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Abstract

This paper highlights that the difference in exploiting destination information
between male and female drivers perpetuates gender earning inequality in the ride-
hailing industry. Using order-level data in December 2018 in Hangzhou City, we
find a 3.5% hourly earning gap across genders. The gender earning gap is larger
for platforms displaying the destination information to drivers before accepting
the ride. We argue this difference is caused by gender differences in the utiliza-
tion of destination information. Male drivers tend to be more experienced and are
more likely to select more lucrative rides. Consistently, we observe greater gender
disparities in speed and distance on platforms that disclose destination informa-
tion. Moreover, when dividing the sample into drivers with and without permanent
driver licenses, we find the hourly gender earning gap is more pronounced among
drivers without permanent driver licenses, lending support to our proposed mech-

anism.
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1 Introduction

What sustains a gender earning gap in a gig economy like the ride-hailing indus-
try if the pay formula and matching algorithm are gender-blind? This paper empha-
sizes that the difference in exploiting destination information between male and female

drivers may play an important role in perpetuating gender earning inequality.

In contrast to traditional labor markets, the burgeoning gig economy in the past
decades is featured great worker flexibility in the form of short-term contracts and free-
lance work. It is possible that the gig economy could generate a new path towards an
equal labor market across genders by dividing work into small pieces and allowing easy

substitution of work across workers.

By exploiting order-level data in December 2018 in Hangzhou City, China, we doc-
ument a 3.5% hourly earning gap across genders, controlling for time and area to work
as well as driver age. In addition, we find a difference across platforms. For platforms
that display destination information to drivers prior to accepting the ride, the gender

earnings gap is larger than for platforms that do not show destination information.

We argue that the differences are caused by the fact that different genders exploit
the destination information differently. When passengers make ride requests, nearby
drivers receive a pop-up notification and have the option to accept or decline the ride.
Experienced drivers can gauge whether the ride is desirable or not from the destination
information. By selecting the more desirable rides, drivers get higher or lower hourly

earnings depending on their rule of selection.

There are three potential ways that destination information can impact the choice
and income of drivers. (1) Speed: if a route passes through areas with heavy traffic, it
may be less profitable due to slower speeds; (2)Distance: a longer journey is generally
more profitable, and drivers can estimate the distance of a journey if both origin and
destination information are provided ; (3)Avoidance of unsafe areas: females may
choose to avoid unsafe areas when destination information is provided. If orders in
unsafe areas have higher compensation, a gender preference could also contribute to

the earnings gap.

Our hypothesis is based on the assumption that there is no selection of ride-hailing

drivers on different platforms. While driver allocation is not entirely random, we ap-



proach this issue from two perspectives. First, we contend that the gender earnings
disparity is unlikely to be attributable to selection bias. The rationale behind this asser-
tion is that drivers’ platform choices are governed by factors such as revenue sharing
and order volume, which are gender-blind by design. Second, in our primary analysis
we account for several gender-specific variables that may influence the hourly income,
such as work time and area. Nevertheless, we cannot rule out the possibility of selection

bias concerning unobserved variables.

Regarding the channels of speed and distance, our research suggests that male
drivers, who tend to be more experienced in driving, may use more information when
deciding whether to accept or reject a ride based on their experience, leading to higher
male hourly earnings. Conversely, in the channel of avoidance of unsafe areas, female
drivers use more information based on their preferences, which could result in lower

female hourly earnings.

We show evidence that providing destination information leads to larger differ-
ences in speed and distance across genders. We find that on platforms that provide
destination information, male drivers drive 2.49% faster than female drivers, while the
difference is negligible on platforms that do not provide destination information. Male
drivers also tend to have longer trips when they use platforms that provide destination

information.

To establish the relative importance of different factors, we decompose the vari-
ance of hourly earnings into variances of speed, distance, time and area fixed effects,
and driver age. Our analysis reveals that among these factors, speed explains around
62.62% of the variance in hourly earnings and distance explains around 13.12% of the
variance; the sets of time and area fixed effects and driver age can only account for 2.23%
of the variance. This suggests that, compared to other controls, speed has a dominant

impact on hourly earnings.

Regarding the mechanism of female avoidance of unsafe places, we argue that it is
unlikely to be related to the enlarged gender earning gap that is attributable to the re-
vealing of destinations. We have already shown that area fixed effects can only explain
a small share of the variance in hourly earnings, and controlling for area fixed effects
(origins and destinations) does not significantly impact the gender earning gap. Addi-
tionally, if female drivers avoid areas with more bars, they may end up driving faster

due to the typically congested traffic conditions in these areas, which is inconsistent
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with our findings on speed.

Our study contributes to several strands in the literature. First among these is gen-
der earning gaps. Despite the considerable progress made over the last century to-
wards gender convergence in the labor market, a gender wage gap of 12% persisted
(Blau and Kahn, 2017). This gender wage gap is widely believed to be attributable to
the "job-flexibility penalty," as women tend to work fewer hours and experience more
disruption in their labor force participation (Bertrand, Goldin and Katz, 2010; Goldin,
2014). Bolotnyy and Emanuel (2022) have shown that among Boston MBTA drivers,
the gender earnings gap can be explained by the fact that female operators take fewer
hours of overtime and more unpaid time off than male operators. Our study extends
this literature by providing new evidence that the difference in exploiting destination
information between males and females can influence the drivers’ selection of requests
in the ride-hailing industry, leading to a gender earning gap even if the pay formula

and matching algorithm are designed to be gender-blind.

Second, this paper is relevant to the growing literature on the social economic con-
sequence of gig economy (Berger, Chen and Frey, 2018; Chen et al., 2019; Guda and
Subramanian, 2019; Cook et al., 2021; Angrist, Caldwell and Hall, 2021; Liu, Brynjolfs-
son and Dowlatabadi, 2021; Liu et al., 2023). The extent to which the gig economy can
mitigate discrimination and reduce inequality among workers is a hotly debated topic.
Despite the topic’s significance, there is limited empirical evidence about gender dis-
parities in the gig economy because of a paucity of data. To the best of our knowledge,
we provide the first evidence of the gender earning gap in the ride-hailing industry
within the context of a developing country. Our findings suggest that platform regu-
lations, such as concealing destination information from drivers, can help reduce the
gender earning gap by addressing the difference in exploiting destination information

between genders.

Finally, we add new evidence to the well-established literature on taxi drivers’ labor
supply behaviors (Camerer et al., 1997; Chou, 2002; Farber, 2005; Crawford and Meng,
2011; Farber, 2015; Thakral and T6, 2021). By revealing the heterogeneity in gender
earning gaps across platforms with different policies on information revealing and its
interaction with demographic characteristics, this paper enriches our understanding
of the labor supply dynamics of ride-hailing drivers, highlighting the role of informa-

tion utilization in shaping economic behaviors and decision-making processes among



independent contractors.

In a paper close to our study, Cook et al. (2021) examine the gender earning gap
in the US ride-hailing industry. They find a 7% gender earning gap among US Uber
drivers and attribute it entirely to three factors: experience, preferences and constraints
regarding where to work, and preferences for driving speed. In our settings, the time
and area to work can only explain a small part of the gender earning gap. While both
studies suggest that the selection of profitable orders is an important factor contributing
to the gender earning gap, our study emphasizes that in Hangzhou, this selection is

driven by the difference in exploiting destination information between genders.

2 Conceptual framework

The following parsimonious model demonstrates how revealing the destination to
drivers leads to a larger gender earning gap by enabling male drivers to select more
desirable orders and enhancing male drivers’ speed, allowing for gender preferences

for working at night and gender disparities in speed, conditional on route and time.’

We consider a sequential choice problem where a driver determines the working
time, order type, and driving speed when working for the platform. The driver can be
male (¢ = m) or female (g = f). In the first period, the driver chooses which time to
drive t € {D, N}. In the second period, the driver receives two requests. He or she

chooses (1) which request to accept and (2) the effort e to spend on speed.

We use backward induction to solve the sequential problem. First, suppose the
choice of time ¢t € {D, N} is fixed. There are two possible states: w € {1,2}, where
w = i indicates that the i-th request is “good” while the other is “bad”. A good request
indicates that the traffic is good and thus good for improving speed, while a bad one in-
dicates a heavy traffic jam that will slow down the speed. How the request types affect
the driving speed will be specified later. It is worth noting that the states of requests are
determined by the location, time, and weather. Ex-ante, each state realizes with prob-
ability 0.5.> A driver would receive a message (i.e. signal realization) m € {mi, ms}

when a request arrives. We consider the following information structure, where p, is

!In the model, the role played by gender preferences for taking trips to unsafe areas is similar to that
played by working at night.

2We do not consider cases where both orders are good or bad bacause they are irrelevant to our
mechanism.



the accuracy of signals received by gender g.

pg=Py(my Jw=1)=PFP,(me|w=2)>05 (1)

Since the prior distribution is uniform, the posterior Py(w = i | m;) = p, for i €
{1,2}.

The driver’s choice contains two dimensions: a € {1,2} stands for whether to
choose the first or second request and e > 0 stands for the effort to spend on speed.
The speed s is jointly determined by both dimensions. Given an accepted request, a
unit of extra effort e accelerates the speed by ke. If the accepted request matches the
true state (i.e., a = w), the speed is further increased by one unit (normalized). The

analytic form of the speed is given by

14+ ke ifa=w;
s = (2)
ke if a # w.

Let 7(s) be the income for driving at speed s and ¢, (e) be the cost of exerting effort e
for a driver with gender g. Given the information structure specified above, the driver’s

optimization problem is
max pg (1 +ke)+ (1 — p,) - w(ke) — c4(e). (3)

Assume linear income 7 with slope ¢ and quadratic cost with a gender-dependent

parameter ¢,(e) = 1,e*. The optimizer to the problem above is given by

. K
e =—. 4
0 (4)
The corresponding value function is
2]{26
V(g) =&py + $ ke (5)

4ahy

which is dependent on gender g. The first term represents the information rent for

obtaining more precise signals.



Now we consider the first-period choice, where the driver determines to drive at
day (D) or night (V). If the driver drives during the day, the net payoff is simply her
optimized profit Vp(g) = V(g). If he or she drives during the night, the net payoff is

random:
V(g)+V  if no accident happens;
Vn(g) = (6)
V(g)+V if an accident happens.
Here, V represents the premium for driving at night; V represents the loss if an accident
happens. Assume an accident happens with probability € and (1 — €)V + eV > 0.
Assume the driver has a constant absolute risk aversion (CARA) utility index with risk

coefficient > 0; then the driver’s expected utility at time ¢ is

EU; = Ei{—exp[-rVi(9)]}- (7)

If EUp > EUy, then the driver drives during the day; otherwise driving occurs at
night. Assume the risk coefficient among males 1, is uniformly distributed over [r¢, 7o+
r1] and the risk coefficient among femailes 7 is uniformly distributed over [r(, 7, + 1],
where ry < r(. Then the fraction of male driving at night will be higher than that of

females driving at night.

When destination information is revealed, male drivers are more likely than female
drivers to receive signal m; when the first request is in a good state and receive m, when
the second request is in a good state because they are more experienced. That is, under
these conditions, male drivers would have a higher accuracy of signal, wherein p,, is
high while p; is low (close to 0.5). An increase in the accuracy of signal p, does not

influence the optimal effort, but it leads to a higher expected speed.

OE,,s* Oex
>0, 2% 8

This conceptual framework has three implications: (1) Gender preference dispar-
ity for working at night (and similarly for unsafe areas) and gender difference in speed,
conditional on the route and time, lead to gender earning gaps in the ride-hailing indus-
try even if the pay formula and matching algorithm are gender-blind; (2) On platforms
that show the destination before a request is accepted, the gender speed gap is larger if

males possess more information due to their advantage in experience; (3) The gender



gap would be smaller if both genders exploit the information similarly. In one sub-
group, the drivers with permanent driving licenses, both genders are familiar with the
traffic condition, and both are able to choose the more profitable requests if destination

information is provided. Therefore, we have the following hypotheses:
H1: There is a gender earning gap among ride-hailing drivers.

H2: The gender earning gap would be larger on platforms that provide destination

information to drivers before they accept offers.

H3: The differences in the gender earning gap across platforms would be smaller

for drivers with permanent driving licenses.

3 Data and empirical strategy

3.1 Data

Our analysis is based on a comprehensive panel dataset of ride-hailing drivers in
Hangzhou, which is the third largest city in China’s Yangtze River Delta, known for
its established ride-hailing market. The ride-hailing data were obtained from the Bu-
reau of Transformation in Hangzhou and cover the period December 1-31, 2018. The
administrative sample includes detailed travel information like pick-up time, drop-off
time, pick-up location, drop-off location, driving distance, deadhead distance, trip rev-
enue, as well as driver information and vehicle information from 16,284,444 trips and
46,627 drivers. For each ride-hailing driver, we have detailed information about gender,

age, and completed trip orders. Using these data, we construct the following variables:

(1) Hourly earning: the transaction-level income divided by the sum of wait times
and time spent on trips; (2) Time spent on trip: the difference between arrival time
and departure time; (3) Wait time: the time between completing a previous trip and
picking up a passenger for a new trip; (4) Speed: the driving miles divided by trip
time; (5) Location: the geohash’ dummy constructed by longitudes and latitudes of
origins and destinations; and (6) Experience: the driver’s age or time since obtaining a

driver license.

3Geohash is a hierarchical spatial data structure that subdivides space into buckets of grid shape. A
geohash is a unique identifier of a specific region on the Earth.



3.2 Empirical strategy

To quantify the gender earning gap, we consider the following baseline specifica-
tion:
Yije = B - Femaley + X'y + 6N 4 Ouy + Woa + ¢ + €351, (9)

where y;;; is the outcome, which can be driver i’s hourly earning on transaction j on
the time t; Female;, is the dummy variable for gender; X; is a vector of transaction-
level control variables, including speed during the trip and distance of the trip; \; is
the individual-level control variables, including a driver’s experience proxied by age or
time since obtaining a driver license; 0,,; is the day-of-the-week fixed effect and hour
tixed effects; w, 4 is the origin and destination fixed effects; and c is the intercept term.

€;; is the residual that is clustered at the individual level.

We divide our sample into two sub-groups: ride-hailing drivers on platforms that
provide destination information before accepting the request; and drivers on platforms
that do not provide destination information. If male drivers are able to choose more
profitable requests when they have more information, we expect them to have higher
hourly earnings and drive faster. Therefore, we expect that the magnitude of 5 would

be larger for drivers on platforms that provide destination information.

There might be alternative explanations for the larger gender earning gap on plat-
forms that provide destination information. One alternative mechanism is that females
may choose to avoid less desirable but more profitable requests when the destination is
provided. In this case, the enlarged gender earning gap is due to females’ use of infor-
mation based on gender differences in preference rather than males” use of information

based on gender differences in experience (Bolotnyy and Emanuel, 2022).

To address this concern, we divide ride-hailing drivers into those with and with-
out permanent driver licenses. We assume that both genders with permanent driver
licenses are familiar with the road and traffic conditions. Hence, when destination in-
formation is provided, both genders have similar information. If the enlarged gender
earning gap is due to experienced male drivers’ use of information, we would expect to
see a smaller gender earning gap among drivers with permanent driver licenses than
among drivers without permanent driver licenses when platforms that provide desti-

nation information are used.



4 Empirical results

Table 1 presents the gender daily earning gap within the ride-hailing industry. Col-
umn 1 indicates that, on average, female ride-hailing drivers in Hangzhou earned 9.43%
less per day than their male counterparts. Column 2 controls the number of hours spent
on the trip and wait time. Wait time is based on the time between completing the pre-
vious trip and picking up passengers for a new trip. We replace the wait time with
the average wait time of the driver on the same day when the former is greater than 30
minutes. Controlling for working hours significantly reduced the gender daily earn-
ing gap to 3.91%. In columns 3 and 4, we control the day-of-week fixed effects and the
experience by adding age and square of age to the regression, respectively. Column 5
includes all aforementioned controls and fixed effects, and the results are largely con-
sistent. The subsequent empirical analysis focuses on the remaining gender earning
gap of 4.44% in Column 5. To account for transaction-specific characteristics, such as
destination and hour-fixed effects, we examine hourly income, which we will elaborate

on in the subsequent paragraphs.
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Table 1: Raw daily gender earning gap in the Hangzhou ride-hailing
industry

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

VARIABLES In(Daily income)
Female -0.0943*** -0.0391* -0.0392*  -0.0443* -0.0444*
(0.0294) (0.0235) (0.0235)  (0.0234) (0.0234)
In(Workhour) 0.796***  0.795%*  (.794*** 0.794%**
(0.00525) (0.00527) (0.00521)  (0.00522)
Age 0.0173**  0.0173***
(0.00417)  (0.00417)
Age_sq -2.16e-04*** -2.16e-04***
(5.56e-05) (5.56e-05)
Mean of dependent variable  5.921 5921 5.921 5.921 5.921
Day of week FE No No Yes No Yes
Observations 87,461 87,461 87,461 87,461 87,461
R-squared 0.001 0.675 0.675 0.676 0.676

Note: Standard errors in parentheses are clustered at the individual level. *** p<0.01,
** p<0.05, * p<0.1. The sample used consists of daily-level observations for ride-hailing
drivers in Hangzhou City in December 2018. The dependent variable is the daily earning
of drivers who work for at least one hour during a given day. The work hour is measured
by the sum of the hours spent on the trip and the wait time. Wait time is based on the
time between completing the previous trip and picking up a passenger for a new trip.
We replace the wait time with the average wait time of the driver on the same day if it is
greater than 30 minutes.

Table 2 presents the findings on the raw gender hourly earning disparity that only
controls for gender dummy. Hourly income is measured by the earning of one trans-
action over the sum of hours spent on the trip and wait time. Column 1 shows that
female ride-hailing drivers in Hangzhou on average earned 2.39 yuan (approximately
0.35 dollars) less per hour than their male counterparts. Column 2 shows that the gen-
der earning gap is about 3.71%, which is smaller than the 7% gender earning gap in
Cook et al. (2021). Columns 3 and 4 use an alternative measure of hourly income that
replaces the wait time with 0 if the wait time is greater than 30 minutes. The estimated
absolute and relative gender earning gaps are 2.24 yuan and 3.48%, respectively, which
are close to the findings in columns 1 and 2, suggesting that our results are not sensitive

to specific measurements.
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Table 2: Raw hourly gender earning gap in Hangzhou's ride-hailing in-
dustry

(1) (2) (3) (4)
VARIABLES Hourly inc measure 1 Hourly inc measure 2

Income In(Income) Income In(Income)

Female 2386 -0.0371%*  -2.239%* -0.0348***
(0.557)  (0.009) (0.522)  (0.008)

Mean of dependent variable = 72.54 4.234 74.47 4.257
Day of week FE No No No No
Hour FE No No No No
Origin and destination FE No No No No
Observations 560,727 560,727 560,727 560,727
R-squared 0.000 0.000 0.000 0.000

Note: Standard errors in parentheses are clustered at the individual level. ***

p<0.01, ** p<0.05, * p<0.1. The sample used consists of transaction-level ob-
servations for ride-hailing drivers in Hangzhou City in December 2018. The
dependent variable is the average hourly earning measured by the earning
of the transaction over the sum of the hours spent on the trip and the wait
time. Wait time is based on the time between completing the previous trip
and picking up a passenger for a new trip. In columns 1 and 2, we replace
the wait time with the average wait time of the driver on the same day if the
wait time is greater than 30 minutes. In columns 3 and 4, we replace the wait
time with 0 if it is greater than 30 minutes.

Table 3 gradually adds controls and fixed effects from column 2 to column 5. Col-
umn 1 has the same specification as Table 2 column 2. Column 2 of Table 3 controls
the day-of-week fixed effects and hour fixed effects, which decreases the gender earn-
ing gap by 0.14 percentage points (3.77% of the raw gap). Column 3 controls the ori-
gin fixed effects and destination fixed effects measured by dummies of geohash, which
decreases the gender earning gap by 0.15 percentage points (4.04% of the raw gap).
Column 4 controls the experience by adding age and square of age to the regression,
which increases the gender earning gap by 0.06 percentage points (1.62% of the raw
gap). Column 5 includes all the mentioned controls and fixed effects, which decrease
the gender earning gap by 0.2 percentage points (5.39% of the raw gap). Overall, the

results in Table 3 suggest that work time, work area, and experience across genders can
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only explain a small part of the raw gender earning gap.

Table 3: Hourly gender earning gap in the Hangzhou ride-hailing in-
dustry

(1) (2) (3) (4) (5)
VARIABLES In(Hourly income)
Female -0.0371*** -0.0357*** -0.0356*** -0.0377***  -0.0351***
(0.00899) (0.00879) (0.00844) (0.00904)  (0.00828)
Age 0.00581***  0.00583***
(0.00163)  (0.00156)
Age_sq -7.94e-05*** -7.77e-05%**
(2.17e-05)  (2.06e-05)
Mean of dependent variable = 4.234 4.234 4.234 4.234 4.234
Day of week FE No Yes No No Yes
Hour FE No Yes No No Yes
Origin and destination FE No No Yes No Yes
Observations 560,727 560,727 560,727 560,727 560,727
R-squared 0.000 0.008 0.028 0.001 0.036

Note: Standard errors in parentheses are clustered at the individual level. ** p<0.01,
** p<0.05, * p<0.1. The sample used consists of transaction-level observations for ride-
hailing drivers in Hangzhou City in December 2018. The dependent variable is the aver-
age hourly earning measured by the earning of the transaction over the sum of the hours
spent on the trip and the wait time. Wait time is based on the time between completing
the previous trip and picking up a passenger for a new trip. We replace the wait time
with the average wait time of the driver on the same day if it is greater than 30 minutes.

Table 4 divides the sample into drivers on platforms with and without destination
information. Column 1 indicates that on platforms that reveal the destination to drivers
prior to accepting requests, the gender earning gap is 2.48%, but this gap is only 1.21%
for drivers on platforms without such information. The difference between the two
types of platforms, although insignificant, suggests that drivers operating in platforms

that disclose destinations might selectively choose requests to accept.*

“The gender earning gaps are smaller in both types of platforms compared to pooling them together,
which might be caused by the difference in average gross income across platforms. We argue that the
comparison of average gross income across platforms is less informative because the net income of each
transaction is subject to the revenue shares between drivers and platforms.
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Table 4: Hourly gender earning gap in platforms with and without des-
tination information

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

In(Hourly income)

VARIABLES Dest on Dest_off Dest_ on Dest_off
Female -0.0248*** -0.0121** -0.0111** -0.0101

(0.00819) (0.00518) (0.00448) (0.00625)
In(Speed) 0.549***  (0.506***

(0.00646) (0.00291)

Mean of dependent variable  4.125 4.256 4125 4.256

Controls Yes Yes Yes Yes
Day of week FE Yes Yes Yes Yes
Hour FE Yes Yes Yes Yes
Origin and destination FE Yes Yes Yes Yes
Observations 93,907 466,814 93,907 466,814
R-squared 0.063 0.041 0.691 0.636

Note: Standard errors in parentheses are clustered at the individual level.
**p<0.01, ** p<0.05, * p<0.1. The sample used consists of individual-day
level observations for ride-hailing drivers in Hangzhou City in December
2018. The dependent variable is the average hourly earning measured by
the earning of the transaction over the sum of the hours spent on the trip
and the wait time. Wait time is based on the time between completing the
previous trip and picking up a passenger for a new trip. We replace the
wait time with the average wait time of the driver on the same day if it is
greater than 30 minutes. Controls included are age and age square.

In the conceptual framework, we argue that platforms that reveal destination in-
formation to drivers have a larger gender gap because male drivers exploit their expe-
rience and select requests that allow them to drive faster. If that is the driving force, we
would expect to see a smaller or negligible difference across different types of platforms
once we control the speed. As in Table 4 columns 3 and 4, when we control the loga-
rithm of speed, the gender earning gap in the platform with destination information
decreases to 1.11%, while the gender earning gap in platforms without destination in-
formation remains largely unchanged. Moreover, the magnitude of the gender earning
gaps is similar in different types of platforms after controlling the speed. Judging from

columns 3 and 4, speed may explain between one-third to a half of the gender earning

14



gap (depending on whether pooling or separating specifications are used). However,
a significant portion of the gender earning gap remains that cannot be explained. This
could be due to a selection of vehicle brands and models, which can have a direct impact

on hourly income.

Drivers on platforms that reveal the destination beforehand can infer several pieces
of information regarding the attractiveness of potential ride requests: (1) the expected
speed of the trip, which is predicated upon the particular route and traffic conditions;
(2) the distance of the trip, which can be directly derived from the origin and desti-
nation information; and (3) the safety of the destination, a matter more likely to be of

concern at night.

We decompose the variance of the logarithm of hourly earnings into five sets of fac-
tors: the logarithm of speed, the logarithm of distance, the origin fixed effects and des-
tination fixed effects, the day of week fixed effects and hour fixed effects, and age fixed
effects. Table 5 shows that the variance in speed accounts for approximately 62.62% of
the total variance in hourly earnings, the variance in the distance accounts for 13.12%
of the total variance; the fixed effects controlling for time, area, and experience only ac-
counts for 2.23% of the total variance. This suggests that speed has more of a dominant
effect on variance in hourly earnings than distance and other control variables. This is
consistent with our findings in Table 3, which shows adding time and area fixed effects

and experience only explains a small part of the raw gender earning gap.
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Table 5: Dominance analysis of factors that affect hourly earning

In(Hourly income) Donimance Standardized  Ranking
Stat. Domin. Stat.

In(Speed) 0.6262 0.8032 1
In(Distance) 0.1312 0.1682 2
Origin and destination FE 0.0146 0.0187 3
Day of week FE and hour FE 0.0064 0.0082 4
Age FE 0.0013 0.0016 5
Overall fit statistics 0.7796

The sample used consists of transaction-level observations for ride-hailing
drivers in Hangzhou City in December 2018. The dependent variable is the
average hourly earning measured by the earning of the transaction over the
sum of the hours spent on the trip and the wait time. Wait time is based on
the time between completing the previous trip and picking up a passenger
for a new trip. We replace the wait time with the average wait time of the
driver on the same day if it is greater than 30 minutes.

Table Table 6 reports the results on the speed and the distance of the trip. Columns
1 and 2 show that on platforms that reveal the destination to drivers, males on average
drive 2.49% faster than females; on platforms that do not show the destination this
gap is negligible for drivers. Columns 3 and 4 show that male drivers on platforms
with destination information take trips that on average are 3.55% longer, but female
drivers take longer trips on platforms that do not show the destination.” The findings
in Table 6 are consistent with our proposed mechanism that males are able to choose

more lucrative requests when the destination information is revealed.

>The relationship between distance and hourly income should be regarded with caution. There is
a positive correlation between hourly income and distance, but the mechanism is mainly driven by the
higher speed of longer trips. Adjusting for speed reveals an inverse correlation between hourly income
and distance.
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Table 6: Gender mile and speed gap in platforms with and without des-
tination information

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

Deston Destoff Deston Dest off
VARIABLES In(Speed) In(Distance)

Female -0.0249** -0.0039  -0.0355*** 0.0111**
(0.0112) (0.0087)  (0.0132) (0.0049)

Mean of dependent variable -5.691  -5.670 1.669 1.703

Controls Yes Yes Yes Yes
Day of week FE Yes Yes Yes Yes
Hour FE Yes Yes Yes Yes
Origin and destination FE Yes Yes Yes Yes
Observations 93,907 466,814 92,979 463,749
R-squared 0.088 0.097 0.145 0.158

Note: Standard errors in parentheses are clustered at the individual
level. *** p<0.01, ** p<0.05, * p<0.1. The sample used consists of
transaction-level observations for ride-hailing drivers in Hangzhou City
in December 2018. The dependent variable in columns 1 and 2 is speed,
while in columns 3 and 4 it is miles driven. Speed is measured by the
miles driven over the sum of hours spent on the trip and the wait time.
Wait time is based on the time between completing the previous trip
and picking up a passenger for the new trip. We replace the wait time
with the average wait time of the driver on the same day if it is greater
than 30 minutes. Controls included are age and age square.

If the difference in exploiting destination information is the dominant mechanism
that explains the gender earning gaps across platforms, we would expect to observe
smaller gender earning gaps for drivers who possess more information ex-ante. One
group that may have sufficient information is drivers with permanent driving licenses,
who are familiar with traffic conditions. Both male and female drivers with sufficient
experience can leverage the destination information to decide which requests to accept.
Consequently, we expect to see a smaller gender earning gap among drivers obtaining
permanent driver licenses than among drivers with temporary driver licenses when

platforms that provide destination information are used.
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Table 7: Hourly gender earning gap in platforms with destination infor-
mation for drivers with different experiences

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

In(Hourly income) with destination on

By driver license type By age
VARIABLES Permanent Temporary  Senior Junior
Female -0.00497  -0.0265***  -0.0206* -0.0320***
(0.0102)  (0.00882)  (0.0113) (0.0120)

Mean of dependent variable  4.116 4.126 4121 4.129
Controls Yes Yes Yes Yes
Day of week FE Yes Yes Yes Yes
Hour FE Yes Yes Yes Yes
Origin and destination FE Yes Yes Yes Yes
Observations 11,365 82,322 49,919 43,986
R-squared 0.082 0.063 0.068 0.063

Note: Standard errors in parentheses are clustered at the individual level.
*** p<0.01, ** p<0.05, * p<0.1. The sample used consists of individual-day-
level observations for ride-hailing drivers in Hangzhou City in December
2018. The dependent variable is the average hourly earning measured by the
earning of the transaction over the sum of hours spent on the trip and the
wait time. Wait time is based on the time between completing the previous
trip and picking up a passenger for a new trip. We replace the wait time
with the average wait time of the driver on the same day if it is greater than
30 minutes. Controls included are age and age square. Senior drivers are
those older than 36.

Table 7 columns 1 and 2 show that on platforms that provide destination informa-
tion, the gender earning gap for drivers with temporary driver licenses is 2.65%, but is
negligible for drivers with permanent driver licenses. Columns 3 and 4 show the results
of robustness checks by dividing the drivers into senior and junior groups by their age.
The gender earning gap is 3.20% for junior drivers and 2.06% for senior drivers, albeit

the coefficients are not statistically different.
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5 Conclusion

Our study highlights that the difference in exploiting destination information be-
tween male and female drivers perpetuates gender earning inequality in the ride-hailing
industry. Using order-level data collected in December 2018 from Hangzhou City, we
find a 3.5% hourly earning discrepancy between genders. In addition, we find that the
gender earning gap is larger for platforms that display the destination information to
drivers before they accept a ride. We argue that this difference arises due to gender
differences in the utilization of destination information. Male drivers tend to be more
experienced and are more likely to select more lucrative rides. In line with this mech-
anism, we also observe a greater gender disparity in speed and distance on platforms
that disclose destination information. Moreover, when dividing the sample into drivers
with and without permanent driver licenses, we find the hourly gender earning gap is
more pronounced among drivers without permanent driver licenses, lending support

to our proposed mechanism.
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