
China Economic Review 77 (2023) 101908

Available online 21 December 2022
1043-951X/© 2022 Elsevier Inc. All rights reserved.

Do men and women discriminate against women for the same 
reason? Evidence from China 

Jianfei Shen a, Qiqi Wang b,* 

a Shandong University of Finance and Economics, 7366 Erhuandong Road, Jinan, Shandong 250000, China 
b Xi’an University of Finance and Economics, 360 Changning Avenue, Xi’an, Shaanxi 710100, China   

A R T I C L E  I N F O   

JEL classification: 
C90 
J31 
J71 

Keywords: 
Discrimination 
Gender 
Labor market 
Experiment 

A B S T R A C T   

In this study, we examine whether men and women form gender discrimination for the same 
reason. To do that, we build an experimental Chinese labor market in which employers evaluate 
the productivity of workers who perform a real-effort task. Before evaluation, the employer ob
serves the worker’s personal and group information. The personal information contains gender 
identity and a signal of productivity. The group information reveals the productivity distributions 
of some other male and female workers who do not differ in average productivity. However, it 
shows more male workers at the very top productivity levels and more female workers at the very 
bottom productivity levels in one treatment than in the other. According to the belief-based 
theory, there will be a greater degree of discrimination against female workers in the former. 
We find that, however, only male employers’ evaluations are well predicted by this approach. 
Female employers behave oppositely: their degree of gender discrimination is smaller in the 
treatment emphasizing men’s advantage in the tails of the productivity distributions. To explain 
female employers’ evaluations, we adopt the preference-based approach. Our findings suggest 
that employers of different genders can have different motivations for gender discrimination, and 
thus call attention to the theoretical foundation of gender discrimination and policy measures 
aimed at reducing gender discrimination.   

1. Introduction 

Gender discrimination may be driven by three forces. According to the preference-based literature, gender discrimination is caused 
by a preference against rewarding or interacting with women (Becker, 1957). The statistical approach argues that people judge in
dividual women based on gender differences in abilities (Arrow, 1972; Arrow, 1973; Phelps, 1972). The inaccurate belief theory, 
which has recently been developed, proposes that people judge women based on systematic biases in beliefs (Bohren, Imas, & 
Rosenberg, 2019; Bordalo, Coffman, Gennaioli, & Shleifer, 2016). 

In most of the exising studies, men and women are not separately discussed, and the underlying assumption is that they form gender 
discrimination for the same reason. However, men and women diverge in a wide range of preferences (Croson & Gneezy, 2009; 
Niederle & Vesterlund, 2007), despite that they are alike in most cognitive abilities (Hyde, 2005; Rudman & Glick, 2008). Taking such 
divergence as point of departure, our research question is: If gender discrimination exists, what are the underlying motives for men and 
women, respectively? To explore this question, we employ a series of laboratory experiments in the setting of the Chinese labor market 
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as a worker’s gender is commonly observable in job applications in China. We find that the sources of male and female employers’ 
gender discrimination could be fundamentally different and, more importantly, context dependent. Our findings demonstrate that it is 
critical to consider the interaction between employer characteristics and embedding environments in order to learn about the precise 
reason for gender discrimination. 

The experiment proceeds as follows. Participants play roles as workers and employers. The workers are asked to solve a real-effort 
task, and the employers are incentivized to evaluate worker productivity based on individual characteristics and other information. 
Employer evaluations determine workers’ earnings, and gender discrimination is measured by the evaluation differentials between 
male and female workers with identical productivity. 

Before employers evaluate workers, we provide each employer with workers’ individual and group information. The individual 
information contains a signal of productivity and gender identity, and the group information reveals the productivity distributions of 
some other male and female workers. The employers are partitioned into two treatments. In both treatments, the group information – 
on average – shows no gender difference in ability. However, it differs in the tails: there are more men than women at the very highest 
performance levels, and more women than men at the very lowest performance levels in one treatment than in the other treatment. 

The purpose of varying group information between treatments is to test the inaccurate belief theory by Bordalo et al. (2016). The 
theory states that even if there are no gender differences in average productivity, discrimination can still arise. The reason is that when 
the tails of the productivity distributions become highly representative and are overweighted in employers’ assessment of the average 
productivity, a belief that women are aggregately less productive than men will be wrongly formed. For example, women have made 
great progress in school performance and today are comparable to men in average school grades and overall school performance, 
including mathematic grades (Goldin, Katz, & Kuziemko, 2006; Hyde, Lindberg, Linn, Ellis, & Williams, 2008). However, the belief 
that women are worse than men at mathematics still persists (Ecceles, Jacobs, & Harold, 1990; Carrell, Page, & West, 2010; Guiso, 
Monte, Sapienza, & Zingales, 2008). Such belief is explained by the fact that in some exams men appear more frequently than women 
at the very highest performance levels, leading one to mistakenly use the extreme performers as the representative types for each 
gender and overstate the size of the average differences (Bordalo et al., 2016). 

According to the above mechanism of inaccurate belief, there will be a greater degree of discrimination against female workers in 
the treatment where the group information shows more men at the very top and more women at the very bottom. We find that, 
however, only male employers’ evaluations follow such a pattern. Female employers’ behavior goes to the opposite direction: their 
degree of discrimination against female workers is actually smaller in the treatment emphasizing men’s advantage in the tails. 

To explain female employers’ behavior, we adopt the preference-based approach in addition to the belief-based one. That is, female 
employers associate the underrepresentation of women at the top performance levels with real life experiences, like glass ceiling and 
lack of women at the elite positions in workplaces. Such associations lead female employers to feel a threat to self-esteem and/or 
develop sympathy toward female peers. As a response, they activate a positive preference toward other women to boost self-esteem 
and/or to protect female peers. This positive preference translates to higher evaluations for female workers, and its effect is large 
enough to not only neutralize the treatment effect on belief, but also mitigate the original gender discrimination of female employers. 

Studying the motivation of discrimination is challenging as different motivations – preferences, statistical discrimination, and 
inaccurate beliefs – generate similar patterns of observable behavior (Fang & Moro, 2011). Our current paper further finds that these 
different motivations of discrimination are interactive. That is, while male employers’ behavior is explained by the belief-based 
approach, female employers’ behavior cannot be completely explained by their beliefs as we disturb the information structure they 
face. Since one’s gender has little or no bearing on cognitive skills (Hyde, 2005; Rudman & Glick, 2008), it follows that some other 
factors must vary with information. Therefore, our findings suggest that employer gender is key to disentangle different motivations 
for gender discrimination. 

Based on these findings, our study contributes to the literature that investigates the reasons behind gender discrimination by 
separately addressing the motives of males and females. The existing works mostly focus on identifying an overall, single motive for 
discriminatory behavior. If analyzing employer behavior at the overall level, however, we would have failed to identify the exact 
reason of gender discrimination which depends on the interaction between employer gender and information environment. By 
considering employer gender, we observe that male and female employers respond differently to the variation of information. This 
observation highlights the complexity of gender discrimination: the reasons for men and women’s gender discrimination are not only 
different but also context dependent. It is therefore crucial for future works, both theoretic and empiric, to pay attention to the 
interaction between the gender of the discriminating agents and the environments the agents are embedded in. 

Empirically, our study has three implications for the reduction of gender discrimination. First, although women’s status has 
improved remarkably in the 21st century, the gender hierarchy is still significant worldwide and has been documented in a large scope 
of contexts, including the labor market context (Goldin & Rouse, 2000; Kuhn & Shen, 2013; Neumark, Bank, & van Nort, 1996; Zhang, 
Jin, Li, & Wang, 2021), the bargaining context (Ayres & Siegelman, 1995; Castillo, Petrie, Torero, & Vesterlund, 2013), and the ac
ademics context (Card, Vigna, Funk, & Iriberri, 2020; Dupas, Modestino, Niederle & Wolfers, 2021; Mengel, Sauermann & Zolitz, 
2019; Sarsons, Gerxhani, Reuben & Schram, 2021; Wu, 2020). Our study provides an explanation for why gender discrimination 
persists even though considerable resources have been devoted to solve this problem. Many public policy measures deployed to reduce 
gender discrimination do not distinguish males and females for the target population. We demonstrate, however, one measure that 
attenuates discrimination against females for one gender actually exacerbates discrimination for the other gender. This is a caveat for 
policy interventions in the future, that it is crucial to implement different strategies for each gender. Second, several works have 
studied how females treat female peers. The evidence, however, is mixed. While some works demonstrate that females are nice to 
female peers (Bapna & Ganco, 2021; De Paola & Scoppa, 2015; Kunze & Miller, 2017), some argue for the opposite (Bagues & Esteve- 
Volart, 2010; Broder, 1993; Kunze & Miller, 2017). Our study offers an explanation for why the evidence has been mixed. That is, the 
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context matters. In the current work, females become nice to female peers when observing that males occupy the majority of top-level 
positions. Finally, our study proposes a solution for policy interventions via information. In a male dominant environment, the bias 
against women would be mitigated when information puts less emphasis on men’s advantage over women at elite positions. In a female 
dominant environment, however, information triggering positive preferences toward female peers would be useful. 

The rest of this paper is organized as follows. Section 2 reviews the literature related to this work. Section 3 introduces the 
experimental design and procedures. Section 4 reports and discusses the results, and Section 5 concludes. 

2. Related literature 

The present study is part of growing research on discrimination motivations. Below we first summarize the theories of discrimi
nation, and then review the empiric works in the gender context with emphasis on our contribution. In the end of the section, we also 
review the empiric works exploring the motives of racial/ethnic/minority discrimination. 

In terms of the underlying causes for discrimination, three theories have been suggested. The early literature focuses on the role of 
preferences (tastes). Becker (1957) proposes that employers with prejudice against a certain group of workers perceive the costs of 
hiring workers from this target group to be higher than the actual wages. Assuming that workers from the target group and other 
workers are identical in productivity, the former must accept lower wages in order to be hired. As a result, non-prejudiced employers 
hire workers from the target group with lower wages and prejudiced employers hire other workers with higher wages. This preference- 
based approach predicts that discrimination is not profitable, and prejudiced employers will not survive in competitive markets. By 
contrast, Arrow (1972, 1973) and Phelps (1972) argue that discrimination can arise even in the absence of prejudice. Statistical 
discrimination theory states that non-prejudiced, profit-maximizing employers use group statistics to judge workers with similar in
dividual characteristics, leading to a wage gap based on group differences. This statistical approach relies on actual group differences, 
and implies that discrimination will be reduced as group differences narrow down. However, the disappearance of group differences in 
education and the implementation of anti-discrimination policies suggest that the explanation for the remaining gap lies elsewhere. In 
this respect, a strand of literature has emerged. In particular, Bordalo et al. (2016) present a model of inaccurate beliefs based on 
cognitive biases. In their model, beliefs are rooted in the differences between tails of productivity distributions rather than averages. 
Specifically, the upper and the lower tails become highly representative for each group, and are overweighted in the decision maker’s 
assessment of the group averages. This inaccurate belief approach improves the discrimination theory and predicts discrimination for 
non-prejudiced, profit-maximizing employers against workers who have group averages similar to others but are disadvantaged in the 
tails. 

Based on the theories, some empiric works have examined the motivations for gender discrimination. Perhaps the works that are 
mostly related to ours are Bohren et al. (2019) and Coffman, Exley, and Niederle (2021). These works use experimental methodology to 
disentangle different motivations by manipulating one particular factor while holding other factors constant between treatments. 
Specifically, Bohren et al. (2019) test how users of an online Q&A forum evaluate female and male posts. The treatment variable is the 
evaluation history of the user account. The authors find that for new user accounts that have no evaluation history, female posts receive 
fewer positive votes than male posts. For advanced accounts that have accumulated a history of evaluations, female posts receive more 
positive votes than male posts. These findings indicate that gender discrimination is driven by inaccurate belief. Coffman et al. (2021) 
focus on isolating the effect of gender preferences. In their experiment, employers predict the performance of workers in a real-effort 
task. Before prediction, employers repeatedly observe a group of male and female workers’ performance in another similar task, so that 
beliefs are held constant across employers. For the prediction, there are two treatments: one does not show worker gender and one 
shows worker gender. Since beliefs are held constant, any difference in prediction between the two treatments can be attributed to 
gender tastes. The authors then find positive preferences favoring females. 

The key difference between the above two works and ours is that their findings do not depend on the gender of the discriminating 
agents, while in our study employer gender is key for analyzing the specific motive for gender discrimination. More importantly, we 
show that for each gender, the specific reason for discriminating against females depends on information environment. Method
ologywise, Bohren et al. (2019) manipulate user individual information on the Q&A forum, while we consider the labor market context 
and display different types of group information to employers. Coffman et al. (2021) hold group information constant but vary the 
availability of worker gender, while we hold the availability of worker gender constant but vary group information across treatments. 
Furthermore, the workers’ performance distributions shown to employers in Coffman et al. (2021) reflect gender differences in both 
averages and extreme performance, making it difficult to separate statistical discrimination and inaccurate belief. In our study, the 
workers’ productivity distributions contain only gender differences in extreme performance, allowing us to attribute gender 
discrimination to employers’ inaccurate beliefs. 

Beside the gender context, several works have explored discrimination motives in other contexts. For preference-based discrimi
nation, Charles and Guryan (2008) construct racial prejudice indices using them US General Social Survey and find that prejudice 
explains one-quarter of the racial wage gap in the US labor market. Doleac and Stein (2013) vary the skin color of the hand holding 
iPod Nano for sale on local websites, finding an offer gap between iPods held by white hands and iPods held by black hands. The offer 
gap decreases as level of market competition increases, providing evidence to preference-based discrimination. For statistical 
discrimination, List (2004) send buyers and sellers to trade sportscard in a real market, and find differences in offers made to majority 
and minority groups. In complementary experiments, the data suggests that statistical discrimination is the main force driving the 
majority-minority gap. Nunley, Owens, and Stephen Howard (2011) act as white named and black named sellers and sell identical 
products on eBay. Because price differences between white sellers and black sellers disappear when seller information becomes more 
transparent through feedback system, the data is indicative of statistical discrimination. In Israel, Zussman (2013) conduct a 
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correspondence study on the Israeli used car market to study discrimination against Arabic buyers and sellers. The results indicate that 
Arabic buyers receive fewer seller responses, and Arabic sellers receive fewer buyer responses. The following surveys reveal that 
discrimination is explained by beliefs about Arabic buyers and sellers. For inaccurate belief, Fershtman and Gneezy (2001) study ethnic 
discrimination in the Israeli Jewish society using abstract games. They find that people’s biases toward Ashkenazic Israelis are sys
tematic, belief-based, and inaccurate. 

3. The experiment 

The experimental framework adopts the design of Mobius and Rosenblat (2006) and Mobius, Rosenblat, and Wang (2016). It 
simulates a Chinese labor market where “employers” evaluate the productivity of “workers” who are employed in completing a real- 
effort task. The experimental labor market consists of two stages. The first stage is a baseline experiment that provides preliminary 
evidence for the existence of gender discrimination and further information for the second stage. The second stage is the main 
experiment that separates males and females’ motivations for gender discrimination. In both stages, the participants play the worker’s 
role and the employer’s role. Below we introduce the two stages and the connection between them. The overall sequence of the 
experiment is shown in Fig. 1. 

3.1. The first stage experiment 

In the first stage experiment, all participants start the experiment as a worker who is incentivized to complete a real-effort task. The 
task involves solving a series of character puzzles that contain two quadratic 7 by 6 arrays of Latin alphabet characters. Fig. 2 shows an 
example of the puzzle. The two arrays are identical except for two random positions where the characters differ. To solve the puzzle, 
one has to find these two locations.1 

Before starting the experiment, workers are informed that they need to solve puzzles in the following three periods. In the warm-up 
period, they solve two non-payoff-relevant puzzles to get familiar with the task. Then, in the practice period, workers solve one single 
puzzle. The length of time each worker completes this puzzle is recorded by the experimenter as his/her practice performance. Finally, 
workers solve puzzles in a five-minute task period at a piece rate of 40 credits per puzzle.2 Workers are instructed that their performance 
in the practice period and other personal characteristics such as gender will be shown on a personal resume that is observed by 
employers who evaluate their performance in the task period. The workers also know that they will be rewarded at a rate of 40 credits 
per average employer evaluation. 

The worker’s role is followed by the employer’s role. The participants who were previously a worker switch to an employer who 
evaluates worker performance.3 The employer receives a resume displaying a worker’s practice performance and gender. Depending 
on resume treatment, there are other worker characteristics such as ethnicity, urban/rural status (Huji), and province of origin on the 
resume.4 

After receiving worker resume, the employer predicts the number of puzzles an individual worker would solve correctly in the task 
period. Each employer evaluates 10 other randomly selected workers. The employer receives a payoff of 150 credits for predicting a 
worker’s task performance. However, the payoff is reduced by 10 credits per miscalibrated puzzle. Before the evaluation, employers 
are informed that each average employer evaluation rewards the evaluated worker with 40 credits. 

In labor market terms, we interpret the worker’s performance in the task period as the worker’s labor market productivity. Practice 
performance, gender, and other characteristics are noisy signals of productivity. Gender discrimination is defined by employers’ 
different evaluations for male and female workers with identical productivity. 

Two important findings are obtained from the first stage experiment. First, we find that although men and women have similar 
average productivity, they differ in the tails of the productivity distributions. Second, discrimination against female workers at the 
overall level is found. These findings are indispensable for the design of the second stage experiment. 

3.2. The second stage experiment 

The second stage experiment is identical to the first stage experiment except that before evaluation, employers receive the worker’s 
group information consisting of the productivity of 50 male and 50 female workers from the task period of the first stage experiment.5 

The group information is displayed to employers in the form of productivity distributions. An example of group information is given by 
Table 1. When employers get to the step of observing group information, the computer screen shows three columns. The first column 
lists the productivity levels in terms of numbers of puzzles solved, starting at zero and ending at forty-nine.6 The second and the third 

1 The participants in our experiments are supposed to have the ability to identify basic alphabets as they are university students who have studied 
English for at least six years from grades 7–12.  

2 The same puzzles appear to the workers in the same sequence so that the measured abilities of solving puzzles are comparable.  
3 The design of this dual roles provides participants with complete information about the nature of the puzzle-solving task.  
4 One can study discrimination in different contexts through these resume treatments. For example, ethnic discrimination is reported in Mobius 

et al. (2016).  
5 To focus on gender discrimination, the resumes in the second stage experiment show only practice performance and gender.  
6 The largest number of puzzles solved in the task period of the first stage experiment is forty-nine. 
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columns show the numbers of males and females at each corresponding productivity level, respectively. The first row of Table 1 for 
instance, means that at the productivity level of zero puzzle, there are one male and one female. 

The purpose of providing group information to employers is to shape their beliefs about average productivity at the gender level. 
There are several features in the experimental procedure guaranteeing that this purpose is achieved. First, displaying group infor
mation in the form of productivity distributions makes it easy for employers to observe the number of workers at each productivity 
level. Second, contrasting males with females is straightforward as they are listed in adjacent columns at each productivity level. Third, 

Fig. 1. The sequence of the experiment.  

Fig. 2. The character puzzle.  
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there is no time limit for observing group information, so that only when employers are ready to proceed to the next screen, they click 
on a button to proceed. 

Although in the task period of the first stage experiment there is no gender difference in productivity on average, there are some 
slight differences in the tails of the distributions. To look at the details, we present Fig. 3 showing the productivity distributions of the 
task period, and Table 2 showing the specific productivity of the top five and the bottom five performers by gender. As the data shows, 
at the very highest performance levels there are more men while at the very lowest performance levels there are more women. 

Based on the features of the productivity distributions of the first stage experiment, we design two treatments, TGa and TGb, that 
differ in the tails of the productivity distributions. For treatment TGa, all observed workers are randomly drawn from the worker pool 
of the first stage experiment. For treatment TGb, the top five and the bottom five male performers are always selected, and the rest 40 
male performers are randomly drawn from the worker pool. The 50 female performers are chosen in a similar way. This process of 
selecting workers insures that relative to that in the TGa treatment, the group information in the TGb treatment displays more men 
than women at the highest performance levels, and more women than men at the lowest performance levels. The employers are 
randomly assigned to either treatment TGa or treatment TGb, and in both treatments they are informed of the selection process of the 
observed workers. 

The above two treatments allow us to test the inaccurate belief mechanism by Bordalo et al. (2016). The theory proposes that even 
there are no differences in averages, discrimination could still arise as people overweight the low probability but highly representative 
tails. In the current context, it predicts discrimination against women for employers who observe productivity distributions that reveal 
no gender differences in average productivity but emphasize men’s advantage in the tails. Because the two treatments differ in the 
probabilities that employers observe the tails in which men are advantaged, the degrees of discrimination against females will be 
different. Specifically, because the tails are always presented to employers in the TGb treatment, we expect to observe a higher degree 
of discrimination against female workers in this treatment than in the TGa treatment. 

3.3. Data 

The participants were undergraduate students from two Chinese universities. Each participant was given a unique user identifi
cation number and a password to log in. We received participants’ demographic information from the university administration in 
advance and were able to link each identification number to its corresponding demographic information. All experimental instructions 
were in Chinese. Table 3 displays the numbers of workers and employers.7 

The participants earned different amounts of credits depending on their performance. The credits of the first stage experiment were 
converted into cash at a rate of 1 RMB per 100 credits. Considering rising price levels and living standards, the conversion rate 
increased to 1.5 RMB per 100 credits in the second stage experiment. On average, the participants earned 22 RMB in the first stage 
experiment and 35 RMB in the second stage experiment. 

4. Results 

In this part, we report and discuss the experimental results. First, we investigate the performance of the workers in the practice 
period and the task period. Second, we assess gender discrimination at the overall level. Third, we separately measure gender 
discrimination of male and female employers. Finally, we discuss the motivations for male and female employers’ gender 
discrimination. 

4.1. Worker performance 

We present the means of the participants’ performance as worker in Table 4. In the first stage experiment, the average practice 
performance of males and females are 20.8 and 20.1 seconds, respectively. The average performance in the task period are 15.3 puzzles 
for males and 15.8 puzzles for females. In the second stage experiment, males on average spend 16.2 seconds while females on average 
spend 15.5 seconds on solving the practice puzzle. In the task period, males and females on average solve 20.3 and 21.5 puzzles, 
respectively. In both stages of experiments, females appear to outperform males in practice performance and productivity, although 
the differences are not statistically significant. 

To look for factors that could possibly affect productivity, we construct the following productivity regression: 

Table 1 
An example of the group information.  

Productivity Number of male workers Number of female workers 

0 1 1 
… … … 
49 1 0  

7 A few employers did not finish the evaluation task, including: six males and nine females in the first stage experiment, two males and two 
females in the TGa treatment, and one female in the TGb treatment. 
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Productivityj = β0 + β1Femalej + γPracticej + εj, (1)  

where Productivity is the number of puzzles that worker j solves in the task period, Female is the worker’s gender (1 if female and 0 if 
male), and Practice is number of seconds that worker j spends on solving the single practice puzzle. 

The coefficient β1 in (1) measures the productivity differential between males and females in numbers of puzzles. To find equal 
productivity, we expect not to reject the null hypothesis that β1 = 0. The estimation results are shown in Table 5. In all specifications, 
we do not reject the null hypothesis that β1 = 0, meaning that there is no gender difference in average productivity among the workers. 

4.2. Average productivity revealed by group information 

Before evaluating worker productivity, each employer in the second stage experiment observes group information showing the 
productivity distributions of 50 males and 50 females from the task period of the first stage experiment. If group information shows no 
gender difference in average productivity, we can exclude the possibility of statistical discrimination and just consider gender pref
erences or inaccurate beliefs. It is therefore necessary to examine the average productivity of males and females that are revealed by 

Fig. 3. The distributions of productivity in the task period of the first stage experiment.  

Table 2 
The top five and the bottom five performers in the first stage experiment.   

Number of puzzles solved in the task period  

Top five performers  Bottom five performers 

Male 49 33 30 30 29  0 2 2 3 3 
Female 27 27 27 26 25  0 0 0 0 0  

Table 3 
Numbers of workers and employers.   

Number of workers  Number of employers  

Male Female  Male Female 

First stage 308 265  302 256       

Second stage 61 113 TGa 25 52    
TGb 34 58  
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group information, in order to learn the exact reasons of gender discrimination. To do that, for the group information that is sent to a 
particular employer, we test the following hypothesis at the significance level of 5%: 

H0 : Observed male average productivity = Observed female average productivity.

The above hypothesis states that for a particular employer, the average productivity of the 50 observed male workers equals that of 
the 50 observed female workers. If it is rejected, we further examine which gender has a higher observed average. We conduct this 
hypothesis testing for each employer, and show the numbers of employers in each category in Table 6. In the TGa treatment, the group 

Table 4 
Summary statistics of worker performance.   

Workers   

All Male Female Difference  
(1) (2) (3) (4) 

First stage experiment     
Practice performance 20.5 20.8 20.1 0.7  

(12.7) (12.1) (13.5) (1.1) 
Productivity 15.6 15.3 15.8 − 0.5  

(5.4) (5.4) (5.4) (0.5) 
N 573 308 265       

Second stage experiment     
Practice performance 15.7 16.2 15.5 0.7  

(6.4) (6.2) (6.5) (1.0) 
Productivity 21.1 20.3 21.5 − 1.2  

(4.9) (4.9) (5.0) (0.8) 
N 174 61 113  

Notes: (i). The unit of practice performance is number of seconds, and the unit of productivity is number of puzzles. (ii). The standard deviations are in 
parentheses in columns (1)–(3). (iii). The standard errors are in parentheses in column (4). (iv). N is the number of workers. 

Table 5 
The determinants of worker productivity.  

Dependent 
variable 

Productivity 

Experiment First stage Second stage  

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

Female (β1) 0.536 
(0.452) 

0.457 
(0.434) 

0.365 
(0.421) 

1.126 
(0.782) 

0.977 
(0.719) 

Practice  − 0.119***  
(0.017) 

− 0.100***  
(0.017)  

− 0.311***  
(0.054) 

Other controls No No Yes No No 
R2 0.003 0.081 0.144 0.014 0.175 
N 573 573 573 174 174 

Notes: (i). The standard errors are in parentheses. (ii) Hereafter, significance levels of 10%, 5% and 1% are denoted by *, ** and ***, respectively. (iii). 
Other controls are the worker’s ethnicity (1 if minority and 0 if Han), Huji (1 if rural and 0 if urban), and province of origin (1 if western province and 
0 if eastern province). (iv). N is the number of workers.  

Table 6 
Average productivity revealed by group information.   

All employers Male employers Female employers  
(1) (2) (3) 

Average productivity revealed by group information    
Treatment TGa 77 25 52 
Male average > Female average 0 0 0 
Male average < Female average 5 1 4 
Male average = Female average 72 24 48     

Treatment TGb 92 34 58 
Male average > Female average 0 0 0 
Male average < Female average 0 0 0 
Male average = Female average 92 34 58  
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information reveals that male average equals female average for 72 out of 77 employers. For the remaining five employers, one male 
and four females, the group information reveals that male average is lower than female average. In the TGb treatment, the group 
information reveals equal averages for all employers. Based on these results, we conclude that group information in both treatments 
does not reveal any gender differences in average productivity favoring male workers. Therefore, gender discrimination against female 
workers that we look for in subsequent analysis, is not likely to be a product of observed differences in group averages. 

4.3. Gender discrimination at the overall level 

We start examining gender discrimination by comparing employers’ mean evaluations for male and female workers. In Table 7, 
columns (1), (4), and (7) present the means of all employers. In the first stage experiment, employers assign 18.2 puzzles to male 
workers and 17.8 puzzles to female workers. This evaluation gap of 0.4 puzzle in favor of the male workers is significant at the 10% 
level. In the TGa treatment, the mean evaluations are 16.2 and 16.0 puzzles for male and female workers, respectively. In the TGb 
treatment, the average evaluation is 18.2 puzzles for male workers and 18.3 puzzles for female workers. The evaluation gaps of 0.2 
puzzle in the TGa treatment and − 0.1 puzzle in the TGb treatment are not statistically significant. 

To study gender discrimination more rigorously, we construct an evaluation regression: 

Evaluationij = β0 + β1Femalej + γPracticej +Ei + εij, (2)  

where Evaluationij is employer i’s evaluation for worker j. Because each employer evaluates 10 workers, we add the term Ei for each 
employer that controls for unobservable individual characteristics, and report the estimation results for both fixed effect and random 
effect models. 

Regression (2) is a mirror of regression (1). For perfectly non-biased employers, the coefficient β1 should be identical to its 
counterpart in regression (1). In particular, we expect not to reject the null hypothesis that β1 = 0 because we have verified that there is 
no gender difference in average productivity. Otherwise, gender discrimination is found as employers assign different evaluations to 
male and female workers. 

In Panel A of Table 8, columns (1) and (2) report the estimation results for the first stage experiment, columns (3) and (4) report the 
results for the TGa treatment, and columns (5) and (6) report the results for the TGb treatment. The estimates of β1 suggest that there 
are gender gaps ranging from 0.320 to 0.556 puzzle in favor of the male workers. These gender gaps are statistically significant at the 
5% level in the first stage experiment, the 10% level in the TGa treatment, and the 5% level in the TGb treatment. As shown in Panel B, 
the estimates of β1 translate to predicted gender differentials of 1.8%-3.0%. 

4.4. Gender discrimination by employer gender 

We turn to decompose the overall discrimination into discrimination by male and female employers. The mean evaluations of male 
and female employers are reported in columns Table 7. For female employers in the first stage experiment, the evaluation gap of 0.737 
puzzle favoring male workers is significant at the 1% level. None of the other cases are statistically significant. 

Next, we modify regression (2) by adding an interaction term of worker gender and employer gender to separate the evaluations of 

Table 7 
Summary statistics of employer evaluations.  

Experiment First stage Second stage 

Treatment    TGa TGb 

Employers All Male Female All Male Female All Male Female  
(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Workers          
All 17.9 17.1 18.9 16.1 18.4 15.0 18.2 16.0 19.5  

(6.9) (5.5) (8.1) (7.0) (6.3) (7.1) (5.3) (5.8) (4.5) 
N 5486 2977 2509 770 250 520 920 340 580           

Male 18.2 17.2 19.3 16.2 18.0 15.3 18.2 15.9 19.6  
(7.2) (5.6) (8.5) (7.0) (6.3) (7.2) (5.6) (5.7) (5.1) 

N 2967 1654 1313 385 125 260 460 170 290           

Female 17.8 17.2 18.6 16.0 18.7 14.7 18.3 16.1 19.5  
(7.6) (6.8) (8.5) (7.4) (6.8) (7.4) (5.6) (6.4) (4.8) 

N 2519 1323 1196 385 125 260 460 170 290           

Difference 0.4*  
(0.2) 

0.0  
(0.2) 

0.7***  
(0.3) 

0.2  
(0.4) 

− 0.7  
(0.7) 

0.6  
(0.5) 

− 0.1  
(04) 

− 0.2  
(0.6) 

0.1  
(0.5) 

Notes: (i). The standard deviations are in parentheses. (ii). For the differences, the standard errors are in parentheses. (iii). N is the number of 
evaluations. 
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male and female employers: 

Evaluationij = β̃0 + β̃1Femalej + β̃2EmployerFemalei + β̃3Femalej ⋅ EmployerFemalei + γ̃Practicej +Ei + ε̃ij, (3)  

where EmployerFemale is the employer’s gender identity (1 if female and 0 if male) and Femalej ⋅ EmployerFemalei is the interaction term 
of worker gender and employer gender. We report the estimation results for both fixed effect and random effect models. 

The coefficient β̃1 in regression (3) is male employers’ gender discrimination. The coefficient β̃3 measures the discrimination 
differential between male and female employers. The sum of these two coefficients, (β̃1 + β̃3), is female employers’ gender discrim
ination. If male and female employers assign perfectly non-biased evaluations to workers, the coefficients β̃1 and (β̃1 +β̃3) should be 
identical to β1 in regression (1). In other words, for non-discriminating male and female employers, we expect not to reject the null 
hypotheses that ̃β1 = 0 and (β̃1 + β̃3) = 0, as we have verified that there is no gender difference in average productivity in regression 
(1). 

In Panel A of Table 9, columns (1) and (2) report the estimation results for the first stage experiment, columns (3) and (4) report the 
results for the TGa treatment, and columns (5) and (6) report the results for the TGb treatment. In each case, the fixed effect and the 
random effect estimates are similar. In all cases, the p-values of the Hausman Test suggest that the random effect models are the 
preferable ones. We thus interpret the random effect estimates. 

In column (2), the estimate of β̃1 is insignificant, suggesting that male employers in the first stage experiment do not discriminate 
against female workers. Likewise, male employers in the TGa treatment do not discriminate against female workers as ̃β1 in column (4) 
is insignificant. However, the estimate of β̃1 in column (6) is statistically significant at the 5% level, suggesting that when male em
ployers in the TGb treatment evaluate workers, there is an evaluation gap of 0.806 puzzle against female workers. According to Panel 
B, this evaluation gap 0.806 puzzle translates to a 4.9% gender gap. 

For female employers, the estimate of (β̃1 +β̃3) in column (2) is statistically significant at the 1% level, implying that female 
employers discriminate against female workers in the first stage experiment. According to Panel B, the evaluation gap of 0.665 puzzle 
converts to a 3.5% gender gap. The estimate of (β̃1 +β̃3) is also significant in column (4), meaning that female employers in the TGa 
treatment discriminate against female workers as well. The evaluation gap of 0.868 puzzle predicts a gender gap of 5.6%. On the other 
hand, the estimate of (β̃1 +β̃3) in column (6) is not statistically significant. This suggests that female employers do not discriminate 
against female workers in the TGb treatment. 

4.5. Male and female employers’ motivations for gender discrimination 

In this section, we discuss male and female employers’ motivations for gender discrimination based on the regression results in 
Table 9. According to the p-values of the Hausman Test in Panel A, we adopt the random effect estimates for the discussion. For the 

Table 8 
The determinants of employer evaluations.  

Panel A. Regression results 
Dependent variable Evaluation 

Experiment First stage Second stage 

Treatment  TGa TGb 
Model FE RE FE RE FE RE  

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

Female (β1) − 0.349** 
(0.157) 

− 0.320** 
(0.156) 

− 0.446* 
(0.269) 

− 0.446* 
(0.269) 

− 0.556** 
(0.248) 

− 0.555** 
(0.248) 

PracticeTime − 0.093*** 
(0.005) 

− 0.092*** 
(0.005) 

− 0.405*** 
(0.024) 

− 0.405*** 
(0.024) 

− 0.625*** 
(0.023) 

− 0.623*** 
(0.023) 

Other controls Yes Yes No No No No 
R2 0.020 0.022 0.095 0.095 0.216 0.216 
N 5486 5486 770 770 920 920 
Hausman p-value 0.685 0.923 0.656        

Panel B. Predicted gender gap 
Δ ̂Evaluation% − 2.0 − 1.8 − 2.7 − 2.8 − 3.0 − 3.0 

Notes: (i). The standard errors are in parentheses. (ii). N is the number of evaluations. (iii). The predicted gender gaps for the first stage experiment are 
calculated between a pair of male and female workers whose practice performance is 20.4 seconds, Han and rural identities are observed by em
ployers, and provinces of origin are not observed by employers. For the second stage experiment, the predicted gender gaps are calculated between a 
pair of male and female workers with the average practice performance of 15.7 seconds. (iv). Other controls are ethnicity, Huji, and province of origin. 
Regarding ethnicity, there are three groups: Han workers whose ethnicity is observed by employers, minority workers whose ethnicity is observed by 
employers, and workers whose ethnicity is not observed by employers. In the regression, we use the last group as the reference group and include 
dummies for the first two groups. The Huji and the province of origin variables follow similar procedures.  
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male employers, the gender gap changes from 0.433 puzzle favoring females in the TGa treatment to 0.806 puzzle disfavoring females 

in the TGb treatment. As shown in Panel C, these two estimates, β̃
TGa
1 and β̃

TGb
1 , are significantly different from each other. 

To interpret the change of − 1.239 puzzles from treatment TGa to treatment TGb, we use the belief-based approach. Specifically, 
Bordalo et al. (2016) propose that if some types occur more frequently in the target group than in the reference group, these repre
sentative types are overweighted in the decision maker’s assessment of the target group, and stereotypes favoring the target group are 
formed. In the current context, men appearing at the top performance levels become representative men and are overweighted toward 
a higher average by male employers, while women appearing at the bottom performance levels become representative women and are 
overweighted toward a lower average by employers. As a consequence, a wrong belief about gender differences in productivity is 
formed against female workers. 

Since men and women do not differ in most cognitive abilities (Hyde, 2005), we assume that the treatment effect on belief is of the 
same magnitude for female employers. That is, female employers’ belief also changes by − 1.239 puzzles. However, the overall change 

of female employers’ evaluations, (β̃
TGb
1 + β̃

TGb
3 ) − (β̃

TGa
1 + β̃

TGa
3 ), is actually 0.460 puzzle favoring female workers. This means that 

there must be some non-belief-based factors that have positively affected female employers’ evaluations. 
We add the preference-based approach to explain female employers’ behavior. The reason is the following. The group information 

in the TGb treatment emphasizing that women are missing at the top performance levels relative to men could be associated with 
negative real life experiences such as glass ceilings or lack of women at elite positions in workplaces. Under such associations, female 

Table 9 
The determinants of male and female employers’ evaluations.  

Panel A. Regression results 
Dependent variable Evaluation 

Experiment First stage Second stage 

Treatment  TGa TGb 
Model FE RE FE RE FE RE  

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

Female (β̃1) − 0.038 
(0.214) 

− 0.026 
(0.213) 

0.433 
(0.471) 

0.433 
(0.471) 

− 0.810** 
(0.408) 

− 0.806** 
(0.408) 

EmployerFemale (β̃2)  2.054*** 
(0.601)  

− 2.602 
(1.686)  

3.050*** 
(1.116) 

Female ⋅ EmployerFemale(β̃3)
− 0.666** 
(0.314) 

− 0.639** 
(0.312) 

− 1.301** 
(0.573) 

− 1.301** 
(0.572) 

0.401  

(0.512) 

0.398  

(0.512) 
PracticeTime − 0.092*** 

(0.005) 
− 0.092*** 

(0.005) 
− 0.405*** 

(0.024) 
− 0.405*** 

(0.024) 
− 0.626*** 

(0.023) 
− 0.623*** 

(0.023) 
Other controls Yes Yes No No No No 
R2 0.017 0.032 0.110 0.132 0.222 0.265 
N 5486 5486 770 770 920 920 
Females’ discrimination (β̃1 + β̃3) − 0.705*** 

(0.229) 
− 0.665*** 

(0.228) 
− 0.868*** 

(0.327) 
− 0.868*** 

(0.326) 
− 0.409 
(0.311) 

− 0.408 
(0.311) 

Hausman p-value 0.636 0.992 0.572        

Panel B. Predicted gender gap 
Δ ̂Evaluation%, male employers − 0.2 − 0.2 2.7 2.4 − 4.4 − 4.9 

Δ ̂Evaluation%, female employers − 4.0 − 3.5 − 5.4 − 5.6 − 2.2 − 2.1        

Panel C. Comparison of coefficients  

β̃
TGb
1 − β̃

TGa
1 β̃

TGb
3 − β̃

TGa
3  

(Treatment effect on belief) (Treatment effect on preference) 
Model FE RE  FE RE  
Size − 1.243 − 1.239  1.702 1.699  
P-value 0.075 0.024  0.069 0.016  

Notes: (i). The standard errors are in parentheses. (ii). N is the number of evaluations. (iii). The predicted gender gaps for the first stage experiment are 
calculated between a pair of male and female workers whose practice performance is 20.4 seconds, Han and rural identities are observed by em
ployers, and provinces of origin are not observed by employers. For the second stage experiment, the predicted gender gaps are calculated between a 
pair of male and female workers with the average practice performance of 15.7 seconds. (iv). Other controls are ethnicity, Huji, and province of origin. 
Regarding ethnicity, there are three groups: Han workers whose ethnicity is observed by employers, minority workers whose ethnicity is observed by 
employers, and workers whose ethnicity is not observed by employers. In the regression, we use the last group as the reference group and include 
dummies for the first two groups. The Huji and the province of origin variables follow similar procedures.  
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employers become sympathetic and develop a positive preference toward their own group. This preference factor leads female em
ployers to evaluate female peers more positively than males, and is large enough to counter the belief-based bias. Another preference- 
based explanation is that females treat the disadvantaged group better in general.8 Thus when females in the TGb treatment observe 
that there is a group, the female workers in this case, is disadvantaged, they assign to this disadvantaged group higher evaluations. 
Such altruism motivation is mitigated in the TGa treatment as the group information reveals similarities in both averages and tails. 

We can further derive the size of the treatment effect on female employers’ preference. Recall that for the male employers, the 

treatment effect on belief is (β̃
TGb
1 − β̃

TGa
1 ). For the female employers, the change in discrimination from the TGa treatment to the TGb 

treatment, (β̃
TGb
1 + β̃

TGb
3 ) − (β̃

TGa
1 + β̃

TGa
3 ), is the treatment effect on both belief and preference. The difference between these two 

differences, (β̃
TGb
3 − β̃

TGa
3 ), isolates the treatment effect on preference. According to Panel C, the treatment effect on preference is 1.699 

puzzles and statistically significant. 

4.6. Female employers’ gender discrimination in the first stage experiment and the TGa treatment 

A surprising result is that in the first stage experiment and the TGa treatment, female employers significantly discriminate against 
female workers. A possible explanation for such phenomenon is the psychological scar of women. Scanlon (2018) contends that in a 
society in which people are discriminated on the basis of characteristics, such as gender or skin color, objectionable humiliating 
differences in status will emerge and persist. Even worse, the pressure of status inequality can lead to those who are discriminated 
against to accept their inferiority. That is, females begin to accept the oppressive belief that casts women as inferior, incapable, or a 
burden on society. Therefore, even when the message revealing that women have the same ability as men is provided to women, it is 
not strong enough to change their accepted beliefs that women are inferior to men. For men, this psychological scar has no effect, as 
they have always enjoyed more favorable assumptions from others. 

5. Conclusion 

We use experimental methodology in a labor market setting to explore the different motivations for gender discrimination by men 
and women. Employers in our experimental labor market observe workers’ personal and group information and evaluate worker 
productivity. The group information in both treatments reveals no gender difference in average productivity, but in one treatment 
shows more men at the top productivity levels and more women at the bottom than in the other. By finding that male and female 
employers behave differently between the treatments, we conclude that the motivations for gender discrimination depend on employer 
gender and context. 

This research offers new policy implications for addressing gender discrimination. According to social psychology research, 
cognitive learning is an effective strategy to reduce discrimination (Pettigrew, 1997; Pettigrew & Tropp, 2006; Pettigrew, Tropp, 
Wagner, & Christ, 2011). That is, if individuals are educated, persuaded, or informed that women and men are intellectually equal, 
gender discrimination would be reduced. However, our study implies that a more systematic attempt, which involves more complex 
public polices, is needed to break down discrimination against women. For males, or for environments in which males are the majority, 
cognitive learning should not make men’s occupancy of the top-level positions prominent, but instead emphasize the progress of 
women and the disappearance of gender differences in education and many other dimensions. For females, or for environments in 
which females are the majority, it is essential to recognize that gender discrimination is groundless and inhumane. Moreover, measures 
that trigger women’s positive preferences toward women should be encouraged. 

Our experimental framework can be extended to address other labor market issues. For example, the character puzzle is a gender 
neutral real-effort task. In the real world, some tasks are male-typed or female-typed. For the female-typed tasks, one might observe 
that females appear more frequently at the top positions while males are lagging behind. How do women respond to such environ
ment? Do men develop positive preferences toward men? These questions are of our interest but left for future research. 

Data availability 

Data will be made available on request. 
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