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ABSTRACT

Feedback plays a critical role in shaping beliefs, guiding decisions, and improving
performance. We conduct an online experiment to study the nature and effectiveness of
qualitative feedback. Although qualitative feedback is widely used, it has received little
attention in experimental economics, where the focus has been primarily on quantitative
feedback. Our design captures the full performance-feedback sequence: participants
complete an essay-writing task, assess their performance, receive feedback from an
evaluator, and then update their beliefs and make choices. Despite the presence of an
upwards kindness bias in how feedback is given, we find that qualitative feedback is effective:
beliefs are updated appropriately. We find no difference in how feedback is given to men
and women. We identify two channels through which feedback influences decisions: a belief-
updating channel and an encouragement channel. Women respond to both, while men are
less responsive to encouragement. The more concrete feedback is, the more useful.
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1. Introduction

Feedback is important for performance in a variety of settings. Employees receive periodic
appraisals of their work, and students are given grades and comments throughout their school-
ing.! In recent years, there has been a shift toward greater use of qualitative, rather than
quantitative, feedback. For example, in 2016 General Electric introduced a qualitative feed-
back system for its 300,000 employees (Silverman, 2016), and in the United Kingdom, a 2015
education report advised schools to rely less on numerical assessments when providing student
feedback (MclIntosh, 2015). But is qualitative feedback effective? Despite its growing use in
practice, qualitative feedback has received far less attention in the economics literature than its
quantitative counterpart.

By qualitative feedback, we refer to textual descriptions of performance; by quantitative

feedback, we mean numerical information.?

Quantitative feedback can vary in precision—
for example, it may be a specific performance rating or an imprecise signal indicating that
performance probably ranks in the top quartile. Qualitative feedback inherently involves a
degree of vagueness, often a significant one. For instance, two people who observe the same
performance and agree on its quality may nevertheless describe it using very different language.
Conversely, two people may use similar language to describe performances of objectively different
quality. Qualitative feedback requires recipients to decipher the meaning of the text, posing
particular challenges to its usefulness.?

To understand how qualitative feedback affects beliefs and performance, we study the entire
performance-feedback sequence: an individual completes a task, forms beliefs about their per-
formance, has their performance evaluated, receives feedback, updates their beliefs, and takes
subsequent actions which may include steps to improve their performance. Considering only
some stages of the sequence can lead to misleading conclusions. For example, a finding that
evaluators’ feedback is systematically biased could, by itself, suggest that feedback is unhelp-
ful. Only by also studying how the recipients interpret and respond to the feedback can we

determine whether they anticipate the biases and correct for them.* To the best of our knowl-

edge, we are the first to study qualitative feedback using an experiment that covers the entire

IThere is growing evidence that management practices, of which feedback is one aspect, are important for
improving performance of firms (Bloom and Van Reenen, 2007; Bloom et al., 2015, 2019). In schools, quantitative

feedback has been shown to improve student performance (Bandiera et al., 2015; Andrabi et al., 2017).
2More accurately, quantitative feedback is isomorphic to numeric feedback. Thus, a grading system consisting of

good, satisfactory, and unsatisfactory is quantitative feedback, as it corresponds to 3, 2, and 1.
3The challenges of qualitative feedback are also present in certain quantitative feedback settings, in which case

the present study applies there as well.
4For example, Jampol and Zayas (2020) find women receive kinder feedback than men and conclude that this

makes feedback less useful for women. However, their experimental design does not allow them to examine how
the feedback is interpreted and whether women anticipate this effect and account for it. See Sections 2. and

4.2. for more on their study.



performance-feedback sequence, with each stage of the sequence undertaken by participants.’
Note that people typically do not receive feedback from everyone who evaluates them. For
example, a worker may get feedback from their immediate supervisor, while their end-of-year
bonus is determined by a committee on which that supervisor has just one vote; a professor
may solicit comments from a colleague who has no direct influence on publication decisions.
Throughout their lives, people receive feedback from a subset of the people who evaluate them.

For qualitative feedback to be effective, the recipients must:

i. Correctly interpret the feedback. For instance, determine whether the phrase “good job”
indicates that the evaluator believes performance is above average, average, or even below
average.

ii. Assess how informative the feedback giver’s opinion is about the views of other evaluators.

iii. Incorporate the feedback into their beliefs and subsequent decisions.

Our online experiment shares these features. The experiment centers on an essay-writing
task. Participants are assigned to one of two roles: writer or evaluator. Each writer composes
a short essay inspired by an image. The essay is then graded by a group of ten evaluators, each
of whom assigns a number grade. Writers are not shown any of these grades or provided with
quantitative feedback. Instead, they receive written qualitative feedback from one randomly
chosen evaluator. Writers report their beliefs about their average grade both before and after
receiving the feedback.

Previous research has found that recipients of quantitative feedback often update their beliefs
about their performance in an upwardly biased manner, placing greater weight on favorable
information (Eil and Rao, 2011; Mobius et al., 2022). Qualitative feedback, by its open-ended
nature, may be even more prone to bias. It can contain mixed messaging and psychological
phenomena, such as motivated reasoning, which allow for a variety of interpretations. Consider

the following feedback, taken from our experiment:

“I think this was a good attempt. You’ve explored the different parts of the picture,
while also delving deeper into Josh’s thoughts and emotions, providing a context to
the scene. The flow does seem to be a bit muddled at times, for example I think
the description of the other people could have been incorporated into the story in a
slightly neater way. Some more creative use of language would have been nice also.

The grammar and spelling is accurate though. All in all, it was enjoyable!”

5Prior work in psychology and economics has examined one or two stages. This work includes experiments that

focus on biases at the evaluation stage (Goldberg, 1968; Mechtenberg, 2009), in the way individuals form beliefs
about their performance (Exley and Kessler, 2022), in the feedback given (Bohren et al., 2018; Jampol and
Zayas, 2020; Jampol et al., 2022), in how individuals update their beliefs after feedback (Eil and Rao, 2011;
Ertac, 2011; Zimmermann, 2020; Mobius et al., 2022), and the impact of feedback on choices (Wozniak et al.,
2014; Brandts et al., 2015; Shastry et al., 2020; Abel, 2024; Abel and Buchman, 2024).



This feedback corresponds to an essay for which the evaluator gave a grade of 3 on a 1-to-5
scale, although the writer only saw the text, not the numerical score. To us, the content of
the feedback appears consistent with the grade. However, motivated reasoning could lead the
recipient to selectively attend to different parts of the text. An optimistic writer might focus
on the positive elements—*“You’ve explored the different parts of the picture .. The grammar
and spelling is accurate .. All in all, it was enjoyable!”—and infer an above average grade,
perhaps estimating a 4. In contrast, a pessimistic writer might focus on the negatives—“The
flow does seem to be a bit muddled ... Some more creative use of language would have been nice
also”—and conclude they received a below-average grade of 2. On this accounting, qualitative
feedback might be particularly ineffective.

Given the ubiquity of qualitative feedback, understanding how it shapes beliefs is essential.
From a research perspective, a well-specified quantitative feedback structure has the advan-
tage of providing a precise Bayesian benchmark for evaluating participants’ belief-updating.
Our experiment is purposely less structured to better reflect real-world qualitative feedback
environments, where such calculations are infeasible. The feedback provided by evaluators is
open-ended and written in their own words, making it difficult to assign probabilities to specific
formulations. Nevertheless, by eliciting writers’ beliefs about their performance both before and
after receiving feedback, we can assess whether participants interpret qualitative feedback in a
manner consistent with the underlying (but unseen) grade.

Beyond beliefs, we study how feedback influences decisions and how the content of the feedback
affects its usefulness. In one set of treatments, writers are given the option to compete for a
bonus payment that will be based on their average grade; in another treatment, writers are given
the opportunity to revise their essays and have them regraded. By combining the participants’
decisions with their beliefs, we are able to examine the motivational and informational channels
through which feedback can shape behavior.

We also explore the nature of the feedback itself by analyzing its textual content, using a
Generative Pre-trained Transformer (GPT), and by comparing comments that evaluators knew
would be given as feedback to writers to assessments of the same essays written in a confidential
setting.

Finally, motivated by prior evidence on gender disparities in self-assessment and responsive-
ness to feedback, we examine several gender-related questions: Do women and men differ in
their initial beliefs about their performance? Do they receive systematically different feed-
back for equivalent performance? And do they respond differently to qualitative feedback in
belief-updating and subsequent decisions?

Note that we ran the experiment before the widespread availability of ChatGPT, so we can

be sure that participants did not use it to write essays or provide feedback.



Overview of the findings

Below, we provide an overview of our main findings.

There is an upwards kindness effect in feedback. When evaluators know their comments
will be seen by the writer, the feedback is more positive than when the comments are confidential.
For example, feedback accompanying an essay graded 2 is, on average, as positive as confidential

comments written for an essay graded 3.

Qualitative feedback is interpreted appropriately, but belief~-updating is subopti-
mal. Despite the open-end nature of qualitative feedback and the inherent subjectivity in its
interpretation, writers anticipate the kindness effect and interpret the feedback in a manner con-
sistent with the (unseen) grade that accompanies it: they revise their beliefs upward when the
grade is above their prior and downward when it is below. However, on average, the magnitude

of belief-updating is less than optimal.

There is no gender bias in feedback or belief-updating. Contrary to some previous
findings, female and male writers receive equally positive feedback for essays with similar grades.
Moreover, conditional on having the same prior belief, men and women update their beliefs

similarly in response to the feedback.

Feedback should arguably be gender specific. While feedback is equally positive and
interpreted similarly by men and women, differences in the accuracy of prior beliefs imply that
optimal updating requires different revisions across genders. This suggests that feedback may

need to be tailored to address underlying differences in priors.

Feedback and behavior. In the choice to compete, there are two channels through which
qualitative feedback affects behavior: a belief-updating channel and an encouragement channel.
When it comes to revising their essay, feedback improves essay quality, with more concrete

feedback leading to larger improvements.

2. Relation to the literature

We contribute to the experimental literature on performance, feedback, beliefs, and decision-
making, and how these relate to gender. We discuss the previous literature on these issues
below.

Some studies in psychology find that women receive systematically more positive feedback
than men. In Jampol and Zayas (2020), participants are given a poorly written essay and either

told it was written by a woman or by a man. When asked to provide written feedback to



the purported (fictional) writer, participants give more positive feedback when they believe the
writer is a woman. While this experiment controls for the content of the essay, allowing them
to identify gender biases in feedback provision, it cannot examine how recipients interpret and
react to feedback, and therefore cannot speak to its effectiveness.

In experimental economics, a growing body of work examines quantitative feedback. Several
studies explore belief-updating in response to noisy signals about performance (Eil and Rao,
2011; Ertac, 2011; Zimmermann, 2020), while others investigate how feedback influences out-
comes (Ertac and Szentes, 2011; Wozniak et al., 2014; Shastry et al., 2020; Kessel et al., 2021)
or both beliefs and outcomes (Brandts et al., 2015; Buser et al., 2018; Mobius et al., 2022; Coff-
man et al., 2024). These studies typically provide quantitative feedback based on a well-defined
signal structure, which allows the authors to compare updating to a Bayesian benchmark but
abstracts from the ambiguity and richness of qualitative feedback. In contrast, our experiment
uses open-ended, text-based feedback, where the information content must be inferred by the
participant, introducing distinct types of challenges.

A separate line of research examines how feedback affects economic decision-making across
genders—particularly in the context of choosing between tournament and piece-rate compensa-
tion (Niederle and Vesterlund, 2007). Several papers find that feedback can reduce or eliminate
gender gaps in willingness to compete (Ertac and Szentes, 2011; Wozniak et al., 2014; Brandts
et al., 2015; Shastry et al., 2020; Kessel et al., 2021). These studies rely on quantitative feedback
and do not explore how such effects operate through the interpretation of textual feedback.

More recently, some experimental studies in economics have incorporated qualitative feedback
based on performance (Bohren et al., 2018; Abel, 2024; Abel and Buchman, 2024). However,
Bohren et al. (2018) focus primarily on discriminatory behavior in evaluation and do not examine
how feedback affects recipients’ beliefs or decisions, nor do they trace its effects across the full
performance-feedback sequence. Whereas, Abel and Buchman (2024) and Abel and Buchman
(2024) do not capture the entire performance-feedback sequence as they do not measure feedback

recipients’ performance beliefs.

3. Experimental design

We ran an experiment using participants from the UK recruited with Prolific, an online re-
search platform with a diverse pool of participants for academic and behavioral studies. The
experiment consisted of three parts that took place within a three-week window. The parts
were conducted in order from one to three, with a new part only commencing once the prior
one had been completed. Section E of the Appendix provides a complete description of the
study. Here, we limit ourselves to describing the aspects of the study that are analyzed in the

current paper. The study comprises a number of treatments to which participants were ran-



domly assigned. As most of the study structure is common to all treatments, we first describe
the two baseline treatments used in the initial analysis, No-Feedback and Feedback. We describe

the other treatments in detail later on.

3.1. Baseline treatments

Participants were assigned to one of two roles: writers or evaluators. Writers participated in
Parts 1 and 3, while evaluators participated in Part 2. All participants received a participation

fee of £4 and a bonus payment based on performance.

Part 1: Writers

In Part 1, writers were given 15 minutes to write an essay inspired by an image (the same
image was used for all writers and is available in the Appendix). Essays were required to
be between 100 and 1000 words. Writers were informed that their essay would be graded by
ten evaluators on an integer scale from 1 to 5. Their final grade would be the average of
the ten grades. Writers were told that evaluators were recruited through the same platform
and were instructed to assess the essays based on four criteria: accuracy and detail, flow and
structure, creativity and engagement, and spelling and grammar. Writers were also told that,
upon returning for Part 3, they might receive written feedback on their essay.

Writers received a bonus based on their final grade. Specifically, each writer’s final grade
was compared with those of nine other randomly selected writers. A writer earned £4 if their
grade ranked among the top three and £1 otherwise. To minimize attrition, participants were
informed that payment would only be made if they completed both Part 1 and Part 3.

After submitting their essay, writers were asked to indicate their expected final grade using a
slider ranging from 1 to 5, with increments of one decimal point.5 We chose not to incentivize
belief elicitation. Recent work by Danz et al. (2022) suggests that incentivized belief elicitation
with proper scoring rules can be cognitively demanding and confuse participants, potentially
distorting the elicited beliefs. In addition, incentivized belief elicitation creates opportunities
for hedging across tasks (Blanco et al., 2010). Consistent with these concerns, Charness et al.
(2021) find that incentive-compatible methods do not outperform simply asking participants to
state their beliefs.

Finally, writers were asked to select an alias from a list of gender-congruent names.” These

aliases were displayed to evaluators in place of participant names. The use of aliases served

SParticipants’ point predictions are typically interpreted as the mean of their belief distribution (e.g., Eil and
Rao, 2011; Mobius et al., 2022). While some participants may report other summary statistics (e.g., the median
or the mode), our primary interest lies in the direction of belief-updating, which is likely to be robust across

different summary statistics.
"Participants self-identified their gender. Fewer than 1% selected “Other,” rather than “Female” or “Male.,

when given the option.



two purposes. First, some real names may be gender ambiguous (e.g., one of the authors of
this paper, Ashley, has such a name). In contrast, the aliases we used were unambiguously
gendered. Second, to control for potential ethnicity effects, we restricted the aliases to typically
white names commonly used in the UK. Section A.1. in the Appendix describes in detail how

the aliases were selected.

Part 2: Evaluators

In Part 2, evaluators were randomly assigned to ten essays. They graded each essay on an
integer scale from 1 to 5, using the criteria described above. Evaluators knew that multiple
evaluators would grade each essay and that writers would not see individual grades but would
learn whether their final grade placed them among the top 30%, which would determine their
bonus payment. Evaluators were shown the image that inspired the essays, below which they
saw the phrase “Written by [writer’s alias],” followed by the essay text.

To encourage careful grading, an evaluator’s grade was compared to the grades given by nine
other evaluators to the same essay. Evaluators earned £0.50 per essay for which their assigned
grade matched the modal grade given by the other nine evaluators. Since evaluators graded ten
essays, their maximum bonus was £5.

After completing the grading task, each evaluator was asked to write between 50 and 1000
words about one of their essays, randomly chosen. In the No-Feedback treatment, they were
asked to describe the reasoning behind their grade and told that their comments would not be
shared with the writer. In the Feedback treatment, they were asked to provide feedback directly
to the writer on how well they thought the writer had done. Evaluators knew that each writer
would receive feedback from only one evaluator.® Evaluators were explicitly instructed not to
mention the numeric grade they had assigned. We refer to this grade as the (unseen) grade
accompanying feedback.

We chose not to incentivize the written feedback. Since evaluators were already paid for
their grading we expected them to take the task seriously. Our results which we discuss below,
along with the overall quality of the written comments, give us confidence that this was indeed
the case (The feedback example given in the introduction is fairly representative of evaluators’

feedback).

Part 3: Writers

Writers from Part 1 were invited to return for Part 3. Those in the No-Feedback treatment

were shown their essay. Those in the Feedback treatment were shown their essay along with

8Evaluators were reminded of the writer’s gender in the screen on which they wrote their feedback, which began

with the phrase “Dear [writer’s alias].”



the written feedback provided by one randomly selected evaluator. In both treatments, writers

were then once again asked to report their expected final grade.

3.2. Additional Treatments

This study contains several treatment variations. We summarize them here and provide more
details later, in the sections where they are relevant to the analysis. The Feedback treatment
has three sub-treatments, all randomly assigned: (i) Feedback-Only, which follows the exact
structure described in the previous section, (ii) Feedback-Compete, where writers were given a
choice between a lottery payment and the competitive payment scheme after receiving their
feedback, (iii) Feedback-Compete-Hidden, which mirrors Feedback-Compete but without the dis-
closure of the writers’ gender to the evaluators, and (iv) Feedback-Edit, where writers could
choose whether to edit their essay and have it regarded. Note that writers were not assigned
to treatments in Part 1. They learned the details of their treatment when they came back for
Part 3.

In parts of our analysis we aggregate the data across the sub-treatments, for example when
comparing the sentiment of feedback shared versus not shared with the writer or when examining
belief-updating in response to feedback. For our main outcome variables, such as grade beliefs,
we find no differences across these sub-treatments (see Tables A1 and A2 in the Appendix). In

our analysis we indicate where we have aggregated the data.

3.3. Implementation

We recruited a gender-balanced sample of evaluators and writers using the platform Prolific.
Recruitment was open to Prolific participants who were at least 18 years old, were based in the
United Kingdom, and had a 96% or higher approval rating. All the studies were conducted in
August 2022 and programmed in Qualtrics.

We recruited 900 writers. Of these, we have complete submissions for 847 writers who com-
pleted Parts 1 and 3, of which 417 were female and 430 male.” The large majority of writers
identified as white (85%), grew up in the UK (90%), and considered English as their mother
tongue (91%). Sample characteristics do not differ by gender or treatment assignment (see
Tables B1 and B2 in the Appendix).

We have 1560 completed submissions from evaluators in Part 2, of which 785 identify as
female, 765 as male, and 10 who selected “Other.” Similar to the writers, 85% identified as
white, 92% grew up in the UK, and 93% considered English as their mother tongue. Again,

sample characteristics do not differ by gender or treatment assignment (see Tables B3 and B4

90f the 53 missing writers, 22 did not return for Part 3, and 31 received invalid feedback. Although evaluators
were told not to mention the grade they assigned in their feedback, 31 did. Hence, we drop these observations.

Attrition was not significantly different by gender (6.9% for women and 4.9% for men; x? test, p = 0.75).



Table 1. Treatment sample sizes

Writers Evaluators
Treatment Parts 1 & 3 Part 2
No-Feedback 98 123
Feedback-Only 184 241
Feedback-Compete 192 421
Feedback-Compete-Hidden 185 436
Feedback-FEdit 188 339

Note: Number of writers and evaluators with complete sub-

missions for the various treatments.

in the Appendix). The overwhelming majority of participants should have been familiar with
British English spelling and the stereotyped gender associated with the alias of the writers.!?
Table 1 gives an overview of the sample size of writers and evaluators for each treatment

condition at each part of the study.

4. Results

4.1. Final grades and prior beliefs

Figure 1 presents the distribution of final grades, prior grade beliefs, and the cumulative distri-
bution of grade overestimation—defined as the difference between prior beliefs and final grades—
for all writers by their gender. Vertical lines indicate group means, with solid lines for female
writers and dotted lines for male writers. On average, female writers receive significantly higher
final grades than male writers (3.20 vs. 3.06; t-test, p < 0.01). Despite their stronger perfor-
mance, female writers report significantly lower prior grade beliefs than male writers (2.93 vs.
3.12; t-test, p < 0.01). As a result, female writers underestimate their grade by an average of
0.27 points (t-test, p < 0.01), while male writers slightly overestimate theirs by 0.06 points (¢-
test, p = 0.16). Figure lc shows that this gender gap in grade overestimation is present across
the distribution: the distribution of overestimation for male writers first-order stochastically
dominates that for female writers (Kolmogorov-Smirnov test, p < 0.01). These findings are
consistent with previous work on gender differences in overconfidence (see, e.g., Niederle and
Vesterlund, 2007; Reuben et al., 2014).

To examine whether revealing a writer’s gender influences grading, we compare outcomes

0Tn a few instances, we found that the computer displayed the essay and feedback texts without the correct
spacing between a few words, which might have been perceived as a spelling mistake. We corrected for this in
the essays for later participants. Moreover, if we test whether this bug impacted grading, we find no effect (see
the subsection on spacing errors in Section A.2. in the Appendix for details). Nonetheless, we control for it in

the subsequent analysis.
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Figure 1. Distributions of writers’ final grades and prior grade beliefs

Note: Panel (a) shows the histograms of the writers’ final grade by gender. Panel (b) shows the histograms
of the writers’ prior grade beliefs by gender. In Panels (a) and (b), means are depicted by the vertical lines,
with female writers corresponding to the solid blue line and male writers to the dashed red line. Panel (c)
plots the cumulative distribution of grade overestimation: the difference between writers’ prior grade beliefs
and their final grades. The vertical solid line corresponds to a gap of zero. The sample comprises writers from
all treatments (N = 847).

across the Feedback-Complete and Feedback-Complete-Hidden treatments. In both treatments,
evaluators graded the same set of essays; the only difference is that writer aliases were shown
in the former but not in the latter.!? We find no evidence that revealing gender affects grading.
When aliases are disclosed, the average grade is 0.04 points lower for female writers and 0.07
points lower for male writers—neither difference is statistically significant at the 5% level (see

Table C1 in the Appendix).

4.2. Feedback characteristics

Feedback and grades

To update beliefs about their average grade, each writer had to interpret the qualitative feedback
they received. Moreover, since this grade was the average of ten evaluators’ scores, but feedback
was provided by only one of them, the writer also needed to form expectations about the nine
grades for which they did not get feedback.

Suppose a writer successfully infers the grade associated with the feedback they received.
What should they infer about the other evaluators’ grades? Intuitively, a high grade from
one evaluator suggests that the remaining grades are also likely to be high. A strong version
of this intuition is that the information follows first-order stochastic dominance. That is, for

any grade z, look at all essays that were graded as x by at least one evaluator and plot the

1 As described in Section 3.1., aliases were disclosed with the phrase “Written by [writer’s alias]” when presenting
the essay and “Dear [writer’s alias]” when prompting the evaluator to write feedback. In Feedback-Compete-
Hidden, neither phrase was shown. When reading their feedback in Part 3, writers saw a screenshot of what

the evaluator saw, including whether their alias was disclosed.

10
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Figure 2. Cumulative distribution of the non-feedback grades depending on the grade
accompanying the feedback text

Note: Since a writer’s essay was graded by multiple evaluators but only one was selected at random to pro-
vide feedback, the figure plots the cumulative distribution of the non-feedback grades depending on the grade
accompanying the feedback text. For example, the red line corresponds to writers whose accompanying grade
was 1 and plots the distribution of the other remaining grades. The sample comprises essays from all feedback
treatments (N = 749).

distribution of the other grades of those essays. Repeat the procedure for a grade y. If z > y and
the distribution associated with grade z first-order stochastically dominates the one associated
with grade y, then higher grades from a single evaluator systematically signal higher grades
overall.

Figure 2 shows that first-order stochastic dominance holds in our data. This implies that if
writers can accurately infer the (unseen) grade that accompanies their feedback, they should
update their beliefs about their average grade more positively the higher the accompanying
grade.!?

We note that the finding of first-order stochastic dominance reassures us that evaluators

approached the grading task seriously, and did not, for instance, assign grades haphazardly.'3

Feedback sentiment

In this section, we apply sentiment analysis—a natural language processing technique—to an-
alyze the emotional tone of the text written by the evaluators. Specifically, we use the OpenAl

API for GPT-3.5, a large language model with a neural network architecture that has demon-

12 A more positive updating is also what we would intuitively expect, even without a finding of first order stochastic
dominance.
13We can also assess the grading consistency using the intra-class correlation coefficient. A two-way random

effects model yields an average intra-class correlation of 0.80 across essay groups, which is generally considered

a high level of inter-rater agreement.
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strated strong performance across a range of human-like tasks, including passing the bar exam
(Katz et al., 2024) and constructing psychological measures (Rathje et al., 2024). For each
text, we generate a sentiment score on a continuous scale from —1 (most negative) to +1 (most
positive), where the score reflects the overall emotional leaning of the writing.'* See Section D
in the Appendix for more details.

As expected, a strong positive relationship exists between the sentiment score of the text
written by the evaluators and the grade they assigned to the essay, with a correlation coefficient
of 0.62 (p < 0.01). This confirms that the sentiment scores are meaningful and provides evidence
that evaluators reflected their thoughts about the essay’s quality in their writing. Descriptive
statistics for the evaluators’ writings are presented in Table C2 in the Appendix. As a robustness
check, we also replicate the sentiment scoring using Google Natural Language (GNL), which
yields qualitatively similar results.

Next, we examine how the sentiment of the evaluators’ writing depends on whether the writer
will see it as feedback or not. To visualize the results, we divide feedback into three groups
based on the (unseen) grade that accompanies the text: grades of 1 or 2 form the low group,
grade 3 the medium group, and grades of 4 or 5 the high group.

Figure 3 illustrates the average GPT sentiment scores of the text written by the evaluators
across the three grade groups: Low, Medium, and High.'> The data is shown separately for
evaluators who knew that their assessment would be shared with the writers (Feedback) and
those who knew it would not (No-Feedback)

The figure reveals a clear kindness effect: evaluators are more positive when the writer will
see their comments. The effect is most pronounced in the Low grade group. In No-feedback,
the average sentiment score is approximately -0.4; in Feedback, the average rises to around 0.0.
Alternatively, the sentiment score associated with a low-grade essay in Feedback is as positive
as the sentiment score associated with a medium-grade essay in No-Feedback. A similar, though
smaller, effect is observed in the medium-grade group. The kindness effect disappears in the
high-grade group, where sentiment scores are similarly high across treatments, suggesting that
evaluators felt no need to soften their remarks for top-performing essays. These results are
robust to the alternative sentiment scoring using Google Natural Language (see Figure C2 in
the Appendix).

Table 2 presents linear regressions of the GPT sentiment score of the evaluators’ text de-
pending on the treatment, the accompanying grade, and the gender of the writer. To facilitate

interpretation of the coefficients, we standardized the sentiment scores and the accompanying

14The exact prompt was: “What is the sentiment of this text? Answer with a continuous numerical variable that
ranges from minus 1.0 (negative) to plus 1.0 (positive) and corresponds to the overall emotional leaning of the
text. Only respond with a continuous numerical variable. Here is the text.”

5Figure C1 in the Appendix presents box plots that confirm the upward trend in sentiment across grade groups

while illustrating the variation within groups.
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Figure 3. GPT sentiment of the evaluators’ text depending on the accompanying grade
and whether the text would be shared with writers as feedback

Note: Mean GPT sentiment score of the evaluators’ written text depending on the accompanying grade group.
The data is shown separately for evaluators who knew that their assessment would be shared with writers
(Feedback) and those who knew it would not (No-Feedback). The accompanying grade groups are: Low for
grades 1 or 2, Medium for grade 3, and High for grades 4 or 5. The GPT sentiment score ranges from —1
(negative sentiment) to +1 (positive sentiment). Error bars indicate 95% confidence intervals. The sample
consists of evaluators from all treatments (N = 1437 for Feedback and N = 123 for No-Feedback).

grades. Column (1) shows that, controlling for the accompanying grade, text that is not shown
to the writer is, on average, 0.36 standard deviations less positive than feedback that is shared
(p < 0.01). Column (2) includes an interaction between the No-Feedback treatment and the
accompanying grade. At the mean grade, sentiment is 0.38 standard deviations less positive
when it is not shared. However, for each one-standard-deviation increase in the accompanying
grade, the kindness effect diminishes by 0.33 standard deviations. In other words, the difference
in sentiment between Feedback and No-Feedback narrows to just 0.05 standard deviations at
grades one standard deviation above the mean but grows to 0.71 standard deviations at grades
one standard deviation below the mean. These results are robust to using GNL sentiment scores

(see Table C4 in the Appendix). Result 1 summarizes these findings.

Result 1 For a given grade, evaluators write systematically more positive comments when they
know their remarks will be shared with the writer as feedback. This effect diminishes as the

grade increases and effectively disappears for the highest grade essays.

Does the kindness effect vary by the gender of the writer? To investigate this, we focus
on treatments in which the writer’s alias—and thus their gender—was disclosed to evaluators.
Figure 4 plots the average GPT sentiment scores by the writers’ gender. The kindness effect

is present for both female and male writers. This pattern is also evident when sentiment is
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Table 2. GPT sentiment of the evaluators’ text

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

Constant 0.03 0.03 0.02 0.02 0.02
(0.02) (0.02) (0.04) (0.04) (0.05)
Accompanying grade 0.63** 0.60** 0.60** 0.56** 0.54**
(0.02) (0.02) (0.02) (0.04) (0.04)
No-Feedback —-0.36"*  —-0.38** —0.41** —-0.43** —0.45**
(0.07) (0.07) (0.11) (0.11) (0.10)
No-Feedback x Accompanying grade 0.33** 0.40** 0.40**
(0.06) (0.07) (0.07)

Female 0.08 0.08 0.05
(0.05) (0.05) (0.05)

No-Feedback x Female 0.05 0.04 0.07
(0.15) (0.14) (0.14)

Accompanying grade x Female 0.00 0.01
(0.05) (0.05)

No-Feedback x Accompanying grade —0.06 —0.08
x Female (0.12) (0.12)

Essay GPT sentiment 0.02
(0.02)

Controls - - - - v
N 1560 1560 1124 1124 1122
adj. R? 0.399 0.406 0.377 0.389 0.401

Note: Linear regressions of the GPT sentiment score of the evaluators’ text as the dependent variable.
No-Feedback is a dummy variable indicating the evaluator’s comments would not be shared with the
writer. Female is a dummy variable indicating the writer was female. The accompanying grade is the
grade assigned by the evaluator who wrote the comments. Essay GPT sentiment is the GPT sentiment
score of the essay’s text. Columns (1) and (2) utilize the entire sample of evaluators. In columns
(3)-(5), observations from the Feedback-Compete-Hidden treatment were dropped since gender was not
disclosed to the evaluators. In column (5), two observations were dropped as the GPT sentiment score
of the essay returned a non-numeric value. All continuous variables—the GPT sentiment score, the
accompanying grade, and the essay GPT sentiment score—are standardized to have a mean of zero
and a standard deviation of one. Controls include the evaluators’ age, ethnic identity, gender, level of
education, whether English is their native language, whether they grew up in the UK, their treatment
assignment, the presence of spacing errors in the essay, and the number of characters in the essay.
Robust standard errors in parentheses and statistical significance of non-zero coefficients is indicated
by * p < 0.05 and ** p < 0.01.

measured using the alternative GNL score (see Figure C3 and Table C4 in the Appendix).

In Table 2, we use linear regressions of the GPT sentiment score of the evaluators’ text to
evaluate whether the kindness effect varies with the writers’ gender. Columns (3) and (4)
replicate the specifications from columns (1) and (2) but include interactions with the writers’
gender. We find no evidence of a significant gender difference in the overall sentiment or the

impact of the No-Feedback treatment. In column (5), we further control for a range of evaluator
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Figure 4. GPT sentiment of the evaluators’ text depending on the writers’ gender, the
accompanying grade, and whether the text would be shared with writers as feedback

Note: Mean GPT sentiment score of the evaluators’ written text depending on the accompanying grade group
and the writers’ gender. The data is shown separately for evaluators who knew that their assessment would
be shared with writers (Feedback) and those who knew it would not (No-Feedback). The accompanying grade
groups are: Low for grades 1 or 2, Medium for grade 3, and High for grades 4 or 5. The GPT sentiment score
ranges from —1 (negative sentiment) to +1 