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Abstract

Responses to performance feedback play a critical role in shaping future outcomes in edu-
cational and professional contexts. This paper examines whether evaluator gender influences
the likelihood that individuals contest feedback. Using an experiment conducted in large in-
troductory economics courses, we exploit the random assignment of evaluators with randomly
assigned male- or female-sounding names to identify a systematic gender bias: individuals
are significantly more likely to contest feedback when it is delivered by an evaluator with
a female-sounding name than when similar feedback comes from a male-sounding evaluator.
This gender disparity is most pronounced when evaluations fall below students’ performance
expectations, are more ambiguous, yet are scored neutrally relative to a “fair” assessment.
These findings suggest that women in evaluative positions face disproportionate resistance
when delivering negative assessments and have implications for their authority, credibility,
and career advancement in both educational and workplace settings.
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1 Introduction

Individuals routinely receive performance feedback in educational and professional settings. This

feedback serves to inform the individual of their own performance and provide guidance for im-

provement. Additionally, feedback may provide an externally visible signal of ability. For example,

in educational settings, instructors provide grades to students. Students also evaluate their in-

structors at the end of the term. In professional settings supervisors provide routine performance

evaluations. Feedback appears outside of school and work in the form of customer satisfaction

surveys and product reviews. Such feedback of previous performance can affect future effort and

outcomes. It may also affect the recipient’s employability or eligibility for promotion and raises.

Given the significant consequences of feedback, understanding individuals’ responses has im-

portant implications for education, management, and other areas. In many contexts individuals

can resist feedback if they have the option of challenging or appealing negative feedback. Despite

the clear importance of performance evaluations in many educational and workplace settings, as

well as their potential to impact future decision making, relatively little is known about resistance

to feedback. Our paper aims to fill this gap.

The decision to resist by appealing an evaluation may depend on the source of the feedback,

as well as its harshness. In this paper, the goal is to examine whether this decision depends on

the gender of the evaluator. Specifically, we test whether feedback from female evaluators elicits

stronger resistance, and whether this gender effect becomes more pronounced as the feedback

becomes harsher.

A key empirical challenge in answering these questions is identifying whether resistance to

feedback is caused by the evaluator’s gender rather than confounding factors. In most real-world

settings, individuals are not randomly assigned to male or female evaluators. Students or employees

may self-select into courses, firms, or supervisors in ways that correlate with their underlying ability,

preferences, or expectations about evaluation. Likewise, evaluators may sort into roles or tasks

in systematic ways, creating gender-based patterns in who evaluates whom. We typically lack

exogenous variation in the gender of graders, making it difficult to disentangle whether resistance

to harsh feedback increases because the grader is a woman, or because women systematically

evaluate different types of individuals with different levels of harshness.
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Our paper overcomes these challenges in an experimental setting in two large introductory

economics classes at a flagship public university. We review students’ reactions to their scores on

8,498 essays. We randomly assigned several advanced undergraduate and graduate student graders

to evaluate the essays. The graders and students were totally independent. The essays did not

have the students’ names and the graders did not interact with the students in any way other than

grading the essays. Most importantly, when the students’ scores were posted, we included a generic

female- or male-sounding name as their grader.1 The name appears next to the student’s grade and

the scoring rubric. These names were randomly assigned and are not tied to any specific grader.

After the scores and names were revealed, we tracked which grades received complaints and later

asked students if they thought they had been graded harshly or leniently. This approach allows us

to cleanly identify and measure the effect of being randomly assigned to a grader with a female-

or male-sounding name on students’ likelihood of contesting their grade and their opinion of the

grade. Similar to a correspondence or audit study, randomly assigning female- or male-sounding

grader names also allows us to isolate the effect of claimed gender of the evaluator from the effect

of the inherently different feedback given by men and women.2

Another substantial challenge in estimating the gender bias in resistance to harsh feedback

is the lack of an exogenous variation in feedback. High-performing individuals tend to receive

positive feedback, while low-performing individuals generally receive negative feedback. Often,

the “fair” assessment is unobserved. Methodologically, the econometrician cannot identify whether

an evaluation is overly harsh or overly lenient in most real-world environments. It is difficult to

isolate the effect of being evaluated by a particularly lenient or harsh supervisor, as the leniency

1. These names were carefully selected. They are not the names of any faculty member or graduate student in
the department. They are intentionally non-ethnic or tied to any specific culture. The names are Amanda, Emma,
Eric, James, Jessica, John, Katherine, and Michael.

2. This study received IRB approval from the University of Florida (IRB202201907). The data collection took
place during the normal course of a college class. Displaying either a male or female name for the grader—unrelated
to the grader’s actual identity or gender—did not harm the students. The course instructors, to whom the students
were required to submit grade appeals, were aware of the experiment, and the students had no interaction with
their actual or named graders. Students were also clearly informed that all regrading decisions would be made
by the course instructor. One might be concerned that the students could believe the instructor held a bias in
favor of a certain gender of graders (e.g., “female graders always get writing scores correct, so their professor would
deny any appeal that suggests a female made a mistake”), which might discourage the students from contesting
errors. However, if the grader names were accurate, students would be just as likely—or unlikely—to be harmed
by such a belief. Therefore, falsifying the names introduced no additional harm. If anything, by randomizing both
the graders and their associated names, any potential harm would also be randomized. Finally, as the study was
conducted within a single classroom context, it is unlikely to have contaminated subject pools commonly used in
similar research. In addition to posing no harm, our results show that this minimal deception was necessary to
detect the observed bias.
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of supervisors may correlate with other characteristics that affect the supervisees’ responses to

feedback.

In our setting, despite a random allocation of graders to essay submissions and a common

scoring rubric, we observe that the average grades awarded by graders differ systematically. Some

graders are inherently harsher than others when it comes to subjective evaluation of an essay’s

writing quality or in assigning partial credit for partially correct answers. The random assignment

of these graders with varying levels of harshness generates exogenous variation in grades.3

While we observe an essay’s assigned score, we need to quantify the harshness of the score.

To obtain a measure of harshness, we construct a performance benchmark, which we refer to

as the “fair” score. After the semester concluded and grades were submitted, we trained and

then randomly assigned two additional graders to evaluate and score each assignment without

being informed of the initial score nor the student’s name. We deem the average of these three

grades—the two ex post scores and the score used in the semester—as the fair score.4 We define

an assigned grade as harsh or lenient based on its difference from the fair score. By comparing the

actual assigned grade to the fair score, the harshness or lenience of an individual grade is random

by design. With this, we are able to analyze the causal effect of the harshness or lenience of a

grade on the likelihood that the student submits a grade contest. This methodology also allows

us to test whether the gender bias in resistance to feedback is driven by those who were graded

harshly compared to this ‘fair” score.

We also explore whether the likelihood of contesting a grade is influenced by the potential

differences in how male and female graders give feedback. Saygin and Knight (2023) find that

female peer-graders tend to give lower scores than male peers in the context of peer evaluations,

and Osun (2024) finds that women are more reluctant to give advice on difficult topics than

men. Our analysis of the restricted sample in which randomly assigned female (male) names were

attached to actually female (male) graders sheds some additional light on this question.

3. This variation is not large on average. Appendix Figure B3 presents a histogram showing the distribution
of deviations between grader-specific scores and the assignment average scores across 186 grader-semester-course-
assignment combinations. Our focus here is not on extreme grading errors but rather on systematic differences
among graders. To explore this further, we later test the robustness of our results using grader fixed effects. We
find that when the same grader is associated with a female-sounding name reveals the same pattern.

4. One can think of this measure as the average (or expected) grade a student would receive from a random draw
of possible grades.
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This paper aims to improve our understanding of how individuals respond to feedback. It

primarily contributes to a growing literature that explores gender disparities in performance eval-

uations. Specifically, we focus on the different reactions to feedback provided by female versus

male evaluators. We find evidence that is consistent with prior research which demonstrates that

holding performance constant, women in positions of leadership are evaluated more negatively than

men. Women face more backlash (Blau and Kahn 2017; Boring 2017; Abel 2022; Born, Ranehill,

and Sandberg 2022; Chakraborty and Serra 2024; Ayalew, Manian, and Sheth 2021; Elsesser and

Lever 2011; Rudman et al. 2012; Reuben, Sapienza, and Zingales 2014;), and are more heavily

targeted on online review platforms (Rheault, Rayment, and Musulan 2019; Daniele, Dipoppa,

and Pulejo 2023; Wu 2018). They are also considered less credible, receive less recognition for

their contributions, and are punished more for their mistakes (Dupas et al. 2021; Abel et al. 2024;

Egan, Matvos, and Seru 2022; Sarsons 2022; Sarsons et al. 2021;Grossman et al. 2019; Carvalho

2025).

Previous work also explores whether female and male individuals seek out and respond to

feedback differently. Coffman and Klinowski (2025) studied differences in a priori beliefs of perfor-

mance and the demand for evaluative feedback. They observe that males have more optimistic a

priori beliefs. However, there is no apparent gender gap in the demand for feedback. With respect

to the perception of evaluative feedback, Roberts and Nolen-Hoeksema (1989) found that women

perceive feedback, particularly negative feedback, to be more informative of their actual ability.

They find that womens’ self-assessments of their own abilities are influenced more by evaluative

feedback than are mens’ self-assessments. Shastry, Shurchkov, and Xia (2020) find that women

are more likely to attribute negative feedback to an actual lack of ability, even when the feedback

is due to bad luck. In other work, using surveys of randomized editorial decisions for submissions

to top economics journals, Shastry and Shurchkov (2024) find that relative to an R&R, female

assistant professors who receive a rejection perceive a significantly lower likelihood of subsequently

publishing the paper in any leading journal than comparable male assistant professors. In an ed-

ucational setting, male students are more likely to ask for and receive favorable regrades (Li and

Zafar 2023.) In a professional setting, women are less likely to negotiate (Bowles, Babcock, and Lai

2007; Leibbrandt and List 2015, Small et al. 2007, Recalde and Vesterlund 2020; Roussille 2024);
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however, women enter negotiations resulting in positive profits and avoid negotiations resulting in

negative profits (Exley, Niederle, and Vesterlund 2020). Lastly, more recent papers explored the

role of expected gender discrimination which may affect educational and professional decisions and

outcomes (Alston 2019; Dustan, Koutout, and Leo 2022; Aksoy, Chadd, and Koh 2023; Ruebeck

2025; Gagnon, Bosmans, and Riedl 2024; Koutout 2022; Ugalde Araya 2024; Lepage, Li, and Za-

far 2025; Exley et al. 2024). This growing literature provides compelling evidence that men and

women may perceive and respond to harsh feedback differently.

We build on this literature by studying reactions to feedback in an educational setting. Our

experimental design, including both random assignment of multiple evaluators and randomly as-

signed generic female- and male-sounding names for the graders, provides a unique opportunity to

explore how the claimed gender of the evaluator impacts reactions to lenient or harsh feedback;

specifically, how it impacts resistance to this feedback by contesting the grade. It also offers several

additional advantages. First, we separately observe students’ reactions when they see a randomly

assigned female-sounding name as their grader, and when they are actually evaluated by a female

grader. We can isolate the differences in students’ reactions that are driven by the unobserved

differences in the feedback given by female versus male graders. Second, we collected a measure of

students’ confidence in their performance, which may affect their willingness to request regrading.

Specifically, students provided grade predictions (expectations) when they submitted each assign-

ment. They are incentivized by an extra credit opportunity to provide accurate predictions. As a

result, we identify how students’ confidence in their work affects their reactions. Third, students

were evaluated both based on the substance of their essays and their writing quality. We can sep-

arately examine students’ responses to feedback on content (more objective) and writing quality

(more subjective). Finally, we are able to explore the heterogeneity in these reactions based on

several individual characteristics of the students and submitted essays.

Our results identify stronger resistance to feedback when the evaluator is perceived as female.

This bias is driven by students who receive a lower grade than their expected score. Crucially,

when it comes to the harshness of the grade compared to the fair grade, the gender bias is most

visible among the grades that are close to the fair grade. The stronger resistance to feedback

provided by a female evaluator seem to be driven by both male and female students while being
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slightly stronger among male students. These results are similar for content and writing tasks

implying that there is no apparent difference between the more objective, male-coded and the

more subjective, female-coded evaluation items. However, we do find evidence of heterogeneity by

the gender of the student: female students are more likely to contest female graders for writing

scores while male students are more likely to contest female grader for content scores.

We also explore the role of ambiguity in SWA grades. While some assignments clearly indicate

correct or incorrect answers, others involve partially correct responses that leave room for interpre-

tation and variation in partial credit. To capture this ambiguity, we construct a measure based on

the standard deviation of regrades from additional graders assessing the same submission. Using

grader disagreement as a proxy for ambiguity, we find that grade contests are more common for

ambiguous submissions, and the gender bias against female-sounding grader names is concentrated

in these cases—emerging in high ambiguity assignments but not in clearly scored ones and driven

by male students.

Finally, we replicate our analysis for our “partial sample.” This is the restricted sample that

includes only the (approximately) half of the observations in which the scores with a randomly

assigned female-named grader is actually graded by a female, and the scores with a randomly

assigned male-named grader is actually graded by a male. In this restricted sample, we find the

same increase in grade contests for assignments that are evaluated by a female grader. However,

this effect disappears once we control for the lenience or harshness of the scores, relative to the fair

grade. These results suggest that we can only precisely identify the effect of evaluators’ perceived

gender on resistance to feedback by randomly assigning female- and male-sounding names to the

graders.

We demonstrate the robustness of our main finding through a series of complementary analyses

using alternative specifications and sample restrictions. These include excluding repeat contesters,

contests missing the correct grader names, outlier grades, and regraded assignments, as well as

modifying covariates and adding grader fixed effects. Across all specifications, the estimated effect

remains stable. We also verify that the results are not driven by any particular name: jackknife

analyses and conditional contest probabilities by name reveal no outliers, reinforcing that our

findings reflect perceptions based on gendered name signals rather than individual identifiers.
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Together, these results illustrate the gender biased resistance to feedback in an educational

context where we are able to isolate other confounding factors. While we are not able to provide

direct evidence on the mechanisms, we are able to rule out a few alternatives. Since we eliminated

student-grader interactions and required students to contact their instructor to contest a grade,

the results cannot be driven by student beliefs that female graders would be more likely to accept a

grade contest.5 While it is possible that the results are influenced by student beliefs that the course

instructors (a male in both cases) would be more likely to approve a grade contest made against a

female grader, our complementary findings suggest that students also expect female graders to be

harsher. Students who contested their grade were disproportionately more likely to claim a grade

was “harsh” after their grade contest was resolved, suggesting that students hold their own beliefs,

biased by the grader’s gender, about a grade’s validity.

The remainder of this paper is organized as follows. Section 2 describes our setting and ex-

perimental design. Section 3 outlines the empirical strategy, including the construction of the fair

score. Section 4 presents the results. Section 5 discusses potential mechanisms. Section 6 provides

a brief discussion and concludes.

2 Experimental Design

We study resistance to feedback in an educational setting using students enrolled in Principles

of Macroeconomics and Principles of Microeconomics at a public flagship university across two

semesters. We received IRB approval and pre-registered with the American Economic Association

(AEARCTR-0010898).6 Below we describe our research design.

Each of the two courses was taught by a single designated instructor, both of whom are male.

These very large introductory economics courses jointly enroll around 2, 500 students per semester.

They are required for all business, economics, and journalism majors; however, students from all

undergraduate colleges and majors are represented. The overwhelming majority of students en-

5. This suggests that in settings where students or employees can directly discuss their evaluations with the
grader or manager, the gender gap in contested evaluations may widen: individuals might be more likely to challenge
feedback from women if they expect female graders or supervisors to be more accommodating or more willing to
reconsider a grade

6. This preregistration covers the experimental design and potential outcomes of interest, some of which are left
for our companion paper: “Reactions to Feedback: Grades, Effort Allocation, and Performance.”
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rolled in these courses (around 97% in a given semester) are not economics majors. The two course

instructors carefully aligned the structure and difficulty of their courses. They used the same num-

ber and types of assessments–low stakes online quizzes (10 percent), several high-stakes multiple

choice exams (60 percent), and short writing assignments (30 percent)–which were scheduled at the

same times in the semester and with the same structure. The instructors also adopted a common

course grading scheme.

Our focus is on the short writing assignments (SWAs). Both courses required students to

complete two SWAs. Each SWA asked the student to answer a multi-part question with an

objectively correct answer and was scored on a 100-point scale. The assignment prompts were

posted in the Canvas learning management system. Students were required to compose their

answers in essay form and construct a graph.7 They submitted them in a single PDF document

to Canvas. Before submitting their assignments, all students were required to respond to a two-

question survey asking for (1) acknowledgment that violation of certain submission requirements

will result in a 0 on the assignment and (2) a grade expectation.8 We incentivized students to

honestly report their grade expectations by offering extra credit for accuracy.9 The distribution of

the deviations of students’ expected grades from their actual grades and the fair grade measures are

presented in the Appendix Figure B2. These deviations measure the extent to which students are

surprised by their grades, as well as their prediction accuracy. There is no statistically significant

difference between graders with male-sounding names and graders with female-sounding names

in the deviation between expected scores and fair scores. The difference between the expected

score and the fair score is statistically insignificant, though on average students overestimate their

scores, and this overestimation is higher among male students. This finding is consistent with

previous studies that identify more pronounced overconfidence among male students (Niederle and

Vesterlund 2007, Azmat and Petrongolo 2014, Exley and Kessler 2022, Bordalo et al. 2019, Buser,

Niederle, and Oosterbeek 2014, Coffman 2014, Baldiga and Coffman 2018, Iriberri and Rey-Biel

7. To deal with the widespread availability of generative AI applications (e.g., ChatGPT), each prompt also
required a hand-drawn graph, which then-available AI technologies could not handle well. Only the graph is
handwritten and the essay is typed.

8. The acknowledgment includes affirmations that their name is NOT included in the assignment document or
file name and that their work is typed and formatted as a PDF.

9. Students were provided extra credit (as many as 5 points) on the SWA if their guess was within 5 points of the
TA-assigned grade and an additional point if their prediction exactly matched the TA-assigned grade. A screenshot
of the exact language provided to students is included in Appendix Figure A3.
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2021, Saygin and Atwater 2021).

As many as 24 graders in a given semester were hired to evaluate these submissions. These

graders consisted of undergraduate economics majors and graduate students, which combined

represent a potential grader pool of over 800 students. Each grader was given a random set of

assignments (an average of 45 per course) after the submission deadline and was instructed in what

order to evaluate the assignments. This order was also randomized, and we monitored the graders

to ensure that they evaluated submissions in the assigned order.10 Graders were provided with a

clear scoring rubric. Each rubric includes ten items, each of which is worth ten points. There are

seven items related to the economics content and three items related to the essay’s writing quality.

The assignment prompts are written to solicit answers to seven specific content questions to which

there are objectively correct answers. For example, one prompt presented a linear production

possibilities frontier between blueberries and raspberries and asked the students to calculate the

opportunity cost of producing an additional unit of blueberries.11 There is a single correct answer

to this content question. However, graders could assign different amounts of partial credit in some

circumstances, such as when a student presented the correct math but an incorrect final answer

or when a student reported a correct numerical answer using incorrect units. The graders also

evaluated the essays’ writing quality. The three writing quality items in the rubric are open to

more subjective evaluation. For example, the grader is asked to rate the overall writing quality

of the essay on a ten-point scale. As with the content questions, the graders could assign partial

credit for the writing quality questions. An example short writing assignment, rubric, and grading

notes are provided in Appendix A.

Grading is done blind. Students are told not to include their name on their assignment submis-

sion and were penalized if they violated this instruction. In the rare event that a student included

their name, we flagged the submission and excluded it from the analysis. Canvas settings also hide

students’ names and generate an otherwise meaningless student number for each submission. Only

after the grades were finalized and released to students could the instructors identify the author

of each submission. Additionally, at no point did the graders interact with the students. They did

10. Research suggests the existence of sequential grading biases, in which the order an assignment is evaluated
impacts its score (Pollard, Saygin, and Rush, n.d.). We enforce this order strictly to ensure that graders do not
endogenously assign this bias against certain submissions.

11. The full prompt and instructions is provided in Appendix A.

10



not hold office hours and they did not respond to student inquiries (e.g., grade challenges).

Once all the grading was complete, the scores were released to students. At this time, the

graders could no longer revise their scores. The students observed the number of points they

received on each of the ten items in the scoring rubric and also saw a randomly assigned name for

their grader. These names were not the names of the actual graders, nor were they the names of

any faculty member or graduate student in the department. These names include four female- and

four male-sounding names: Amanda, Emma, Eric, James, Jessica, John, Katherine, or Michael.

If a student wished to contest their grade, they were required to submit the grade contest to

their instructor.12 Grade contests were required to be submitted within one week after assignment

scores were released. Students had to also include the (randomly assigned) claimed name of the

grader in their grade contest to the instructor, which ensured that the student saw the “name”

of their grader. Decisions to approve or deny a student’s contest was at the sole discretion of

the course instructor, who was aware of the experiment and at no point knew the identity of the

true grader for a particular submission. All grade contests were archived. Data on these contests,

including any grading errors and/or score corrections, were collected by the instructor and analyzed

after the semester concluded.

In Appendix Figure A1 we provide a weekly timeline of the experiment over the typical semester.

But in brief, the SWAs were open to students for one week. The grading process began within 24

hours after the submission deadline. The grades were released to students one week later, shortly

after the last grader provided their grades to the experimental staff, who uploaded them to the

elearning platform. Once the scores were released, students had one week to submit grade contests.

Finally, when the students completed their next SWA, they were asked to rate the overall fairness

of the grade they received on the previous assignment. The exact text of this question is provided

in Appendix Figure A2.

Because we want to examine how the lenience or harshness of the grades affect students’

tendency to contest their grades, we need a measure of a “fair" grade for each SWA submission. We

obtained this fair grade by having additional graders evaluate each submission, ex-post, after the

semester ended. These additional graders received the same training and guidelines as the initial

12. They had no way to contact their grader as the actual graders were not included in the elearning platform,
and their true identity and contact information were undiscoverable.
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graders who assigned the students’ scores during the semester. We use the average of these three

grades, the two new ex-post grades and the grade assigned during the semester to approximate a

fair grade. The harshness or lenience of the actual assigned grade is measured as the deviation from

this fair grade.13 This allows us to test whether and how students’ grade contests vary depending

on the harshness of the grades they receive, as well as whether there is any heterogeneity in these

reactions based on the claimed gender of the grader.

3 Sample Selection and Empirical Approach

We examine whether students react to their grades differently based on the perceived gender

of their evaluator. Moreover, we explore whether being randomly assigned to a tougher grader

influences students’ reactions to their grades, and whether these reactions also depend on the

perceived gender of the grader.

It is difficult to identify whether individuals find performance evaluations to be unfair and/or

challenge this feedback precisely because they are evaluated by a female supervisor. One common

confounding issue is presented by the sorting of individuals and their supervisors based on observed

and unobserved characteristics, including the gender and “toughness” of the supervisor. We remove

this concern by randomly assigning the actual graders, as well as the female- and male-sounding

names we claim were the graders. Moreover, our experimental setting rules out the possibility that

graders’ evaluations or students’ contest decisions are affected by grader-student interactions. Our

graders do not interact with the students at any point during the course.14

Our experimental design separates students’ reactions that are attributable to the claimed

gender of the grader and students’ reactions that are attributable to the differences in feedback

that is given by female and male evaluators. In our setting a gender biased reaction would be

characterized by a higher share of grade contests arising when the experimental name of the

grader is female-sounding, regardless of the actual grader’s gender. If, on the other hand, reactions

to feedback are driven less by the grader’s gender per se and more by differences in unobserved

13. The distribution of this measure, separated by the claimed gender of the grader, is presented in the Appendix
Figure B1.

14. While the role that supervisor-supervisee interactions play in performance evaluations and reactions to feedback
is important in better understanding the nature of the responses to feedback, it is beyond the scope of this paper.
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characteristics of female graders to provide feedback, we would expect that the grade contest

differences would be similar by actual graders’ gender (which is not observed by students).

We employ an empirical framework that predicts the probability that a student contests their

grade based on the claimed gender of the grader, which is based on the randomly assigned female-

or male-sounding name. We also explore how the fairness of the grade impacts these grade contests.

We use the measure for a fair grade that was described in the previous section and characterize

the “lenience” (or “harshness" if negative) of a grade by its deviation from this fair grade15:

Lenienceijcs = ActualGradeijcs −
1

nr + 1

(
ActualGradeijcs +

nr∑
r=1

Regrade
(r)
ijcs

)
︸ ︷︷ ︸

FairGradeijcs

where Regrade
(r)
ijcs denotes the rth ex-post score given to the submission provided by student i

on assignment j in semester s of course c. In our case we utilize two ex-post regrades, such that

nr = 2. While it may seem intuitive to exclude the actual score from the fair grade calculation,

both methods are unbiased and including all available scores is more efficient.16

In our empirical specification, we predict the probability of exhibiting resistance to feedback

by submitting a grade contest for an assignment submitted by student i for SWA j in semester s

of course c:

Contestijsc = α+ βClaimedFemaleijsc + Gijsc + Xijsc + νj + µs + ηc + ϵijsc (1)

where ClaimedFemaleijsc is an indicator for whether student i’s grade on assignment j in semester

s of course c was randomly assigned a female-sounding grader name. Gijsc is a vector of grade-

specific controls. Depending on the specification, these include the lenience of a grade as defined

above, separately for writing and content sub-scores, the actual score, fair grade, grader fixed

effects, and actual grader gender. Xijsc is a vector of student-specific controls, including student

gender and expected scores. Our primary specification also includes assignment, semester, and

course fixed effects νj , µs, and ηc, respectively. β measures biased reactions to grades that are

driven by the graders’ claimed gender.

15. The distribution of this measure by the claimed gender of the grader is presented in the Appendix Figure B1.
16. This is further shown in Appendix D.
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Our analysis is conducted on the sample of student essays that are correctly submitted following

the assignment instructions. There were 4133 unique students over 2 SWAs, which generated 8523

unique assignment submissions.17 We exclude 25 submissions, or less than 0.3% of all submissions,

due to either a grading or submission error and make no other restrictions.18

4 Results

We start our analysis with a confirmation of randomization of the grader’s names across SWAs

submitted by students. Table 1 shows balance on several variables by claimed gender of the

graders. We have only one non-outcome variable that shows a significant difference. The share of

assignments completed by female students is higher among the assignments claimed to be graded

by a male-sounding name. In all of our preferred specifications, we control for the gender of the

student to take this difference into account. Of the 8498 graded submissions, 439 (or 5.17%) were

contested to the instructor. Of these 439 contests, 206 (or 46.92%) mentioned the writing score as

part of their complaint, while 387 (or 88.15%) mentioned content-specific elements of the rubric.

Figure 1 presents the share of grade contests overall and by male and female students by the

claimed gender of their grader inferred from the female or male-sounding names. Panel A presents

all grade contests, while Panel B and C separately show the share of grade contests for the content

and writing scores respectively.

These graphs reported in Figure 1 reveal that students are more likely to contest their grade

when their SWA is graded by a grader with a female-sounding name. While the sign of the bias

is consistent for both content and writing contests, it is largest and statistically significant for

writing contests. Interestingly, we observe that this gender bias in contests seem to be stronger

among female students for contests in writing scores while it is stronger among male students for

contests in content scores.19 This finding suggests that both female and male students’ contests are

biased against female graders, particularly in tasks where the students are arguably more confident.

17. Some students did not submit a particular assignment or provided a file which could not be opened. This
results in 59 dropped observations.

18. We exclude 11 submissions that did not follow the assignment instructions on submitting a typed essay, 12
submissions that were either submitted late or included the student’s name and were not graded blindly, and 2
submissions whose grade exceeded the maximum possible score due to a grading error.

19. These findings are further presented using regressions with controls in Appendix Table C3.
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Table 1: Summary Statistics with Sample Restrictions by Claimed Grader Gender

(1) (2) (3)
Variable Male Claimed Grader Female Claimed Grader Difference (se)
Female Student 0.542 0.516 -0.026**

(0.498) (0.500) (0.011)
Female Actual Grader 0.503 0.516 0.013

(0.500) (0.500) (0.011)
Actual SWA Score 92.394 92.171 -0.223

(10.439) (10.738) (0.230)
Fair Grade 92.411 92.136 -0.275

(9.625) (10.157) (0.215)
Expected SWA Score 93.795 93.710 -0.084

(5.919) (6.152) (0.131)
Actual - Fair Grade -0.017 0.035 0.052

(3.985) (4.051) (0.087)
Actual - Expected Grade -1.401 -1.539 -0.138

(10.377) (10.789) (0.230)
Fair - Expected Grade -1.384 -1.574 -0.190

(9.606) (10.095) (0.214)
SD of Regrades (Ambiguity) 2.025 2.030 0.005

(3.101) (3.191) (0.068)
Contested Prior Grade 0.035 0.033 -0.002

(0.183) (0.179) (0.004)
Course Grade after SWA2 80.996 80.874 -0.122

(13.434) (13.192) (0.290)
Contested Grade to Instructor 4.736 5.595 0.859*

(21.243) (22.985) (0.480)
Regraded by Instructor 0.015 0.012 -0.002

(0.120) (0.111) (0.003)
Observations 4,244 4,254 8,498

Notes: Unsubmitted and improperly submitted assignments (those receiving a 0 on writing or those regraded due
to name appearing) and clear grader errors are omitted. * p < 0.10, ** p < 0.05, *** p < 0.01
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Figure 1: Main Result by Claimed Gender

Note: This figure presents the share of grade contests of male and female students by the claimed gender of their
graders defined by female or male-sounding names. Panel A shows overall contests, while Panel B shows contests
on content scores and Panel C shows contests on writing scores. Unconditional differences are estimated through a
bivariate regression with standard errors clustered by student. Unsubmitted and improperly submitted assignments
(those receiving a 0 on writing or those regraded due to name appearing) and clear grader errors are omitted. * p
< 0.10, ** p < 0.05, *** p < 0.01
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Table 2: Linear Probability of Contesting Grade to Instructor

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

Female Claimed Grader 0.866∗ 0.962∗∗ 0.905∗∗ 0.908∗∗ 0.978∗∗ 0.966∗∗

(0.473) (0.461) (0.451) (0.451) (0.451) (0.452)

Female Student 0.157 0.490 0.485 0.547 0.554
(0.488) (0.482) (0.481) (0.481) (0.480)

Lenience Controls No Yes Yes Yes Yes Yes

Student-Expectations No No Yes Yes Yes Yes

Actual Score Controls No No No Yes Yes Yes

Dummy Controls No No No No Yes Yes

Grader FE No No No No No Yes

Mean Contested Male Grader 4.736 4.736 4.736 4.736 4.736 4.736
Observations 8498 8498 8498 8498 8498 8498

The dependent variable takes value 100 if students contested the grade to their instructor and 0 otherwise.
Lenience controls are calculated by the difference between actual and fair scores separately for writing and
content-specific subscores. Student expectations include a control for the difference between a student’s expected
score and actual score. Dummy controls include binary variables for whether a score is below the fair grade,
lower than the student’s reported expected grade, or the three TA-grades have a standard deviation above 1. All
specifications include separate course, assignment, and semester-specific fixed effects. Standard errors clustered
by student are presented in parantheses. * p < 0.10, ** p < 0.05, *** p < 0.01

This is consistent with prior literature showing that women (men) tend to be more overconfident in

tasks that are typically female- (male-) dominated. (For example, Bordalo et al. 2019 and Coffman

2014).

Next, we present the results from the main specification described in the previous section in

Table 2. We predict the probability of a grade contest from the inferred gender of the grader

from the randomly assigned grader names. We pool the results across both courses, semesters,

and assignments and include separate fixed effects, respectively, in all specifications. In successive

columns, we add further controls to refine the precision of our estimates. In Column 2, we include

controls for the leniency of content and writing scores and a dummy variable for the gender of the

student. Given the imbalance of treatment assignment by student gender, including this control

is vital to ensure that our effect estimates do not capture spurious correlations brought about by

imperfect randomization. When controlling for student gender and further conditioning on the

lenience of the grade, students are more likely to contest those submissions we claim were graded

by a grader with a female-sounding name. This effect, a 0.962 percentage point bias, is large
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and represents 20% more contests than the male grader names.20 In Column 3 we add a linear

control for the difference between students’ reported score expectation and their actual score. The

results are little changed but we gain precision through smaller standard errors. The fourth column

introduces a linear control for the submission’s actual score. Again, the results are little changed.

One may be concerned that our linear controls do not appropriately capture the relevant factors

in determining to contest a grade. For example, an increasingly harsh grade may be increasingly

more likely to be contested while an increasingly lenient grade will quickly converge to no contests.

Similarly, a grade increasingly above a student’s expectations will not be increasingly less likely

to be contested, but a grade increasingly below expectations will be increasingly more likely to

be contested. This potential non-linearity would make our linear controls incomplete. To address

this, we further introduce a set of dummy controls in the fifth column. These dummies identify

whether the student’s score exceeded the fair grade, whether the score exceeded their reported

expectation, and whether the submission faced more considerable disagreement among the graders

(whether the standard deviation of the regrades exceeded 1). The coefficient of interest remains

unchanged. Lastly, our lenience measures may not fully capture the kind of grading patterns

which would lead to a grade contest. In the final column we further include fixed effects for each

grader. This captures any grader-specific variation in grades and grading patterns and restricts

identification now to variation in scores and claimed grader names for the same grader. Our

coefficient of interest is again virtually unchanged: grades assigned with a female-sounding name

are approximately 0.96 percentage points more likely to be contested even conditional on the

actual grader and all observable relevant characteristics of the grade which would determine the

propensity to contest.

In order to provide further evidence for the robustness of this finding, we conduct a series of

additional analyses. In Figure 2 we report the point estimates of the effect of reporting a female-

sounding name as the grader on the probability of a grade contest together with the confidence

intervals under different sample restrictions. We start by repeating column (5) of Table 2. In the

rows which follow, we test this specification under various sample restrictions. First, we exclude

20. It is worth noting that contests are rare as students are required to formally address any grading concerns
directly to the course instructor through a written (emailed) appeal. Given this, only around 5% of all submissions
are contested.
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Figure 2: Robustness Analysis for the Linear Probability of Contesting Grade to Instructor with
Various Sample Restrictions

Note: This figure presents the robustness analysis using the specification in Column (5) of Table 2. In the
subsequent rows, we exclude SWA 2 submissions of those who contested on SWA 1, all submissions of those who
did not include the correct name of the grader in their contest email, submissions that received scores more than
20 points away from the fair content or fair overall grade, all particularly low performing submissions (fair grades
below 70), contested submissions for which the grade contest was accepted, or those receiving a score ending in an
8 or 9 (near a cuttoff/ left digit bias). Whiskers present 95% confidence intervals clustered by student.
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all SWA 2 submissions of those who previously contested SWA 1 in the same course-semester.

Those students who contested the first SWA and were denied may be less likely to contest again

on the second assignment, biasing downward our results. Alternatively, some students may be

inclined to always contest their grade, and, if these students were more likely to receive a female-

sounding grader, this may bias upwards our result. Given this sample restriction, the result is

little changed.21 Next, we exclude all those submissions that did not include the correct grader

name in their contest email (if they contested). This is an aggressive way to reduce potential noise

stemming from students not actually observing the grader name before contesting. Indeed, the

confidence interval narrows, and the point estimate is little changed. We do not make this exclusion

in the baseline sample as some students may be aware of the grader but were either unaware of

the requirement to include the grader’s name, simply forgot to include it, or strategically excluded

it. We also exclude outlier submissions which received scores far from the fair grade either in

content scores, writing scores, or overall and particularly low-performing submissions (fair grades

below 70). The former also accounts for potential grading errors which would generate valid grade

contests. In all four cases, the point estimate is little changed.

As stated above, some grade contests are valid complaints due to genuine grading errors. Main-

taining these in the data add noise to our estimates, so we also include a specification which removes

all regraded submissions. Our estimates are more precise and no different than the baseline sam-

ple. In Appendix Table C2 we consider regraded assignments as valid grade contests and use only

“invalid” contests as an outcome. The results are consistent and larger in magnitude than our main

findings, suggesting that assignments are over 30% (1.1 percentage points) more likely to receive

an “invalid” contest when we claim it was evaluated by a woman. We do not make this restriction

in our primary analysis as there may be valid concerns that course instructors, who are aware of

the experiment, may be subconciously inclined to systematically approve certain contests.22

If a student’s decision to contest a score is a function of the perceived award from a successful

contest, then one may expect students to contest more near certain score cutoffs. If the submissions

that score near these cutoffs were more/less likely to be assigned a female-sounding name, this

21. We also show in Appendix Table C1 that result is consistent across both SWA 1 and SWA 2 in the full sample.
22. While the instructors were aware of the claimed grader name for every submission, they were never made aware

of the identity of the actual grader nor was it possible for them to discover it.
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would bias our results. In the last row, we exclude all submissions whose score ends in an “8” or

“9.” The restriction reduces our sample size by a third and limits statistical power significantly,

but the coefficient estimate is again little changed.

As an additional robustness check we verify that our results are not driven by any particular

name, which would suggest that our interpretations are misguided. In Appendix Figure C1 we

present the results of two checks. First, in subfigure (a), we plot the conditional probabilities

that each name is contested and show that the male and female names cluster around similar

probabilities with no clear outliers. In subfigure (b) we plot each of 8 jackknife coefficients produced

from separate estimations of our main regression specification, each omitting all observations which

were assigned a particular grader name. None of the 8 estimates are statistically different from our

main specification, lending support to our interpretation of the results as between male-sounding

and female-sounding names and not any other common signal.

Next, we elaborate on the role of leniency or harshness of grades on the contesting behavior.

We question whether increased grade contests for female-sounding name graders depends on the

leniency of grades assigned by these graders. We define lenience based on the difference between

the actual score they receive and the “fair grades” proxy calculated as the average of the 3 scores

assigned to the same SWA by 3 different graders. A score is considered “neutral” if it is within 1

point of the “fair” grade. Any grade above (below) that would be lenient (harsh). Table 3 shows

that most of the grade contests are among the SWAs that were graded harsher than the average

and the bias against graders with a female-sounding name is mostly driven by the groups of SWAs

that were graded harshly or neutrally while we observe no difference among those that were graded

leniently. All specifications in Table 3 include fixed effects as in the first column of Table 2 and

omits all other controls except for the gender of the student. In the even numbered columns, we

include the female dummy and its interaction to identify whether male and female students react

differently. Across the 3 panels, we restrict the sample to those submissions we identify as receiving

a “Harsh,” “Neutral,” or “Lenient” grade. While we have limited power when making these sample

restrictions, we find suggestive evidence that the increased propensity to contest harsh grades by

female graders is driven by male students. Both male and female students are more likely to contest

“neutral” scores provided by a female grader. The size of this bias is large: students are around
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Table 3: Grade Contests by Lenience (Actual versus Fair Scores) and Claimed Gender

Harsh Neutral Lenient

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

Female Claimed Grader 1.363 2.731 1.649∗∗∗ 1.337∗ 0.023 -0.505
(1.265) (1.789) (0.593) (0.800) (0.456) (0.696)

Female Student -0.057 1.246 0.612 0.306 0.020 -0.465
(1.304) (1.729) (0.592) (0.704) (0.472) (0.673)

Female Student × Female Claimed Grader -2.638 0.592 0.981
(2.523) (1.182) (0.918)

Fixed Effects Yes Yes Yes Yes Yes Yes

Mean Contested Male Grader 11.426 11.426 1.668 1.668 1.639 1.639
Observations 2634 2634 2722 2722 3142 3142

The dependent variable takes value 100 if students contested the grade to their instructor and 0 otherwise. The
three panels are split depending on the difference between the student’s actual score and the staff-expected fair
grade measure. Grades are considered harsh if the actual score is more than 1 point below the staff-expected
score, neutral if it is within one point, and lenient otherwise. Fixed effects include separate course, assignment,
and semester-specific controls. Standard errors clustered by student are presented in parantheses. * p < 0.10,
** p < 0.05, *** p < 0.01

twice as likely to contest a neutral score by a female grader than a male grader. The presence of

this effect only among neutral scores suggests that this bias is most salient when there is otherwise

limited justification for contesting.

As described in the previous sections, we elicited incentivized score expectations when students

submitted their SWAs and before the grading starts. In our next analysis, we focus on the difference

between the actual scores they receive from the expected scores and test whether the effect of

being graded by a grader with a female sounding name varies for different values of this difference.

Table 4 reveals that the gender bias in grade contests is mostly driven by students who received

lower scores than they expected, and the estimates become insignificant when they receive higher

scores than expected: less than 1% of students that received a score at or above their expectation

contested, while over 15% of those who received a score more than 5 points below their expectation

contested. Among those students that received scores 5 or more points below their expectations,

submissions with a female grader name were 2.95 percentage points more likely to be contested,

which represents a nearly 20% increase over the male grader names. When we decompose this

by student gender, it appears that the result is overwhelmingly driven by men. Female students
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Table 4: Gender Bias in Grade Contests by Grade Shocks (Actual versus Expected Scores)

> 5 points below ≤ 5 points below At or Above

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

Female Claimed Grader 2.953∗ 5.184∗∗ 1.510 1.571 0.051 -0.339
(1.608) (2.228) (1.033) (1.417) (0.235) (0.377)

Female Student 2.528 4.748∗∗ 0.155 0.212 -0.239 -0.603∗

(1.662) (2.236) (1.102) (1.366) (0.240) (0.342)

Female Student × Female Claimed Grader -4.411 -0.119 0.715
(3.205) (2.062) (0.476)

Fixed Effects Yes Yes Yes Yes Yes Yes

Mean Contested Male Grader 14.985 14.985 4.162 4.162 0.631 0.631
Observations 2013 2013 1659 1659 4826 4826

The dependent variable takes value 100 if students contested the grade to their instructor and 0 otherwise. The
three panels are split depending on the difference between the student’s reported grade expectation and their
actual score. Fixed effects include separate course, assignment, and semester-specific controls. Standard errors
clustered by student are presented in parantheses. * p < 0.10, ** p < 0.05, *** p < 0.01

appear more likely to contest in general, but do not display a large bias against the female grader.

These results suggest a gender bias in the willingness to accept harsh feedback compared to their

expectations: female students are more reactive to negative feedback in general, but male students

are much more likely to resist the harsh feedback given by a female evaluator.23

Another dimension we examine in our data is the ambiguity of SWA grades. Some SWAs offer

little room for partial credit, as they clearly indicate a correct or incorrect answer. Others, however,

contain responses that are partially correct, leading to differing interpretations and variations in

the amount of partial credit assigned by graders. To capture this, we constructed a measure

of ambiguity based on the disagreement among additional graders evaluating the same SWA,

quantified by the standard deviation of regrades. We then analyzed the role of this ambiguity in

grade contest behavior, reporting results separately for three groups—bottom, middle, and top

23. Previous work by Li and Zafar 2023 finds that male students are, overall, more likely to request and receive
favorable regrades, and that this pattern is largely driven by gender differences in grade expectations. Although our
main objective is not to determine whether female or male students are more likely to challenge their grades, we
do not observe a significant gender gap in contest rates in the full sample in our context. We find only suggestive
evidence that, among students who received grades substantially below their expectations, female students may be
more likely to contest. Differences across student gender in our sample is provided in Appendix Table B2 Of note,
there is no difference between male and female students when comparing their actual grades to their fair grades;
neither group is graded more harshly. However, male students tend to overestimate their performance more than
female students when comparing the grades they expect to receive with both the fair grade and the actual grade
awarded.
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Table 5: Gender Bias in Grade Contests by Ambiguity of Grades (SD of Regrades)

Bottom Tertile Middle Tertile Top Tertile

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

Female Claimed Grader 0.101 0.587 1.100 0.965 1.496 2.281∗

(0.694) (1.033) (0.802) (1.271) (0.959) (1.310)

Female Student -0.336 0.119 -1.124 -1.253 1.463 2.218∗

(0.726) (1.014) (0.819) (1.114) (0.990) (1.274)

Female Student × Female Claimed Grader -0.905 0.254 -1.522
(1.397) (1.628) (1.913)

Fixed Effects Yes Yes Yes Yes Yes Yes

Mean Contested Male Grader 3.940 3.940 3.858 3.858 6.433 6.433
Observations 3048 3048 2677 2677 2773 2773

The dependent variable takes value 100 if students contested the grade to their instructor and 0 otherwise. The
three panels are split depending on the variation of the TA grades. The Bottom Tertile refers to submissions
with the least variation in TA grades (less ambiguous) while the top tertile correpsonds to those submissions with
the most ambiguity (highest variation amongst TA grades). Fixed effects include separate course, assignment,
and semester-specific controls. Standard errors clustered by student are presented in parantheses. * p < 0.10,
** p < 0.05, *** p < 0.01

tertiles—based on the distribution of standard deviations. The top tertile reflects SWAs with the

highest grader disagreement. Table 5 shows that grade contests are more frequent for SWAs with

higher ambiguity (top tertile). Moreover, gender bias against female-sounding grader names begins

to emerge in the middle and top tertiles, while no significant difference is observed in the bottom

tertile.

Finally, we explore the role of potential gender differences in grading style by analyzing the

subsample of SWAs that were claimed to be graded by a female-sounding name and indeed were

graded by a female grader. As the graders are randomly assigned to the SWAs and the female and

male-sounding names are randomly assigned to graded SWAs, approximately half of the SWAs

were graded by a female grader and also had a female-sounding name visible to the student as

grader.24 We replicate our results for this partial sample with true and false genders in Table 6.

Columns 1 and 2 of Table 6 Panel A report our main findings using the full sample, included here

for comparison purposes. Columns 3 and 4 use the same specifications but replace the claimed

gender with the gender of the actual grader, again using the full sample. We find no evidence of an

24. The pool of graders was half male and half female. Summary statistics as in Table 1 by actual grader gender
is provided in Appendix Table B1.
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Table 6: Regression Results for Different Samples: Linear Probability of Contesting Grade to
Instructor

A. Full Sample B. Partial Sample

Stated
Gender

(1)

Stated
Gender

(2)

Actual
Gender

(3)

Actual
Gender

(4)

True
Gender

(1)

True
Gender

(2)

False
Gender

(3)

False
Gender

(4)

Female Claimed Grader 0.859∗ 0.905∗∗ 0.844 0.281 0.914 1.462∗∗

(0.477) (0.451) (0.636) (0.596) (0.717) (0.686)

Female Student 0.490 0.470 0.523 0.444
(0.482) (0.481) (0.615) (0.724)

Female Actual Grader -0.025 -0.573
(0.480) (0.457)

Controls No Yes No Yes No Yes No Yes

Observations 8498 8498 8498 8498 4303 4303 4195 4195
The dependent variable takes value 100 if students contested the grade to their instructor and 0 otherwise. The
mean of the dependent variable for submissions with a male stated grader gender is 4.74. The even numbered
columns present results from specifications with controls including the lenience, student expectations, and fixed
effects as in Table 2. Standard errors clustered by student are presented in parantheses. * p < 0.10, ** p < 0.05,
*** p < 0.01

increased probability of grade contests for the SWAs that were actually graded by a female grader.

In fact, the point estimates are negative, insignificant, and sensitive to the inclusion of additional

controls for the leniency of the assigned score.

Panel B of Table 6 replicates our main analysis for the “partial sample." The first two columns

of the panel focus on “true gender," in which we restrict the sample to SWAs that were both

graded by a female (male) grader and also had a female-sounding (male-sounding) name visible

to the student as the grader. The results for this partial sample are similar to those found in

the full sample (column 1 of Panel A). While the precision of the point estimates are lowered, we

still find that students are more likely to contest their grade when they are graded by a female

grader reported with a female-sounding name as grader. However, once we control for the leniency

of the assigned grades in the next column, this gender difference becomes substantially smaller

and statistically insignificant. This sensitivity to leniency controls suggests that our female and

male graders differ in their grading leniency in ways that directly impact students’ likelihood of

challenging their grades.

Finally, the last two columns repeat the same analysis on the sample where students observed a
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female-sounding (male-sounding) name, but the actual grader was of the opposite gender. Without

leniency controls, we again find very similar results to our main specification. However, once we

control for grading leniency, the point estimates increase relative to column 2. This implies that

differences in grading style or standards of female and male graders do play some role in the

observed patterns in grade contests. Importantly, our main specification, which uses randomly

assigned female- and male-sounding names, helps rule out these grader-level effects.

5 Mechanisms

The bias we identify here may be due to several factors which we will now explore. First, we can

rule out student beliefs that female graders would be more likely to accept a grade challenge as

we require all grade challenges to be submitted to the course instructor. Alternative explanations

for this behavior are that students may: (1) believe male instructors are more likely to approve a

grade contest against a female grader or (2) that students believe the grades provided by female

evaluators are less valid, either by being harsher or more prone to mistakes. While we are not able

to completely rule out either explanation, we do find evidence in support of (2). When students

went to submit their second SWA, they were asked to rate the fairness of the grade they received

on the first SWA, which had been graded nearly a month prior and for which all grade contests had

been resolved. The exact language of this question is provided in Appendix Figure A2. The results

of this survey are presented in Figure 3. Students who contested their score were more likely to

report the grade they received as “somewhat harsh” or “very harsh.” Among those who did not

contest (Panel b), there is no difference in how students reported the grades provided by graders

we claimed were male or female. However, among those who did contest (Panel a), there is a large

shift away from “lenient” and toward “harsh” for female graders. We interpret this difference to

mean that students hold beliefs about the validity of a grade, and they hold this belief even after

any grade contests have been resolved.

Our study lays the groundwork for future research into the reasons for resistance to feedback

that is believed to have been provided by a female evaluator. In this paper, we find that students

are more likely to contest grades that are provided by women, particularly when they receive a
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Figure 3: Distribution of Fairness Question Responses

(a) Conditional on Contesting Score

(b) Conditional on Not Contesting Score

Notes. Both figures plot the distribution of student responses to a question about the grading of SWA 1
which was asked when students submitted SWA 2. Figure (a) is restricted only to those who contested
their SWA 1 score while Figure (b) is restricted to those who did not contest. Unsubmitted and improperly
submitted SWA 1 assignments (those receiving a 0 on writing or those regraded due to name appearing)
and clear grader errors are omitted.
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lower score than they expected and when there is more disagreement among the additional graders

of the same assignment. These observations are consistent with a mechanism in which students

may tend to believe that female graders are more likely to make mistakes (i.e. lower skills). They

are also consistent with a mechanism in which students have the belief that female graders are

more likely to give unreasonably harsh grades. While students may hold these beliefs, we find that

resistance against female graders are mostly driven by those that were graded close to the fair

grades. In both instances whether they think female graders make more mistakes or are harsher,

students would be expected to contest grades provided by female graders to their instructor more

often.

It is reasonable to expect that the observed differences in grade contest rates by the claimed

gender of the grader are driven by students’ expectations of success in securing a favorable regrade.

However, our experimental design largely rules out this mechanism—where students may be more

likely to contest grades assigned by female graders because they are perceived as more likely to

grant regrade requests. In our setting, all regrade requests are submitted directly to the course

instructors, who evaluate and decide on them independently.

That said, we cannot rule out the possibility that students believe their instructors may perceive

female graders as more error-prone or harsher. Students’ own biases and their expectations of

similar biases in instructors may reinforce one another implying lower “credibility” for female

graders. In other words, students may believe that women are more likely to make grading mistakes,

or they may think instructors are more likely to accept that a mistake was made when the grader

is female.

While we do not directly test these mechanisms, our complementary analysis shows that stu-

dents who contested their grade were disproportionately more likely to describe it as “harsh" after

the contest was resolved. This suggests that students hold their own beliefs about a grade’s validity

which persists even after a grade contest is resolved.
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6 Discussion

Individuals perceive and respond to feedback on their performance differently. These responses

may affect their own and their evaluators’ future outcomes in educational and professional settings.

Our paper identifies bias in students’ reactions to grades in a unique experimental setting. We

find that students are more likely to contest a grade provided by a female-sounding evaluator than

a similar grade provided by a male-sounding evaluator. This disparity is most pronounced when

grades are neutral relative to a “fair” assessment, are below students’ expectations, or when the

submission produces ambiguity in grading.

We conduct our experiment in two large introductory economics courses at a public flagship

university. Students submit two short writing assignments in each course. These assignments are

graded blindly by randomly assigned graders. Separately, students’ grades are displayed with a

randomly assigned generic name, which may be a female- or male-sounding name. This setting

allows us to isolate the effect of the grader’s perceived gender from other observed and unobserved

characteristics, which may be correlated with how female and male graders differently evaluate

assignments. We show that this separation is essential for identifying and precisely measuring

bias in students’ resistance to feedback, because the graders’ actual gender correlates with other

observed characteristics.

In this paper, we show that students are more inclined to challenge grades given by graders

with female-sounding names, especially when their score falls below expectations and when other

graders assigned to the same work show greater disagreement. Our findings may have important

implications for understanding gender dynamics and biases in performance evaluations beyond

educational settings.

In our study, students submitted grade challenges directly to the instructor, closing off the

possibility that they contest more grades when they expect better regrading outcomes from female

graders. In our context, both instructors were male, and they -not the graders— made decisions

about regrades. In other educational or workplace settings where individuals interact directly

with the evaluator, expectations of a favorable reevaluation could influence contesting behavior. If

students or employees believe female evaluators are more accommodating and more likely to revise

a grade, this perception could amplify the gender gap in contest rates beyond what we observe.
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Stronger resistance to feedback from female evaluators, coupled with the role of grading harsh-

ness compared to their expectations, suggests that perceptions of authority and fairness may be

influenced by gender stereotypes. Addressing these biases could involve training supervisors and

their employees to recognize and mitigate such tendencies. It could also involve facilitating greater

transparency in evaluation processes. These steps would foster more equitable environments in pro-

fessional and educational settings. They would also reduce the undue burden on female supervisors

and educators.
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Appendix

A. Experimental Design

Figure A1: Experiment Timeline

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

SWA1

SWA 1 Grades

Posted

SWA2

SWA 2 Grades

Posted

Treatment Treatment

Collect Contest Emails Fairness Question

Notes. The figure presents a timeline of the typical 16-week semester and is not exact. The courses each
consisted of weekly quizzes and well as three exams spaced every 5-6 weeks.
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Figure A2: Fairness Question

Notes. The screenshot above is of the question asked before students submitted the second SWA in both
courses across both semesters.
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Figure A3: Score Prediction Question

Notes. The screenshot above is the language used in Spring 2024. In Fall 2023 we provided 5 points for an
exact score prediction and 3 points for being within 5 points. The respective language was asked before
students submitted either SWA in both courses.

Sample Instructions25

Once you are ready to submit, you must FIRST complete this SWA 1 Prerequisite Quiz [Links
to Canvas Quiz].

The short writing assignments are intended to promote critical thinking, and to allow you to
develop your communication skills. There is no required length, but you should not need more
than 250 words. These SWAs must be composed in essay form and must demonstrate
high-quality writing skills. They will be evaluated by the TAs for accuracy and writing quality. If
you are struggling with composition, please seek out the support of the [Institution’s Writing
Center]

When completing the SWAs, make sure to follow these submission guidelines. Failing to follow
these instructions will result in a grade of zero.

1. Your assignment should be typed, not hand-written.

2. Do not include your name or [University ID] anywhere in the SWA or file name.

3. Submit your SWA as a PDF file.

The SWA prompt will ask you to include a graph. You MUST include this graph to get full
credit for the SWA. You should hand-draw your graph and scan a clear picture of it to embed in

25. Institutional information and other details which may impact the anonymity of the institution has been re-
moved.
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your assignment document. Your hand-drawn graph must be clear and precise. Otherwise, I
cannot award credit. When drawing your graph, you must:

1. Use graph paper and a ruler to construct your graph.

2. Label both axes and all curves.

3. Identify the specific values of important intercepts and intersection points.

Always make sure to submit your assignment at least several hours before the due date/time.
DO NOT submit assignments through the Canvas mobile app. Instead, access Canvas from an
internet browser. The mobile app does not create a reliable “paper trail” or “receipt” of your
submission. You should always confirm that your submission went through by closing your
browser, reopening it, and verifying that your file uploaded correctly. I cannot grade your work if
your assignment does not properly post in Canvas; you will earn a zero in this instance.

You may discuss the SWAs with your classmates, but your written submission must be your own.
Anything more than coincidental similarities will be interpreted as a violation of the [University]
Honor Code. As a best practice, you should not look at your classmates written submissions.

A sample Short Writing Assignment and exemplary response can be found here: Sample Answer
[Links to Document]

Sample Prompt

The graph below depicts Florida’s PPF between blueberries and raspberries before any
technological innovation occurs. The quantity of blueberries is measured in thousands of pounds
along the horizontal axis, and the quantity of raspberries is measured in thousands of pounds
along the vertical axis. You will use this graph to identify how a specific innovation affects the
PPF and the opportunity costs of producing additional units of these two goods.

The graph above depicts Florida’s PPF between blueberries and raspberries before any
technological innovation occurs. A new technological innovation improves Florida’s ability to
produce raspberries but does not affect its ability to produce blueberries. More specifically, this
innovation would increase the amount of raspberries that Florida could produce, when it only
produces raspberries, from 8,000 pounds to 48,000 pounds.

In your essay, you should clearly identify: (1) the opportunity cost of producing an additional
pound of blueberries before the innovation occurs, (2) the opportunity cost of producing an
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additional pound of raspberries before the innovation occurs, (3) the opportunity cost of
producing an additional pound of blueberries after the innovation occurs, (4) the opportunity
cost of producing an additional pound of raspberries after the innovation occurs, and (5) whether
each opportunity cost has fallen or risen.

In your essay, you should embed a graph that clearly depicts the correctly shifted or rotated PPF.

Assume that the PPF remains linear. Round all answers to the nearest one-hundredth (i.e., by
two decimal places).

Sample Rubric

All items are scored out of 10 points.

1. Does the SWA identify that the opportunity cost or producing an additional pound of
blueberries is initially 1/5 pound of raspberries?

2. Does the SWA identify that the opportunity cost or producing an additional pound of
raspberries is initially 5 pounds of blueberries?

3. Does the SWA identify that the opportunity cost or producing an additional pound of
blueberries is 6/5=1.2 pound of raspberries after the innovation occurs?

4. Does the SWA identify that the opportunity cost or producing an additional pound of
raspberries is 5/6=0.83 pounds of blueberries after the innovation occurs?

5. Does the SWA identify that the opportunity cost or producing an additional pound of
blueberries rises?

6. Does the SWA identify that the opportunity cost or producing an additional pound of
raspberries falls?

7. Does the SWA include a graph that clearly depicts the correctly rotated PPF?

8. Is this Short Writing Assignment free of typos and spelling errors?

9. Is this Short Writing Assignment composed with correct grammar use?

10. Rate the overall quality of writing.

Some Grading Notes:

• Most lines of the rubric really call for a right or wrong answer, and thus should be awarded
0 points or 10 points.

• When a submission provides the correct calculations but incorrect units, I award 8 out of
10 points each time this is done.

• When a submission’s calculations show that they are on the right track but ultimately
provide an incorrect answer, I award 5 out of 10 points.

• When grading these assignments, you will notice there is a large variation in writing
quality. Some are exceptionally well written while others are nearly incomprehensible. You
may think of a 10 as a high A, a 9 as a low A, an 8 as a B, 7 as a C, and so on.
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• These assignments are short essays and should be written in essay form. Failure to
complete this requirement should be reflected in grammar writing quality scores.

• Graphs generated digitally should be graded without penalty.

B. Additional Summary Statistics

Figure B1: Distribution of Lenience Measure

Notes. The sample excludes missing or improperly-submitted assignments. The figure is restricted to
|Actual - Fair| ≤ 20.
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Figure B2: Distribution of Deviation of Scores from Students’ Expected Scores

Notes. The sample excludes missing or improperly-submitted assignments. The figure is restricted to
domain -50 to 30.
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Figure B3: Distribution of Deviation of Grader and Assignment Average Scores

Notes. The histogram plots the distribution of the deviation between grader-specific and assignment
average scores for the 186 grader-semester-course-assignment combinations. The sample excludes missing
or improperly-submitted assignments.
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Table B1: Summary Statistics with Sample Restrictions by Actual Grader Gender

(1) (2) (3)
Variable Male Grader Female Grader Difference (se)
Female Student 0.526 0.532 0.006

(0.499) (0.499) (0.011)
Female Claimed Grader 0.494 0.507 0.013

(0.500) (0.500) (0.011)
Actual SWA Score 92.503 92.069 -0.434*

(10.351) (10.811) (0.230)
Fair Grade 92.373 92.177 -0.196

(9.780) (10.005) (0.215)
Expected SWA Score 93.679 93.823 0.144

(6.206) (5.869) (0.131)
Actual - Fair Grade 0.130 -0.108 -0.238***

(4.073) (3.961) (0.087)
Actual - Expected Grade -1.176 -1.754 -0.578**

(10.363) (10.788) (0.230)
Fair - Expected Grade -1.306 -1.646 -0.340

(9.661) (10.034) (0.214)
SD of Regrades (Ambiguity) 2.012 2.042 0.030

(3.214) (3.080) (0.068)
Contested Prior Grade 0.040 0.028 -0.011***

(0.196) (0.166) (0.004)
Course Grade after SWA2 80.969 80.902 -0.066

(13.137) (13.481) (0.290)
Contested Grade to Instructor 5.179 5.154 -0.025

(22.162) (22.112) (0.480)
Regraded by Instructor 0.016 0.012 -0.004

(0.124) (0.107) (0.003)
Observations 4,171 4,327 8,498

Notes: Unsubmitted and improperly submitted assignments (those receiving a 0 on writing or those regraded due
to name appearing) and clear grader errors are omitted.
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Table B2: Summary Statistics with Sample Restrictions by Student Gender

(1) (2) (3)
Variable Male Student Female Student Difference (se)
Female Claimed Grader 0.514 0.488 -0.026**

(0.500) (0.500) (0.011)
Female Actual Grader 0.506 0.512 0.006

(0.500) (0.500) (0.011)
Actual SWA Score 91.883 92.639 0.756***

(10.960) (10.236) (0.230)
Fair Grade 91.911 92.596 0.685***

(10.219) (9.587) (0.215)
Expected SWA Score 93.763 93.743 -0.020

(6.005) (6.066) (0.131)
Actual - Fair Grade -0.029 0.043 0.071

(4.083) (3.959) (0.087)
Actual - Expected Grade -1.881 -1.104 0.776***

(10.847) (10.333) (0.230)
Fair - Expected Grade -1.852 -1.147 0.705***

(10.112) (9.605) (0.214)
SD of Regrades (Ambiguity) 2.010 2.044 0.034

(2.957) (3.307) (0.068)
Contested Prior Grade 0.034 0.034 -0.001

(0.182) (0.180) (0.004)
Course Grade after SWA2 80.500 81.324 0.824***

(13.283) (13.329) (0.290)
Contested Grade to Instructor 5.119 5.208 0.089

(22.040) (22.222) (0.481)
Regraded by Instructor 0.014 0.013 -0.001

(0.119) (0.113) (0.003)
Contested Grade to Instructor 5.119 5.208 0.089

(22.040) (22.222) (0.481)
Contested Content 4.469 4.629 0.160

(20.666) (21.014) (0.453)
Contested Writing 2.322 2.515 0.193

(15.062) (15.660) (0.334)
Harsh 23.014 22.227 -0.787

(42.103) (41.587) (1.297)
Observations 4,005 4,493 8,498

Notes: Unsubmitted and improperly submitted assignments (those receiving a 0 on writing or those regraded due
to name appearing) and clear grader errors are omitted.
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C. Robustness of Main Result

Table C1: Comparison by Assignment

SWA 1 Only SWA 1 & 2

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

Female Claimed Grader 0.975 1.084 1.071 0.866∗ 0.962∗∗ 0.966∗∗

(0.770) (0.737) (0.706) (0.473) (0.461) (0.449)

Female Student -0.255 0.107 0.157 0.750
(0.743) (0.718) (0.488) (0.480)

Lenience Controls No Yes Yes No Yes Yes

Student-Expectations No No Yes No No Yes

Actual Score Controls No No Yes No No Yes

Dummy Controls No No Yes No No Yes

Grader FE No No Yes No No Yes

Mean Contested Male Grader 6.361 6.361 6.361 4.736 4.736 4.736
Observations 4266 4266 4266 8498 8498 8498

The dependent variable takes value 100 if students contested the grade to their instructor and 0 otherwise.
Lenience controls are calculated by the difference between actual and fair scores separately for writing and
content-specific subscores. Student expectations include a control for the difference between a student’s expected
score and actual score. Dummy controls include binary variables for whether a score is below the fair grade,
lower than the student’s reported expected grade, or the three TA-grades have a standard deviation above 1. All
specifications include separate course, assignment, and semester-specific fixed effects. Standard errors clustered
by student are presented in parantheses. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table C2: Linear Probability of Making “Invalid” Contest to Instructor

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

Female Claimed Grader 1.028∗∗ 1.109∗∗∗ 1.062∗∗∗ 1.062∗∗∗ 1.108∗∗∗ 1.105∗∗∗

(0.411) (0.407) (0.399) (0.399) (0.400) (0.402)

Female Student 0.253 0.525 0.525 0.565 0.542
(0.425) (0.422) (0.422) (0.422) (0.421)

Lenience Controls No Yes Yes Yes Yes Yes

Student-Expectations No No Yes Yes Yes Yes

Actual Score Controls No No No Yes Yes Yes

Dummy Controls No No No No Yes Yes

Grader FE No No No No No Yes

Mean Contested Male Grader 3.393 3.393 3.393 3.393 3.393 3.393
Observations 8498 8498 8498 8498 8498 8498

The dependent variable takes value 100 if students contested the grade to their instructor and this contest
was denied (grade unaltered by the course instructor) and 0 otherwise. Lenience controls are calculated by
the difference between actual and fair scores separately for writing and content-specific subscores. Student
expectations include a control for the difference between a student’s expected score and actual score. Dummy
controls include binary variables for whether a score is below the fair grade, lower than the student’s reported
expected grade, or the three TA-grades have a standard deviation above 1. All specifications include separate
course, assignment, and semester-specific fixed effects. Standard errors clustered by student are presented in
parantheses. * p < 0.10, ** p < 0.05, *** p < 0.01

Table C3: By Student Gender

Any Contest Contested Content Contested Writing

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

Female Claimed Grader 0.905∗∗ 1.113∗ 0.580 0.771 0.858∗∗∗ 0.406
(0.451) (0.650) (0.432) (0.625) (0.326) (0.447)

Female Student 0.490 0.688 0.476 0.658 0.383 -0.047
(0.482) (0.631) (0.458) (0.606) (0.352) (0.439)

Female Student × Female Claimed Grader -0.395 -0.362 0.856
(0.903) (0.865) (0.648)

Controls Yes Yes Yes Yes Yes Yes

Mean Contested Male Grader 4.736 4.736 4.288 4.288 2.026 2.026
Observations 8498 8498 8498 8498 8498 8498

The dependent variable takes value 100 if students contested the grade to their instructor and 0 otherwise.
Controls include separate course, assignment, and semester fixed effects, writing and content lenience, the
difference between student grade expectations and actual scores, and a female dummy. Standard errors clustered
by student are presented in parantheses. * p < 0.10, ** p < 0.05, *** p < 0.01
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Figure C1: Robustness by Grader Name Inclusion

(a) Conditional Probabilities

(b) Jackknife Coefficients

Notes. Figure (a) plots the name-specific coefficients from the regression specification in column (2) of
Table 2 where the female grader dummy is replaced with a vector of name-specific dummies. The mean of
the male-specific and female-specific coefficients (5.078 and 6.040, respectively) are also plotted. Figure (b)
plots the main coefficient of interest from a series of 8 regressions where in each a separate grader name is
excluded. In all regression estimations the sample excludes missing or improperly-submitted assignments.
95% confidence intervals using standard errors clustered by student are displayed as bands.
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D. Fair Grade Calculation

We prefer to use a measure of the fair grade which includes the actual assigned score as it

produces an estimator with a lower variance while remaining unbiased. To see this, let

Xi
iid∼ G(µ) denote a random draw from a distribution of possible grades G, which has mean

(fair-grade) µ. Let R1, R2, ..., Rnr

iid∼ G(µ) denote nr random draws from the same distribution.

Define L1 = Xi − 1
nr

(
∑nr

i=1 Ri) and L2 = Xi − 1
nr+1 (Xi +

∑nr

i=1 Ri). Then,

V ar(L1) > V ar(L2)

V ar
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1

nr

nr∑
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− 1
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(
nr∑
i=1

Ri

)
>

n2
r

(nr + 1)2
V ar (Xi) +

1

(nr + 1)2
V ar

(
nr∑
i=1

Ri

)
(nr + 1)2 − n2

r

(nr + 1)2

[
V ar (Xi) + V ar

(
nr∑
i=1

Ri

)]
> 0

is true for any nr > 0. Clearly both L1 and L2 are unbiased. Thus, L2 is the preferred estimator.
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