally do not delete their app, so it is possible that those who
have quit driving may still log into the app. Therefore, we use
three different retention measures: 1) whether they drive for the
platform on a given day, 2) the volume of working hours, and
3) whether they quit before the end of an observation period.

||SI Appendix, Table S13 presents treatment effects on revenue per hour during the postin-
tervention contest and shows that there is no significant treatment effect on revenue per
hour overall (P > 0.10, columns 1 and 5) or in any of the three cities (P > 0.10, columns
2–4 and 6–8).

We present measures 1 and 2 in the main text and relegate
measure 3 to SI Appendix, section 7. For the first retention mea-
sure, we count the number of days that a driver provides at
least one ride and separately analyze retention during the sta-
tus contest (SI Appendix, Table S15), the week immediately after
(SI Appendix, Table S16), 1 mo after (SI Appendix, Table S17),
and 3 mo after (Table 4) the postintervention contest.

As shown in SI Appendix, Fig. S4, drivers in the team
leaderboard treatment consistently exhibit higher retention
than those from either of the other experimental conditions.
From Table 4 and SI Appendix, Table S20, we see that drivers
in the team leaderboard treatment on average work 0.11 d,
or 1.01 h, more than those in the control group in the week
3 mo after the experiment ended (P < 0.05; Table 4 and
SI Appendix, Table S20, column 5). Furthermore, we find that
drivers in the team leaderboard treatment also outperform
those in the individual leaderboard treatment (P = 0.02;
Table 4, column 5). The effect size is stable across different
time windows, using the number of either working days or
hours (SI Appendix, Tables S16–S19). Finally, we observe no
significant difference in retention across any of the periods
between those in the individual leaderboard treatment and those
in the control group except in Kunming (2.02, P < 0.05; column
8 in SI Appendix, Table S20).

Examining our city-level results, Table 4, columns 2–4 shows
significant differences in driver retention across cities. Indeed,
only in Taiyuan do we see a consistent positive effect of the
team leaderboard treatment on retention (0.33 d, P < 0.01
in Table 4, or 3.05 h, P < 0.01 in SI Appendix, Table S20),
with a similar significant effect between the team and individual
leaderboard treatments (P < 0.01). In Kunming and Beijing,
we find a positive albeit insignificant effect of the team
leaderboard treatment on retention. As a robustness check,
we report treatment effects on the volume of working hours
(SI Appendix, Tables S18–S20) and on whether a driver quits in
our observation window (SI Appendix, Tables S21 and S22) in
SI Appendix, section 7.
Result 3 (virtual teams and retention): For up to 3 mo after the
end of the experiment, drivers in the team leaderboard treatment
work an average of 1 h (3.16%) longer per week than those
in the control group. At the city level, Taiyuan drivers in the
team leaderboard treatment work 3 h (11.83%) longer per week,
whereas treated drivers in Beijing and Kunming do not behave
differently from those in their respective control groups.

To better understand driver incentives within each team, we
conduct analyses on driver preferences to be a team captain based
on our preregistered Hypothesis 4, which postulates that drivers
with higher productivity prior to our experiment, a longer tenure
on the platform, and previous contest captain positions will be
more likely to volunteer to be a team captain. We indeed reject
the null in favor of Hypothesis 4 (SI Appendix, Table S23).

To rule out the possibility that captains are the main drivers
of our treatment effects, we rerun all analyses excluding team
captains and find that our results are robust to this specification
(SI Appendix, section 8). This indicates that captains are not the
only people benefiting from the team contests.

Exploring Underlying Mechanisms. In this section, we explore
the underlying mechanisms that drive the treatment effects. More
specifically, we investigate three channels—social comparison,
momentum effects, and team communication. To explore the
effects of social comparison, we partition the drivers into two
subgroups by whether their preexperiment revenue was above
or below the median in their respective city in the 2 wk prior
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to the start of our experiment and report the subgroup analy-
sis in SI Appendix, section 9. As shown in SI Appendix, Fig. S5,
below-median drivers consistently generate a larger revenue in-
crease than their above-median counterparts in the preinter-
vention, status, and postintervention contests. More specifically,
in the preintervention contest (SI Appendix, Table S32), below-
median drivers generate a 628.50 CNY revenue increase compared
to their above-median counterparts (P < 0.01). This asymmetric
effect has been observed in other social comparison field exper-
iments in the context of online movie ratings (45) and traffic
violations (46). While the effects in the preintervention contest
could be attributed to any combinations of social comparison,
team identity, and monetary rewards, the latter is removed in
the 3-wk status contest. Specifically, social comparison and team
identity remain present among treated drivers, whereas only social
comparison is available to drivers in the control condition if they
continue to use the social information from the preintervention
contest as a reference point. We summarize our subgroup analyses
below.
Result 4 (social comparison: below- vs. above-median drivers):
Below-median drivers demonstrate a significant increase in
revenue compared to their above-median counterparts in each
experimental condition. The fact that below-median drivers in the
control condition outperform their above-median counterparts
by 782.07 CNY/wk (P < 0.01; SI Appendix, Table S33) during
the intervention indicates that information provision alone could
sustain better performance for the below-median drivers.

Result 4 is consistent with Festinger’s social comparison theory
(57), which posits that we compare ourselves to others who are
better off for guidance (upward comparison) and to others who
are worse off to increase our self-esteem (downward comparison).
A large body of literature in economics and social psychology
shows that social comparison affects behavior; however, there
is no consensus on when the effects for upward or downward
comparison dominate. In the context of exercise, researchers show
that the effects for downward comparison are larger than those
for upward comparison (37). However, when participants’ efforts
contribute to public goods, upward comparison dominates down-
ward comparison (45, 46). Since our drivers’ revenue contributes
to their individual as well as their team’s ranking, our context has
a public goods component. Consistent with prior literature, we

also find that the effects for the below-median drivers (upward
comparison) are larger.

Related to social comparison, we investigate contest dynamics
and find that drivers whose team won the preintervention con-
tests show a significant and sizeable increase in revenue in every
experimental condition (SI Appendix, Table S35), i.e., a momen-
tum effect, which is also identified in other empirical contest
literature (58).

Figs. 2 and 3 present the ranking dynamics throughout our
experiment at the individual and team levels, respectively. We note
that both individuals and teams are likely to move up or down one
to two ranks, whereas radical rank changes are less often observed.
Despite considerable movements, both individual ranking within
a team and team ranking within a leaderboard are moderately and
significantly correlated with those in the preintervention contest
(Spearman’s rank correlation coefficient between the last day of the
preintervention contest and that of the status contest is ρ= 0.65
for individual ranking and ρ= 0.52 for team ranking, P < 0.01
in each case). We summarize our analyses below.
Result 5 (momentum effect): Drivers whose team won the prein-
tervention contest show a sizeable increase in revenue in every
experimental condition (P < 0.01; SI Appendix, Table S35). The
rank correlation coefficient is 0.65 for individual ranking and 0.52
for team ranking (P < 0.01).

We next explore the channel of within-team communication
on driver revenue, as prior laboratory experiments demonstrate
that within-group communication is crucial in strengthening
group identity (13, 18). To facilitate between-driver communi-
cations, prior to our experiment, the platform implemented a
direct message forum within its app, so that drivers can send direct
messages to each other. However, the forum allows only pairwise
communications, which are clumsy to use to communicate with a
team. Indeed, we saw forum messages where a driver sent the same
message six times, once to each of the driver’s teammates. Based
on our survey data, 79% of the respondents said that their team
moved to WeChat, which facilitates easier group communication
with functionalities similar to those of WhatsApp. The forum
data corroborates this view, as 77% of the forum messages were
communicated during the team building week and 93% before
the start of the intervention. However, we do not have access to
their WeChat communication data, as it belongs to a different

#7

#6

#5

#4

#3

#2

#1

Pre-experiment Team building
Pre-Intervention

Contest
Status Contest

Week 1
Status Contest

Week 2
Status Contest

Week 3
Post-Intervention

Contest

Fig. 2. Sankey diagram of individual ranking dynamics within the individual’s team. The x axis denotes the week and the y axis denotes ranking, with #1 being
the top rank. The width of the branches is proportional to the flow rate.
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Fig. 3. Sankey diagram of team ranking dynamics within its leaderboard. The x axis denotes the week and the y axis denotes ranking, with #1 being the top
rank. The width of a branch is proportional to the flow rate.

IT company. Nonetheless, we use “team forum usage,” a binary
variable to indicate whether at least one team member used the
forum to contact teammates between the team formation and the
status contest phases. Our analysis of team forum usage is reported
in SI Appendix, section 11 and summarized below.
Result 6 (team communication): Drivers in Beijing and Taiyuan
are significantly more likely to use the team forum compared to
their counterparts in Kunming (P < 0.01; SI Appendix, Table S38).
Furthermore, team forum usage is associated with a significant
increase in weekly revenue overall (32.31 CNY, P < 0.05;
column 1 in SI Appendix, Table S39) and in Taiyuan (60.93 CNY,
P < 0.01; column 3 in SI Appendix, Table S39).

Result 6 corroborates findings in the management literature
that a participatory organization structure that enables workers
to voice opinions in their group increases worker productivity
(35). In our setting, since team forum usage is not randomly
assigned, we cannot conclude that team communication is the
cause of improved performance. Nonetheless, Result 6 provides
correlational evidence that team communication is associated with
increased revenue.

While we do not have the content of drivers’ WeChat com-
munication, our postexperiment survey (SI Appendix, section 4)
yields some insights into the nature of their information exchange,
even though the survey response rate is only 15%. Of the 4,295
drivers who responded, more than 82% like the contests (Q1),
citing team belonging (Q17), making friends (Q2, Q6), and
identification with the organization (Q18) as benefits. We also
find evidence of peer information exchange, learning, and skill
improvement among team members (Q4e), providing empirical
evidence for information sharing in teams (59).

A Machine-Learning Analysis of 149 Team Contests. To further
explore the robustness of findings in our experiment, we perform
a machine-learning analysis using the data of our six short-term,
pre- and postintervention contests (i.e., two per city) together with
an additional dataset comprised of 143 short-term team contests
in 86 cities conducted by the platform between January and
August 2018 (22). The common features among these contests
are that they are short term (3 to 10 d), with a best-of-five team
contest format, and with a cash prize for the best-performing
team. Our status contest is unique among all the contests run
on the platform in that it does not provide additional monetary
prizes. While it is not possible to use other status contests to check

the robustness of our results, since the short-term contests contain
identical leaderboard information, they are useful to validate
our main findings. SI Appendix, section 12 contains our sample
selection criteria, the implementation details of the random forest
model (60), and its performance metrics.**

Our set of features includes driver age, work experience (plat-
form age), the driver’s precontest revenue difference from the team
average, team similarity (based on age, hometown, precontest
work area, etc.), and precontest ranking on the team leaderboard,
as well as city-level precontest order fulfillment rate, prize amount,
the presence of individual threshold bonus, the number of drivers
on the platform in a city, and the weather condition (rain or snow).

SI Appendix, Table S43 presents the features in decreasing im-
portance in predicting individual treatment effects. The feature
importance ranking provides a robustness check for our main
results. The most important feature, the difference between a
driver’s precontest revenue and the team average, accounts for
32% of the node impurity score. This is consistent with Result 4
that below-median drivers exhibit a stronger revenue increase than
their above-median counterparts. It is also consistent with Result 5
(momentum effect) that those who won the preintervention con-
test continue to do better in the intervention. The second most
important feature, a driver’s work experience, accounts for 13%
of the node impurity score, corroborating similar findings in our
regression analysis (Tables 1–3) and those using Uber data (25).
Next, the three team similarity measures (precontest work area,
age, hometown) together account for 29% of the score, followed
by city-level precontest order fulfillment rate, prize amount, the
presence of individual threshold bonus, and inclement weather.

Our machine-learning analysis provides a robustness check for
the main mechanism identified by our heterogeneity analyses
(social comparison). It also helps explain the different treatment
effects across our three contest cities. The effects observed in
Beijing are affected by the presence of individual threshold bonus

**A random forest model integrates a number of decision trees, each of which uses a
random sample of the training data. In each tree, it iteratively examines the set of possible
splitting points among a random subset of features. Given a splitting point, it calculates
the reduction of node impurity, which is measured by the mean-squared error when the
outcome variable is continuous, before and after the split. A larger reduction of node
impurity represents better prediction performance. The feature importance (in making
accurate predictions) is then measured by the extent to which a feature helps reduce the
node impurity across the “forest.”
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implemented by another department, whereas the lack of any
treatment effect in Kunming might be explained by the near-
perfect precontest order fulfillment rate (98%). Absent this type
of interference and with a high level of within-team similarity as
most of its drivers are local, Taiyuan provides the ideal environ-
ment for testing the efficacy of team contests. The importance of
within-team similarity in natural identities, such as hometown
or age, is consistent with social network models of friendship
formation (39).

Conclusion

Our study examines the effect of virtual teams on gig worker
productivity and retention on a ride-sharing platform. We find
that treated drivers generate significantly more revenue than those
in the control condition during the 3-wk intervention. Three
months after the experiment ended, we find that drivers in the
team leaderboard treatment continue to work longer hours on
the platform, indicating that virtual teams have the potential
to increase worker productivity and retention. We identify so-
cial comparison, momentum effect, and team communication
as the underlying mechanisms that drive the treatment effects.
Our machine-learning analysis with 149 short-term team contests
provides robustness checks for our main findings and explains
the heterogeneous treatment effects across the three cities. This
research points to the promise of virtual teams for the gig economy
and for the future of work.

More broadly, our research contributes to the understanding
of nonmonetary incentives. For the team status contest to work,
three conditions should be satisfied. First, within-team diversity in
productivity activates social comparison. The public good nature
of team ranking promotes upward comparison that increases
below-median workers’ effort. Second, within-team similarity in
natural identities, such as hometown or age, facilitates team com-
munication, identity building, and friendship formation. Finally,

a gap in the labor supply and work demand ensures that there
is room for improvement and that an increase in labor supply is
efficient.
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