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1 Introduction

Despite meaningful progress towards gender equality over the past decades, persistent

gaps remain across multiple domains, including wages, career advancement, political rep-

resentation, and social norms, both in developed countries and globally (e.g., Eagly and

Karau, 2002; Ridgeway, 2011; Duflo, 2012; Goldin, 2014; Blau and Kahn, 2017). A grow-

ing body of research seeks to understand not only explicit forms of inequality, but also

implicit mechanisms, such as psychological traits and social expectations, that may rein-

force existing disparities. By playing a central role in a person’s professional advancement,

confidence and self-promotion are key individual-level factors contributing to unequal la-

bor market outcomes (e.g., Rudman, 1998; Bénabou and Tirole, 2002). While promoting

oneself increases individuals’ chances of being hired and their earnings, women consis-

tently report lower confidence and are less likely to engage in self-promotion, particularly

in male-typed domains such as mathematics and logic (Blau and Kahn, 2017; Exley and

Kessler, 2022).

In recent years, large language models (LLMs) have increasingly been integrated as writing

assistants into educational and professional settings. They offer features such as feedback,

tone improvement, and motivational phrasing (e.g., Brynjolfsson et al., 2025) and they

help users improve the fluency and quality of their writing (e.g., Noy and Zhang, 2023;

Wiles et al., 2025). Yet, AI assistants often go beyond simple text revisions in that

they can be overconfident (Sun et al., 2025a), produce outputs with a relatively positive

or affirming tone (e.g., Sharma et al., 2024) and meet negativity in initial texts with

softened or optimistic replies (e.g., Bardol, 2025). Such improvements in writing and

increased optimism may positively affect self-promotion and confidence and, in doing so,

may also affect the gender gap in self-promotion.

The aim of this paper is to investigate whether and how AI affects self-promotion and,

as a secondary outcome, confidence,1 and whether gender differences in self-promotion

and confidence persist under the usage of AI tools. In particular, we hypothesize that AI

assistance may boost user confidence and thereby enhance self-promotion efforts. We also

test for the gender-related self-promotion differences documented by Exley and Kessler

(2022). Finally, as women often react differently to feedback than men, we study whether

AI assistance affects women differently than men.

For this purpose, we designed an online experiment that we ran in China in 2024. As

most research on gender differences in various domains is based on data from the US and

Western European countries, we chose China which offers a distinct socio-cultural context

1Confidence and self-promotion are distinct yet closely related psychological constructs that signifi-
cantly influence how individuals present themselves in achievement-related contexts. Confidence generally
refers to one’s belief in their own ability to succeed in a given task or domain. Self-promotion, by con-
trast, refers to the act of strategically presenting one’s abilities or performance to others, often in contexts
where such evaluations influence real outcomes such as hiring, compensation, or promotion (Rudman,
1998). Unlike confidence, which is an internal belief about one’s abilities, self-promotion is externally
directed and shaped by social and economic incentives.
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(e.g., Zhang, 2013; Yi et al., 2015).

In our experiment, after having completed an initial math and logic test (a domain that is

stereotypically male), participants wrote a self-promotion text about how they think they

will perform on an upcoming second test and why. Then they were asked to refine that

description. In the AI treatment, participants were given access to an AI tool to refine

their self-promotion text; in the control, we did not explicitly encourage AI assistance.

Further, participants answered three self-evaluation questions after the treatment stage:

(i) a self-promotion question, where they had to indicate their agreement (on a scale of 0 to

100) with the statement, “I will perform well on the second test,” (ii) a confidence question,

where they had to predict their performance on an upcoming second test, and (iii) after

completing the test, participants stated their belief about the number of correct answers in

the test. Finally, they completed a demographic survey. Self-promotion was incentivized:

participants were explicitly informed that a potential employer would base their hiring

and salary decisions on either their refined self-promotion text or their numerical self-

promotion score.

Our results show that AI assistance does not significantly affect self-promotion scores,

though the point estimate is negative. The confidence measures are significantly and

negatively affected by AI. Thus, there is some indication that AI reduces self-evaluation

scores, contrary to our hypothesis. Further, we do not find significant and consistent

effects of gender or the interaction of gender with AI on self-promotion and confidence.

The sign of the point estimate for the baseline gender gap in self-promotion (in the control

treatment) is in line with Exley and Kessler (2022), but not significant.

We conduct a text analysis to better understand how our main results manifest in the

participants’ original and refined self-promotion texts. We observe that AI assistance

indeed increases text positivity and that, in the control condition, text positivity positively

relates to self-promotion. Yet, when the positivity is influenced by AI, it appears to

backfire and reduce confidence instead.

We discuss possible reasons for this result. First, AI-generated assessments, when per-

ceived as external evaluations, can undermine confidence by increasing reliance on exter-

nal validation rather than self-evaluation. Second, AI assistance may trigger feelings of

reliance on external (technological) assistance, thereby reducing confidence.

Literature We contribute to the literature on confidence, self-promotion, and their

interaction with AI-assisted tools. Specifically, by studying whether and how AI-generated

feedback influences confidence and self-promotion and whether these effects vary across

genders, we contribute insights into how generative AI may either mitigate or magnify

existing gender inequalities in these domains.

Confidence influences motivation and persistence (Bandura, 1997; Bénabou and Tirole,

2002) and is, for example, a key driver for women to select out of competition (Niederle and

Vesterlund, 2007; Gillen et al., 2019; Van Veldhuizen, 2022). Prior research highlights that
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women, on average, report lower confidence than men, even when their actual performance

is comparable (for recent studies documenting this effect, see Möbius et al., 2022; Exley

and Nielsen, 2024). Such gaps persist also at the top in academic settings (Sarsons and

Xu, 2021).

Related to confidence, Exley and Kessler (2022) document a gender gap in self-promotion,

with women self-promoting less than equally performing men on a stereotypically male-

typed task relating to math and science, even in incentivized environments. Abraham

(2023) finds such effects in performance reviews, using field data. Gender differences

extend beyond the numerical self-promotion or confidence score to the linguistic styles

through which they are conveyed. Römer and Schröder (2025), for example, find that

women tend to write more modest texts. Women also use fewer positive terms when

promoting their work (Lerchenmueller et al., 2019).

Social norms and gender stereotypes are key contributing factors to these disparities in

confidence and self-promotion. For example, females are characterized as more tender,

shy, modest, and yielding compared to males, who are stereotypically viewed as assertive,

ambitious, and dominant (e.g., Buser et al., 2014; Pan, 2019; Koch and Nafziger, 2025).

These stereotypes shape both how individuals see themselves and how they are perceived

by others, creating constraints on behavior and self-expression (e.g., Ellemers, 2018; Bor-

dalo et al., 2019). As a result, females may internalize modesty norms that discourage

them from overtly expressing confidence or promoting their achievements (e.g., Tradenta

et al., 2025).

AI writing support can reduce skill-based inequality by leveling the playing field between

more and less proficient writers (cf. Noy and Zhang, 2023; Wiles et al., 2025). In addition,

as mentioned above, prior research suggests that LLMs revise texts in a positive and

optimistic way. Yet, AI usage, as well as AI preference and impacts, vary by gender and

context (Carvajal et al., 2024; Stöhr et al., 2024; Sun et al., 2025b), and AI-generated

suggestions may sometimes feel misaligned or inauthentic (Wang et al., 2024).

Thus, despite potential advantages, concerns remain about the downsides of relying on

AI tools. Sun et al. (2025a) demonstrate that although LLMs show improved accuracy

on reasoning tasks, they have also more than doubled their degree of overconfidence,

amplifying certainty even when the models are unsure of their answers. This tendency

to produce text with a persuasive, confident tone and an authoritative style regardless

of factual accuracy or personal authenticity can lead to unintended misrepresentations,

especially when individuals delegate too much control over their self-descriptions to AI

(Wang et al., 2024). Over-reliance on AI may also suppress the user’s original voice,

leading to less nuanced and authentic narratives (Wiles and Horton, 2024).

The impact that AI has also depends on whether users are willing to trust and adopt such

systems. Dargnies et al. (2024), for example, demonstrate that workers in an experiment

prefer human managers rather than AI managers to make hiring decisions; and managers

prefer not to delegate to AI. A possible mechanism they point to is overconfidence on the
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side of the manager and beliefs about gender profiling under the AI. Normann et al. (2025)

study the decision whether or not to delegate pricing decisions in a repeated Bertrand

game to AI. Having the possibility to override the decision of the AI matters for delegation.

Overall, trust in AI also varies across demographic lines, and gender has emerged as a

key moderator of algorithm acceptance (cf. Carvajal et al., 2024).

2 Experimental Design

We recruited 616 Chinese participants through Credamo.2 The experiment was pre-

registered (see Appendix H). Translated instructions are reproduced in Appendix G.

Our experimental design comprises a main study where 600 participants engaged in self-

promotion and an auxiliary employer study with 16 participants.3 The employer study

was used to incentivize the self-promotion measures in the main study and is described in

Appendix A. To be eligible for the study, participants were required to have an approval

rate of at least 80%, access the study from a Chinese IP address, and perform the study

using a computer. In our analyses, we included data for all participants who completed

the study.

2.1 Overview

Our main study comprises four parts: (1) a first test, (2) self-evaluation, (3) a second test,

and (4) a follow-up survey. The flowchart in Figure 1 shows the four parts, the associated

procedural steps, as well as the corresponding outcome measures at the bottom.

Figure 1: Flowchart of Main Study

Notes: Each dashed-line rectangle represents one of the four parts of the experiment. Each solid-line
rectangle represents a procedural step with its corresponding outcome measure shown in the solid-line
ovals at the bottom. Treatment variation occurs between Steps (i) and (ii) of Part 2, where participants in
the AI Treatment were provided a link to an AI tool and a prompt for refining their initial self-promotion
text but not participants in the control condition.

Each participant received a fixed completion fee of 9 CNY (about 1.3 USD) and a bonus

for Parts 1 to 3, where one of the three parts was randomly drawn to be payoff-relevant.

2Credamo (https://www.credamo.com/) is a widely used platform for online surveys in China, where
international platforms like Prolific or MTurk cannot be reliably accessed.

3In addition, we ran a pilot with 40 participants to create two similar math and logic tests to be used
in our main study.
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In the final part of the experiment, participants completed a follow-up survey collecting

information on participants’ AI usage and demographics. In the following subsections, we

describe the main study’s four parts in detail.

2.2 Part 1: First Test

Participants were asked to take a test consisting of 10 single-choice questions, with a time

limit of 30 seconds per question. Participants could earn 0.2 CNY per correct answer if this

part was randomly drawn as the part that counts for the bonus payment. Given the gender

gaps in self-promotion that motivated our study, we selected questions related to math

and logic, as gender gaps in such domains are often more pronounced in stereotypically

male-typed tasks, while there are little differences in actual performance (e.g., Spencer

et al., 1999; Dreber et al., 2014; Halladay and Landsman, 2022). To clearly communicate

the nature of the test, we labeled it “math and logic test”. Specifically, we used Raven-like

matrix problems from Matzen et al. (2010) and pre-tested the questions so that AI tools

available at the time of the study were not able to solve them. The measure Performance 1

refers to the number of questions a participant answered correctly out of the 10 questions

in Step (i). After taking the test, in Step (ii), participants stated the number of questions

(0-10) they believed they had answered correctly, yielding the measure Belief 1. To avoid

possible confounds, beliefs were not incentivized.4 To maintain scope for feedback from

AI to have an impact on self-evaluation and to measure confidence later, participants were

not informed about their actual performance at any stage of the study.

2.3 Part 2: Self-Evaluation

In this part of the study, participants were asked to provide different kinds of self-

evaluations regarding their future performance on an upcoming second test in Part 3,

which they knew would be similar to the first test conducted in Part 1. They were in-

formed that the textual or numerical evaluations generated in the first three steps of this

part would be made available to a potential “employer” in regard to hiring and salary

decisions. Accordingly, these ratings reflect the participants’ willingness to self-promote

themselves towards the employer.5

Initial Self-Promotion Text (Text 1). In Step (i), participants were asked to write

an open-ended self-promotion text with a minimum of 60 words: “Based on your experi-

4Evidence suggests that non-incentivized elicitation tends to perform well (Charness et al., 2021).
While incentives may reduce random noise (when more effort by the participants helps accuracy), they
potentially introduce biases due to strategic misreporting of beliefs (e.g., Blanco et al., 2010; Armantier
and Treich, 2013) or misunderstanding (Danz et al., 2022).

5Table F.7 shows that a higher self-promotion score indeed leads to a higher probability of being hired
by the employer and a higher salary.
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ence with the first test that you just took in Part 1, please describe how well you think

you will perform on the second test and why.” (Translated Chinese instructions.)

Refined Self-Promotion Text (Text 2) and Treatment Variation. In Step (ii),

participants were asked to refine their self-promotion texts and were told that the refined

version would be treated as their final version for the employer. For this purpose, par-

ticipants were provided with their initial self-promotion text and could edit it during a

5-minute period.

Participants in the Control group were simply asked to submit their final text. Partic-

ipants in the AI treatment did the revision with AI assistance using DouBao, one of the

leading LLMs in China (Zhang, 2024; Chow, 2025). Specifically, they were provided with

a link to DouBao and a suggested prompt for using the tool to refine their self-promotion

text (see Figure G.10).

Upon completion of this step, the participants indicated whether or not they had used

the suggested prompt and were asked to provide all prompts they had used while chatting

with DouBao.

We use Text 1 and Text 2 as inputs in a text analysis, used for exploratory analysis to

examine the mechanisms behind our results.

Self-Promotion Score (Self-Promotion) In Step (iii) of this part, the participants

submitted a numerical self-promotion score by rating the extent to which they agreed,

on a scale from 0 (entirely disagree) to 100 (entirely agree), with the statement “I will

perform well on the second test.” This Self-Promotion measure is our main outcome

variable.

Replicating the basic design features of Exley and Kessler (2022), participants were in-

formed that either their final verbal self-promotion text or their numerical self-promotion

score would be shared with another study participant, referred to as “employer”. Based

on this information, the employer would then make a decision on whether to hire that

participant and determine the participant’s salary if hired. That is, when making these

decisions, the employer had no information on the participant’s actual performance on

both tests.

The participants’ potential bonus for Part 2 was tied to the employer’s decisions. Specif-

ically, if Part 2 was randomly selected for payment, the bonus corresponded to the salary

chosen by the employer (between 0.6 CNY and 2 CNY) if the participant was hired and

0.6 CNY otherwise.

Prediction about Performance Score on the Second Test (Confidence) Finally,

in Step (iv) of Part 2, the participants were asked to predict the number of questions (0-

10) they will answer correctly on the second test, yielding the secondary outcome measure

Confidence. This belief was not incentivized.
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2.4 Part 3: Second Test

In Part 3 of the experiment, participants took a test similar to the one in Part 1, again

consisting of 10 further single-choice questions, with a time limit of 30 seconds per ques-

tion. The number of correct answers yields the measure Performance 2. Participants

could earn 0.2 CNY per correct answer if this part was randomly drawn as the part that

counts for the bonus payment. As before, participants were asked to provide their be-

lief about their performance (0-10) on the second test, yielding the secondary outcome

measure (Belief 2 ).

2.5 Part 4: Survey

In the final part of the study, we collected information on participants’ demographics

(including gender, education level, and age) and AI usage (e.g., asking them about their

familiarity with AI platforms like DouBao).

3 Hypotheses and Empirical Model

This section lays out our hypotheses and the empirical model used to test them. The

numerical Self-Promotion score is our primary outcome variable. The hypotheses for our

secondary outcome variables Confidence and Belief 2 are analogous. The other measures

(Belief 1, Performance 1 and Performance 2) are used for robustness and validity checks.

There is evidence that generative artificial intelligence changes sentiment when editing

texts (e.g., Mak and Walasek, 2025). One reason is that model makers want users to have

a positive experience and therefore tune the models to ensure that receivers perceive the

output as polite and respectful (Heffner et al., 2025). But these models also reflect biases

in human-generated texts that exist in the training data. Large language models can be

overconfident (Sun et al., 2025a) and they often produce outputs with a relatively positive

or affirming tone that align with user beliefs (e.g., Sharma et al., 2024). Negativity in

user prompts is met with softened or optimistic replies, while such dampening or reversal

does not usually occur for positive or neutral prompts (e.g. Bardol, 2025). In our setting,

this tendency of LLMs to respond asymmetrically to the emotional tone in user prompts,

could affect confidence and, in doing so, change self-promotion efforts. Thus, we expect

that the AI treatment tends to provide participants with positive feedback, which could

boost confidence and, in doing so, enhance self-promotion efforts.

Hypothesis 1 The self-promotion score is higher for participants in the AI treatment

than for participants in the Control treatment.

Our second hypothesis is about replicating in our sample of Chinese participants the

gender differences in self-promotion that Exley and Kessler (2022) document:
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Hypothesis 2 Among participants in the Control treatment, the self-promotion score

is higher for men than for women.

As women often react differently to feedback than men (e.g., Gill and Prowse, 2014; Berlin

and Dargnies, 2016; Kogelnik, 2022), we expect that AI assistance can have a different

impact on women than on men. This leads to our third hypothesis:

Hypothesis 3 The gender gap in self-promotion differs between participants in the Con-

trol and AI treatments.

To study the overall impact of AI assistance on the outcome variable, testing Hypothesis

1, we estimate:

Yi = α0 + α1AIi + γXi + ϵi. (1)

Yi represents participant i’s self-promotion score (Self-promotion). AIi is a binary variable

that takes the value 1 if participant i belongs to the AI treatment, and 0 otherwise. Xi

are controls for age, education, AI usage and employment.

To test Hypotheses 2 and 3, we extend the empirical model as follows:

Yi = θ0 + θ1 Femalei + θ2AIi + θ3 Femalei × AIi + γXi + ϵi. (2)

Femalei is a binary variable that takes the value 1 for female participants and 0 for men.

The interaction term Femalei × AIi captures the difference in the gender gap between

the AI and Control treatments.

As a replication of Exley and Kessler (2022), we test Hypothesis 2 with the control group

only. In Equation 2, θ1 captures the gender gap in self-promotion in the control group

(AI = 0), which allows us to test Hypothesis 2 within the control condition. The impact

of AI on the outcome variable is given by θ2 for men and θ2 + θ3 for women so that θ3

reflects the differential impact of gender, testing Hypothesis 3.

Using OLS regressions, we estimate all models with and without performance-fixed effects

and controls Xi, with robust standard errors.

4 Analysis

This section presents our quantitative analyses. We start with some descriptive statistics

in Subsection 4.1 and then turn to our pre-registered main analyses, which investigate the

effects of AI assistance on Self-Promotion, as well as on the secondary outcome variables

Confidence and Belief 2.

4.1 Descriptive Statistics

Sample We stratified our sampling to achieve gender balance in both the treatment

and control groups. Among the 600 participants, approximately 61% were aged 18 to 30
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years, and 33% were aged 31 to 40 years. Our sample is quite educated, as over 92%

of participants hold a Bachelor’s degree or higher. More than 93% of the participants

reported prior experience with AI platforms, whereby the mean AI usage was significantly

lower for females (p = .009).6 The sample is balanced on background characteristics and

the variables recorded before Part 2, Stage (ii), when the treatment variation occurs (see

Table F.1).

Performance 1, Performance 2 and Belief 1 Before turning to our main anal-

ysis, we examine whether there are gender gaps in beliefs and performance before the

treatment took place (Performance 1 and Belief 1). Specifically, pooling the data from

both treatments, we find that women answered 5.37 questions correctly on average in

the first test, while men answered 5.32 questions correctly, with the mean difference being

statistically insignificant (p=.793, two-sided t-test). Yet, men were more optimistic about

their performance than women: on average, they believed they had answered 5.89 ques-

tions correctly, whereas women believed they had answered only 5.62 questions correctly.

The mean difference is borderline statistically significant (p = .059). Finally, we observe

no statistically significant effect of AI assistance on the performance score in the second

test, Performance 2 (see Table F.3). Thus, any short-term shifts in self-promotion or

confidence are unlikely to stem from an effect of AI on performance.

4.2 Main Results

In the following, we outline our results for each hypothesis – we report them for our

main outcome variable Self-Promotion and the secondary outcome variables Confidence

and Belief 2 in Table 1. The different specifications sequentially add performance-fixed

effects and controls, with Self-Promotion as dependent variables in Panel A, Confidence

in Panel B, and Belief 2 in Panel C. Specifications 1-4 show the regression results based

on Equation (1). Specifications 5-7 show the regression results based on Equation (2).

The estimates reflect intention-to-treat effects of AI assistance, as participants in the AI

treatment could modify the prompt that we provided or create their own,7

Impact of AI on Self-Promotion (Hypothesis 1) Contrary to Hypothesis 1, the

coefficient for the AI treatment has a negative sign for Specifications 1-4 in Table 1. AI

assistance has no significant effect on Self-Promotion, but it has a statistically significant

impact on Confidence and Belief 2. Thus, overall, there is some suggestive evidence for

6The AI-usage variable is coded as 1 for “Not heard of”, 2 for “Heard of but not used”, 3 for “Used
a few times”, 4 for “Use occasionally”, and 5 for “Use regularly”. The mean usage is 4.15 for men and
3.96 for women. See Figure E.1 for the gender-specific responses. See Table F.1 for the balance table.

7A total of 69 participants (35 females, 34 males) state to modify the given prompt or use their own.
We check for the robustness of our findings by including only the participants who stuck to the prompt
provided (see Table F.2).
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Table 1: Regressions Results for the Three Hypotheses

Hypothesis 1 Hypothesis 2 and 3

(1) (2) (3) (4) (5) (6) (7)

Panel A: Self-Promotion as dependent variable

AI -2.243 -2.210 -2.209 -2.354 -4.400* -4.182* -4.336*

(1.590) (1.583) (1.582) (1.556) (2.446) (2.410) (2.370)

Female 0.109 0.717 -2.247 -1.865 -1.257

(1.581) (1.599) (2.190) (2.168) (2.172)

AI × Female 4.313 3.935 3.949

(3.180) (3.175) (3.175)

Panel B: Confidence as dependent variable

AI -0.250* -0.284** -0.286** -0.290** -0.140 -0.149 -0.145

(0.141) (0.140) (0.140) (0.139) (0.205) (0.204) (0.205)

Female -0.197 -0.148 -0.073 -0.059 -0.003

(0.139) (0.140) (0.196) (0.194) (0.192)

AI × Female -0.220 -0.274 -0.290

(0.283) (0.278) (0.276)

Panel C: Belief 2 as dependent variable

AI -0.283* -0.256** -0.255** -0.255** -0.253 -0.142 -0.136

(0.145) (0.138) (0.138) (0.137) (0.205) (0.197) (0.198)

Female -0.247* -0.225 -0.220 -0.136 -0.107

(0.139) (0.140) (0.202) (0.199) (0.200)

AI × Female -0.060 -0.224 -0.238

(0.289) (0.278) (0.277)

Controls X X

FE X X X X X

N 600 600 600 600 600 600 600

Notes: Robust standard errors are reported in parentheses. *,**,*** denote statistical significance
at the 10%, 5%, and 1% levels, respectively. Results are from OLS regressions based on Equation
1 (Specifications 1-4) and 2 (Specifications 5-7). Self-Promotion represents each participant’s agree-
ment (0-100) with the following statement “I will perform well on the second test in Part 3.” Con-
fidence represents the number of correct answers participants believe they can achieve on the second
test in Part 3. Belief 2 is the belief about the number of correct answers participants state after
having taken the second test. AI is a dummy variable for the AI treatment and Female is a gen-
der dummy. Performance-fixed effects for Panel A and B are dummies for each possible performance
(out of the 10) on the first test, while those for Panel C are based on performance on the second
test. Controls in Specifications 4 and 7 include age, AI Usage, employment, education and income.
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AI to have a negative impact on self-evaluation scores.

Gender Gap in Self-Promotion (Hypothesis 2) For neither Self-Promotion (Panel

A), Confidence (Panel B), nor Belief 2 (Panel C) do we find a coefficient on the Female

dummy that is statistically significant across Specifications 5-7 in Table 1. Yet, consistent

with Exley and Kessler (2022), the female-indicator variable has a negative coefficient in

all specifications and for all dependent variables.

Differential Impact of AI on Self-Promotion across Genders (Hypothesis 3)

We find no statistically significant coefficient for the interaction term AI×Female in Table

1. In addition, the signs of the coefficients on the interaction term are not consistent across

the dependent variables Self-Promotion (Panel A), Confidence (Panel B), and Belief 2

(Panel C).

5 Text Analysis

To better understand the results derived in the previous section, we conduct exploratory

analyses of the textual self-promotion measures Text 1 and Text 2 (for an overview of

how to conduct such text-based analyses, see, e.g., Gentzkow et al., 2019). As noted in

Section 3, research has documented a positivity bias in LLMs. In addition, some evidence

exists that LLM editing enhances multiple persuasive and rhetorical features of texts

(Shin and Kim, 2024). To test how AI alters texts and how positivity in texts relates to

our numerical self-evaluation measures, we construct three measures of text features.

5.1 Construction of the Text-Based Measures

First, we use a sentiment analysis of Text 1 and Text 2 to obtain a quantitative measure

of Positivity of the respective text for each individual. Second, using dictionary-based

methods, we count the number of Claims and Justifications contained in these texts.

Positivity. In Appendix B and C, we describe the technical preparation of the texts,

as well as the implementation of the sentiment analysis. For our main data analysis we

use the original texts written in Chinese – the results are robust to using the English

translations.

To measure changes in the emotional tone of participants’ written self-evaluations before

and after refinement, we applied an automated sentiment analysis pipeline based on pre-

trained transformer language models (cf. Wolf et al., 2020). These models, trained on

large-scale text data, assign sentiment scores (positive, neutral, and negative) to written

responses. In the following, we consider being assigned a positive sentiment score to
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capture the Positivity of self-promotion texts, where Positivity 1 (2) refers to the score

for Text 1 (2) .

Claims and Justifications. Explicit self-claims are first-person, declarative assertions

of ability or expected performance. Justificatory language consists of causal, evidential, or

experiential markers used to argue for competence. The variables Claims 1 and Claims 2

were constructed by counting for each individual the occurrences of claims dictionary items

in Text 1 and Text 2, respectively. Similarly, variables Justifications 1 and Justifications

2 were constructed by counting the occurrences of justification dictionary items. These

measures are purely linguistic and capture expressive strategies rather than underlying

beliefs or true ability. Appendix D reports the details of the implementation and the

complete dictionaries.

5.2 Analysis of Text Features

In a first step, to validate the obtained measures, we test how Positivity, Claims, and Jus-

tifications relate to the numerical self-assessment measures (Self-Promotion, Confidence,

and Belief 2 ) in the Control group. In a second step, we conduct a manipulation check

– testing whether AI indeed positively shifts Positivity, Claims, and Justifications. In the

third step, we conduct a counterfactual analysis to get at behavioral offsetting effects that

could drive the main result of the empirical analysis.

Relation between Text Features and Numerical Self-Evaluation As shown in

Table F.4, all three numerical measures (Self-Promotion, Confidence, and Belief 2) in-

crease with a more positive tone in the refined self-promotion text (Text 2 ) in the Con-

trol treatment. While the number of claims and the number of justifications contained in

the text each have a positive coefficient, only the coefficient for claims with the dependent

variable Confidence is significant.

Effects of AI Assistance on Changes in Text Features Our hypotheses were

based on the premise that AI assistance tends to increase the overall positivity of revised

self-descriptions. In a similar vein, we would expect that AI increases claims and justifica-

tions. As Figure E.2 illustrates, positivity, claims and justifications almost do not change

when participants in the Control treatment revise their self-promotion text. However,

AI tends to boost both the positivity of the text as well as the number of claims and

justifications. Thus, AI-generated revisions alter textual characteristics in the expected

direction.

Counterfactuals for Numerical Self-Evaluation Scores The results that AI assis-

tance boosts textual features and that self-evaluation scores tend to increase with textual
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features in Control could, in principle, imply that AI assistance boosts numerical self-

evaluation scores – in contrast to our finding reported in Table 1. To understand why it

does not, we conduct a counterfactual analysis. In this analysis, we predict Self-Promotion

by multiplying Positivity 2, Claims 2, and Justifications 2 with the respective coefficients

from the baseline regression above (see Specification 4 in Table F.4). Similarly, we create

counterfactuals for Confidence, and Belief 2. Table F.5 shows that Self-Promotion, Confi-

dence, and Belief 2 measures for the participants who had AI assistance fall significantly

below the corresponding counterfactual predictions. This suggests that participants ad-

just their numerical self-evaluations downward relative to what textual features alone

would predict, indicating a behavioral offsetting effect in the presence of AI.

Thus, summarizing, countervailing forces are at play: on the one hand, as expected,

AI indeed increases positivity of texts; and positivity of texts does relate to higher self-

evaluation scores in the control group. But, on the other hand, participants react nega-

tively when positivity is generated by AI – offering a possible explanation for our main

results presented in Table 1. We discuss possible explanations for this observation in the

next section.

6 Discussion

Results There are several potential channels through which temporary AI assistance in

writing self-promotion texts may undermine participants’ confidence in subsequent (and

past) performance.

First, confidence may be reduced when participants are confronted with external, AI-

generated, refined texts. In fact, a large body of psychological research argues that (even

favorable) external evaluations can undermine confidence by shifting the locus of self-

assessment outward and increasing reliance on external validation rather than internal

self-evaluation (Ryan, 1982; Mueller and Dweck, 1998; Kluger and DeNisi, 1996; Hender-

long and Lepper, 2002). This argument aligns with the observation of a higher number of

claims and justifications in participants’ refined self-evaluations in the treatment condi-

tion. Participants may get suspicious about these AI-generated additions regarding their

performance and become less confident accordingly.

Second, the temporary availability of AI assistance may trigger feelings of reliance on ex-

ternal or technological assistance. In this regard, psychological and behavioral-economics

research shows that reliance on external aids or advice can undermine confidence when

such support is unavailable, not because of skill loss but because success is attributed

externally, reducing self-efficacy and confidence in one’s own judgment and capabilities

(Bandura, 1997).
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Limitations When interpreting the results of the study it is important to be aware of

its limitations. First, as the test consists of only 10 questions, participants have relatively

limited scope to meaningfully reflect on and describe their (future) performance. With

such a short test, participants may have struggled to generate detailed or confident self-

assessments, reducing the variability and richness of the descriptive data. As a result,

the interpretation of self-evaluation scores may be constrained by the narrow scope of the

task. Future research could employ longer or more complex tasks to enable participants

to generate richer, more confident self-assessments.

Second, we cannot prevent the usage of AI in the control condition 8. Thus, comparing the

treatment and control groups corresponds to an intention-to-treat effect, but potentially

not to the true treatment effect. Our study was powered to detect a 8.7pp difference in

numerical self-promotion scores (α = 0.05, β = 0.8), which might be too low when the

treatment only captures the intention-to-treat effect.

Third, cultural factors specific to China may limit generalizability, as gender norms, ac-

ceptance of AI, and perceptions of self-promotion vary significantly across cultural con-

texts. That we cannot replicate the findings of Exley and Kessler (2022) in this cultural

context however is interesting. Thus, expanding this study across diverse cultural and

organizational contexts could help determine the cross-cultural robustness and boundary

conditions of the findings.

7 Conclusion

This study investigates how gender and AI assistance influence self-promotion and confi-

dence in both written self-descriptions and numerical responses, using data from an online

experiment conducted in China. We find little support for self-promotion and confidence

scores to differ between gender; there is some suggestive evidence for them to be affected

by AI, but the effect of AI does not differ by gender. To examine possible mechanisms

behind the latter result, we conduct a text analysis on the self-promotion texts. We ob-

serve that AI increases the positivity, the number of explicit claims, and to a lesser extent

also the number of justifications of the revised self-promotion text. While these features

are positively related to numerical self-evaluations without AI, they appear to undermine

these evaluations when “imposed” by the AI because they may no longer reflect partic-

ipants’ own self-assessment or preferred self-presentation strategy – creating uncertainty

and in doing so undermining confidence.

8We tracked tab-switching behavior at each step of the experiment. In the control group, 243 partici-
pants did not switch tabs during Step (ii) (Refined Self-Promotion), while 33 participants switched tabs
once (out of 300 participants in total).
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Appendix

A Employer Experiment

In addition to the main study, we subsequently conducted an auxiliary experiment to

incentivize decisions in the main experiment. Each participant acted as an “employer”

and was required to make hiring and salary decisions for 20 different self-promotion scores

(SP, 0-100), as submitted in Part 2(iii) of the main study. In particular, for each given

score, the employer needed to decide whether to hire the respective “employee” and, if

hired, decide on his or her salary.9

The data collected from this experiment were used to calculate the bonus payments for

those participants for whom Part 2 was randomly selected as their bonus-determining

part. In particular, if the employer chose not to hire the employee for some given Self-

Promotion score, the employer received 2 CNY and the employee earned a basic bonus of

0.6 CNY. In case of hiring, the employer chose a salary for that employee ranging from

0.6 CNY to 2 CNY, in increments of 0.2 CNY. In that case, the employer obtained a

payment, depending on both the employee’s salary and actual performance on the second

test; (2− salary+ 0.2× Performance 2) CNY.

B Data Pre-processing for the Text Analysis

To prepare text data for subsequent analysis, we implement different preprocessing pipelines

for the original Chinese texts and their translated English versions, considering the lin-

guistic characteristics and structural differences between the two languages.10

Regarding the Chinese texts, we implement a multi-step preprocessing pipeline focused on

stopword removal and tokenization using jieba, a standard Chinese word-segmentation

toolkit. First, we compile a comprehensive stopword list by merging three widely used

Chinese stopword dictionaries, Baidu, Harbin Institute of Technology (HIT), and Sichuan

University (SCU),11 ensuring all entries are unique. This step filters out function words

and other semantically uninformative tokens, improving the effectiveness of subsequent

vectorization (e.g., TF-IDF). Next, we define a custom tokenizer function using jieba.lcut,

a widely used library for Chinese word segmentation. The tokenizer removes any tokens

that appear in the combined stopword set and filters out blank or trivial strings. This

preprocessing routine ensures that only informative content words are retained for further

9This experiment is run to provide participants in Part 2 with exogenous incentives for self-promotion.
In fact, Table F.7 in Appendix F verifies that higher self-promotion scores are significantly positively
related to hiring probabilities and salary levels (p < .01).

10Prior to preprocessing, 12 observations were manually excluded because their refined descriptions
are invalid, for example, they repeat the provided prompt, are entirely irrelevant to the task, or are left
blank.

11https://github.com/xiyusullos/chinese_stopwords
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feature extraction, thus enhancing the semantic relevance of the resulting token set.

Regarding the translated English texts, we use a pipeline that includes stopword removal,

part-of-speech (POS) tagging, and lemmatization. In addition to the standard Natu-

ral Language Toolkit (NLTK) stopword set, we incorporate a set of common function

words frequently omitted in social science applications (e.g., “just,” “also,” “very”). This

augmented stopword list aims to eliminate uninformative tokens that do not contribute

meaningfully to the content of the text. Next, we lowercase all text and remove punctua-

tion using regular expressions. The cleaned text is then tokenized and POS-tagged using

NLTK’s ‘pos tag’ function. To retain semantically meaningful forms of each token, we

apply lemmatization using WordNet, mapping each word to its base form based on its

POS category (e.g., verbs, nouns, adjectives). This step helps unify inflectional variants

(e.g., “running” → “run”, “better” → “good”), improving feature consistency. The final

output of this function is a space-separated string of lemmatized, content-rich tokens,

which can be used in downstream text analysis.

C Implementation of Sentiment Analysis

We implemented the pipeline in Python, using the HuggingFace Transformers library

(Wolf et al., 2020), along with pandas for data handling and tqdm for progress tracking.

For the sentiment analysis of the Chinese texts, we use the lxyuan/distilbert-base-multilingual-

cased-sentiments-student model developed by Yuan (2021). This multilingual transformer

is fine-tuned for three-class sentiment classification: positive, neutral, and negative. We

apply the model using the TextClassificationPipeline from HuggingFace, which returns

probability scores for each sentiment category. We extract and store the sentiment scores

for each description. This analysis covers both the initial and refined versions of the

participant descriptions.

For the English-translated texts, we apply a zero-shot classification approach using the

facebook/bart-large-mnli model, developed by Facebook AI (Lewis et al., 2019). This

model classifies text based on how closely it matches candidate sentiment labels, “posi-

tive,” “neutral,” and “negative”, using natural language inference. We extract and store

these sentiment scores in the same format as the Chinese analysis. We choose this model

for its strong performance on general language tasks and its ability to handle nuanced

emotional tone without task-specific fine-tuning.

D Construction and Implementation of Claims and

Justifications

We construct dictionaries that consist of fixed lists of Chinese words and short token

sequences associated with (i) explicit self-claims or (ii) justificatory framing. These dic-

22



tionaries were constructed in two steps. First, we used an LLM (ChatGPT 5.2) to develop

an initial set of claim-related and justification-related terms based on a random sample of

100 original Chinese self-promotion texts (50 initial texts and 50 revised texts). Second,

we used an LLM with an independent prompt and a separate user account to generate

additional candidate words and token sequences associated with explicit self-claims and

justificatory language in the context of self-promotion. These candidates were reviewed

for conceptual consistency and merged with the lists constructed in the first step to obtain

the final dictionaries.

Following dictionary construction, all texts were processed using a rule-based pipeline im-

plemented in Python. Because participants frequently relied on comma-separated struc-

tures rather than sentence-final punctuation, we segmented texts into clause-like units

based on Chinese punctuation and selected discourse markers. We then applied deter-

ministic string-matching rules to identify occurrences of dictionary items within each

clause. For each text, we counted the frequency of claim-related and justification-related

markers. We computed within-participant changes in claim and justificatory language as

the difference between the revised and initial texts (i.e., Text 1 and Text 2 ), which serves

as the key explanatory variable in subsequent analyses of Self-Promotion, Confidence, and

Belief 2.
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E Additional Figures

Figure E.1: AI Usage Among Females and Males

Notes: The figure shows the percentage of females and males choosing each answer option to the question
“How familiar are you with ChatGPT, DouBao or other similar AI platforms?” Within gender the
percentages across categories add up to 100%. Data are from both treatment and control groups.
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Figure E.2: Changes in Text Characteristics by Treatment Group

Notes: The figure shows the changes in text characteristics from Text 1 to Text 2 by treatment groups.
Positivity represents the positive sentiment expressed in the self-promotion texts; Claims measures the
number of Claims in the self-promotion texts; and Justifications represents the number of Justifications
in the self-promotion texts. Data are from both treatment and control groups, excluding 12 participants
whose Text 2 are either empty or nonsense.
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F Additional Tables

Table F.1: Balance Table

AI treatment Control treatment Difference p-value

Panel A: Background characteristics

AI Usage 4.11 4.00 0.120 0.143
Age category 2.38 2.45 0.097 0.235
Female 0.50 0.50 <0.001 1.000
Edu 5.19 5.18 0.005 0.951
Employed 0.78 0.81 0.066 0.421
Income 2.31 2.32 0.008 0.920

Panel B: Outcomes before treatment variation

Performance 1 5.43 5.26 0.084 0.302
Belief 1 5.74 5.77 0.017 0.838

Panel C: Outcomes after treatment variation

Performance 2 5.59 5.70 0.056 0.490
Self-Promotion 80.17 82.42 0.115 0.159
Confidence 6.94 7.19 0.144 0.078
Belief 2 6.31 6.59 0.160 0.051
Text 1 Positivity 0.62 0.64 0.041 0.616
Text 1 Clauses 2.49 2.49 <0.001 0.998
Text 1 Claims 1.49 1.40 0.101 0.222
Text 1 Justifications 1.75 1.68 0.074 0.371

Notes: Treatment variation occurs in Part 2, Stage (ii) of the main study (see Figure 1). AI Us-
age categories: (1) “Not heard of”, (2) “Heard of but not used”, (3) “Used a few times”, (4) “Use
occasionally”, (5) “Use regularly”. Age range categories: (1) 18 – 20, (2) 21 – 30, (3) 31 – 40, (4)
41 – 50, (5) 51 – 60, (6) Above 60. Education categories: (1) ”Primary school and below”, (2)
”Junior middle school”, (3) ”General high school / technical secondary school / technical school /
vocational school”, (4) ”Training school”, (5) ”Bachelor degree”, (6) ”Master degree”, (7) ”Doctor
degree”. Employed categories: (1) ”Have full-time or part-time job”, (0) otherwise. Income cat-
egories (CNY): (1) < 60k, (2) 60k – 120k(exl.), (3) 120k – 180k(exl.), (4) 180k – 240k(exl.), (5)
240k – 300k(exl.), (6) ≥ 300k.
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Table F.2: Regression Results for the Hypotheses (Restricted Sample)

Hypothesis 1 Hypothesis 2 and 3

(1) (2) (3) (4) (5) (6) (7)

Panel A: Self-Promotion as dependent variable

AI -1.066 -1.054 -1.056 -1.005 -3.057 -2.849 -2.680

(1.679) (1.674) (1.674) (1.643) (2.587) (2.557) (2.515)

Female -0.216 0.062 -2.247 -1.777 -1.387

(1.663) (1.672) (2.191) (2.164) (2.179)

AI × Female 3.990 3.578 3.339

(3.357) (3.349) (3.375)

Panel B: Confidence as dependent variable

AI -0.181 -0.217 -0.220 -0.209 0.041 0.048 0.078

(0.150) (0.147) (0.146) (0.146) (0.215) (0.214) (0.215)

Female -0.294** -0.263* -0.073 -0.061 -0.015

(0.146) (0.146) (0.196) (0.194) (0.192)

AI × Female -0.446 -0.534* -0.573**

(0.298) (0.292) (0.290)

Panel C: Belief 2 as dependent variable

AI -0.261* -0.237* -0.237* -0.228 -0.157 -0.058 -0.021

(0.154) (0.148) (0.147) (0.146) (0.218) (0.211) (0.210)

Female -0.305** -0.304** -0.220 -0.151 -0.126

(0.148) (0.148) (0.202) (0.200) (0.201)

AI × Female -0.210 -0.356 -0.412

(0.307) (0.296) (0.293)

Controls X X

FE X X X X X

N 531 531 531 531 531 531 531

Notes: The restricted sample drops 69 participants from the AI treatment who did not use the
provided prompt for revising the self-promotion text. Robust standard errors are reported in paren-
theses. *,**,*** denote statistical significance at the 10%, 5%, and 1% levels, respectively. Results
are from OLS regressions based on Equation 1 (Specifications 1-4) and 2 (Specifications 5-7). Self-
Promotion represents each participant’s agreement (0-100) with the following statement “I will
perform well on the second test in Part 3.” Confidence represents the number of correct answers
participants believe they can achieve on the second test in Part 3. Belief 2 is the belief about the
number of correct answers participants state after having taken the second test. AI is a dummy
variable for the AI treatment and Female is a gender dummy. Performance-fixed effects for Panel
A and B are dummies for each possible performance (out of the 10) on the first test, while those for
Panel C are based on performance on the second test. Controls in Specifications 4 and 7 include
age, AI Usage, employment, education and income.
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Table F.3: Regressions Performance 2 as Dependent Variable

(1) (2) (3) (4) (5) (6) (7)

AI -0.11 -0.183 -0.184 -0.179 -0.267 -0.267 -0.233

(0.159) (0.142) (0.142) (0.142) (0.223) (0.192) (0.193)

Female -0.133 -0.163 -0.253 -0.215 -0.216

(0.140) (0.141) (0.218) (0.188) (0.189)

AI*Female 0.313 0.165 0.106

(0.319) (0.279) (0.282)

Controls X X

FE X X X X X

N 600 600 600 600 600 600 600

Notes: Robust standard errors are reported in parentheses. *,**,*** denote statistical significance
at the 10%, 5%, and 1% levels, respectively. Performance 2 is the performance score 1 – 10 on
the second test. AI is a dummy variable for the AI treatment and Female is a gender dummy.
Performance-fixed effects are dummies for each performance score 1 – 10 on the first test (with 0
as the reference group). Controls in Specifications 4 and 7 include age, AI Usage, employment, ed-
ucation and income.
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Table F.4: Relation Between Text Features and Self-Promotion, Confidence, and Belief
2 in Control

Self-Promotion Confidence Belief 2

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

Text 2 Positivity 18.191*** 18.852*** 1.691*** 1.688*** 1.641*** 1.597***

(4.447) (4.641) (0.359) (0.387) (0.376) (0.423)

Text 2 Num Claims 1.096 -0.948 0.141* -0.013 0.106 0.050

(0.833) (1.055) (0.083) (0.100) (0.084) (0.102)

Text 2 Num Justifications 1.108 1.414 0.092 0.080 -0.003 -0.044

(0.825) (1.007) (0.085) (0.097) (0.085) (0.096)

Female -1.846 -1.211 -1.253 -1.858 0.009 0.074 0.063 0.015 -0.068 0.003 -0.014 -0.176

(2.043) (2.083) (2.086) (2.048) (0.185) (0.191) (0.191) (0.185) (0.195) (0.202) (0.204) (0.188)

Controls X X X X X X X X X X X X

FE X X X X X X X X X X X X

N 298 298 298 298 298 298 298 298 298 298 298 298

Notes: Robust standard errors are reported in parentheses. *,**,*** denote statistical significance
at the 10%, 5%, and 1% levels, respectively. Results are from OLS regressions of the respective de-
pendent variable (Self-promotion, Confidence or Beliefs 2) on the independent variable Positivity,
Claims or Justifications as well as dummy for Female. Self-Promotion represents each participant’s
agreement (0-100) with the following statement “I will perform well on the second test in Part 3.”
Confidence represents the number of correct answers participants believe they can achieve on the
second test in Part 3. Belief 2 is the number of questions a participant believes he or she answered
correctly in the second test. Femalei is the binary gender indicator. Performance-fixed effects for
Self-Promotion and Confidence columns are dummies for each possible performance (out of the 10)
on the first test, while those for the Belief 2 columns are based on performance on the second test.
Data are from control groups, excluding 2 participants whose Text 2 are either empty or nonsense.
Controls include Age, AI Usage, Employment, Education and Income.
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Table F.5: Observed vs Counterfactual Outcomes in the AI treatment

Outcome Observed Predicted Difference p value N

Self-Promotion 80.424 85.896 -5.472 0.000*** 290
Confidence 6.959 7.488 -0.529 0.000*** 290
Belief 2 6.324 6.839 -0.515 0.000*** 290

Notes: *,**,*** denote statistical significance at the 10%, 5%, and 1% levels, respectively. Self-
Promotion represents each participant’s agreement (0100) with the following statement “I will per-
form well on the second test in Part 3.” Confidence represents the number of correct answers par-
ticipants believe they can achieve on the second test in Part 3. Belief 2 is the number of questions a
participant believes he or she answer correctly in the second test. The ”Observed” column reports
outcome variables from the experimental data. The ”Predicted” column reports outcome variables
predicted using a model estimated from the control group. Data are from treatment group only,
excluding 10 participants whose Text 2 are either empty or nonsense.
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Table F.6: Effects of AI on Changes in Text Features

Delta Positivity Delta Claims Delta Justifications

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

AI 0.136*** 0.136*** 0.138*** 1.213*** 1.215*** 1.218*** 1.101*** 1.101*** 1.090***

(0.023) (0.023) (0.023) (0.112) (0.112) (0.112) (0.128) (0.128) (0.127)

Female 0.033 0.031 0.129 0.104 0.022 0.007

(0.022) (0.023) (0.111) (0.112) (0.127) (0.127)

Controls X X X

FE X X X X X X X X X

N 588 588 588 588 588 588 588 588 588

Notes: Robust standard errors are reported in parentheses. *,**,*** denote statistical significance
at the 10%, 5%, and 1% levels, respectively. Results are from OLS regressions based on Equa-
tion 1 with Delta Positivity, Delta Claims, and Delta Justifications as dependent variable, respec-
tively. Delta Positivity represents the difference of positive sentiment between Text 1 and Text
2. Delta Claims represents the difference of the number of Claims between Text 1 and Text 2.
Delta Justifications represents the difference of the number of Justifications between Text 1 and
Text 2. Femalei is the binary gender indicator, and AIi is the binary AI treatment indicator.
Performance-fixed effects are dummies for each possible performance (out of the 10) on the first
test. Data are from both treatment and control groups, excluding 12 participants whose Text 2
are either empty or nonsense. Controls in (3) include Age, AI Usage, Employment, Education and
Income.
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Table F.7: Probability of Being Hired and Salary

Prob. of being hired Salary
Self-promotion 0.009*** 0.006***

(0.001) (0.001)
N 320 320

Notes: Robust standard errors are reported in parentheses.
*,**,*** denote statistical significance at the 10%, 5%, and
1% levels, respectively. Self-Promotion represents each par-
ticipant’s agreement (0-100) with the following statement
“I will perform well on the second test in Part 3.” “Prob.
of being hired” is a binary variable that takes the value 1
if the employer chose to hire a candidate with the specific
Self-Promotion score, and 0 otherwise. “Salary” represents
the payment determined by the employer in case of hiring.
The results are from OLS regressions of the “Prob. of being
hired” or the “Salary.” Data are from the employer study.
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G Experimental Instructions

We reproduce the instructions from the main study in Appendix G.1 and the employer

study in Appendix G.2. Both are translated from the Chinese original instructions.

G.1 Main study

The main study consists of four parts: first test, self-evaluation, second test and a brief

follow-up survey.

The experiment begins with a consent form providing an overview of the experiment, as

shown in Figure G.3.

Figure G.3: Consent Form

33



After providing their consent to participate in the experiment, participants are shown

the instructions for part 1. They are informed that one of the first three parts (i.e., first

test, self-evaluation, and second test) will be randomly selected to determine their bonus,

emphasizing the need to pay equal attention to these parts. The instructions for part

1 are presented in Figure G.4, and an example question from the first test is shown in

Figure G.5.

Figure G.4: Instruction for Part 1
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Figure G.5: Example Question of First Test

After completing the first test in part 1, but before proceeding to part 2, participants are

asked to report their belief about their performance on the first test, as shown in Figure

G.6.

Figure G.6: Belief Performance on First Test (Belief 1 )
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Next, participants are presented with the instructions for part 2, as shown in Figure

G.7. To proceed, they must correctly answer the understanding question to ensure they

understand the instructions.

Figure G.7: Instruction for Part 2

Step 1: Write an initial self-promotion text. The question is displayed in Figure G.8.

Figure G.8: Initial Self-promotion Text
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Step 2: Refine the text. Participants are provided with the initial self-promotion texts

they wrote in the previous step. Instructions for treatment group are displayed in Figure

G.9 and Figure G.10. Instruction for control group is displayed in Figure G.11.

Figure G.9: Instruction for Refining Text with AI

Figure G.10: Refining Text with AI
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Figure G.11: Refining Text without AI

Step 3&4: Provide the self-promotion score and prediction about performance score on

second Test, as shown in Figure G.12

Figure G.12: Self-Promotion and Confidence
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Next, participants are provided with the instructions for part 3, which involves a test

similar to the one in part 1. The instructions are shown in Figure G.13, and an example

question from the second test is displayed in Figure G.14.

Figure G.13: Instruction for Part 3

Figure G.14: Example Question for Test 2
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After completing the second test, but before moving on to the final survey, participants

are asked to report their belief about their performance on the second test, as shown in

Figure G.15.

Figure G.15: Belief Performance on Second Test (Belief 2 )

Finally, participants are asked to answer demographic questions and AI usage (shown in

Figures G.16 - G.18) .

Figure G.16: AI Usage

Figure G.17: Age, Gender, and Education
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Figure G.18: Employment and Income

G.2 Employer Study

The employer experiment begins by a consent form, as shown in Figure G.19.

Figure G.19: Consent Form
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After providing informed consent, participants are presented with the study instructions

(see Figure G.20). They are informed that they will make 20 hiring decisions based on

results from another study (i.e., the main study). Participants receive a fixed payment of

1 CNY, plus an additional performance-dependent bonus.

Figure G.20: Instruction 1

42



Participants are then introduced to another study, including descriptions of the two tests,

two example questions (see Figure G.21), and the self-promotion scores. They are sub-

sequently informed about how their extra bonus is determined based on their decisions,

followed by two comprehension questions (see Figure G.22). Participants can proceed to

the next page only after correctly answering both comprehension questions.

Figure G.21: Introduction about the Main Study I
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Figure G.22: Introduction about the Main Study II
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Then, participants enter the decision stage. They are first shown an overview of the 20

self-promotion scores, followed by 20 individual decision pages, with one hiring decision

presented per page (see Figure G.23).

Figure G.23: Decision Page

Finally, participants are asked to provide consent to receive a follow-up survey in order

to receive the extra bonus (see Figure G.24).

Figure G.24: Consent Form for Bonus
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H Pre-Analysis Plan and Ethics

46



AI assistance and self-promotion (#202715)

Pre-registered on: 12/04/2024 12:58 AM (PT)Author(s)
This pre-registration is currently anonymous to enable blind peer-review.

It has 4 authors.

1) Have any data been collected for this study already?

No, no data have been collected for this study yet.

2) What's the main question being asked or hypothesis being tested in this study?

This experiment investigates the impact that artificial intelligence (AI) has on job applications by studying two questions. First, whether AI assistance boosts

self-promotion by providing positive feedback and inspiration for how to write a successful job application. Second, whether AI affects the gender gap in

self-promotion.

H1: The self-promotion score is higher for participants in the AI treatment than for participants in the NoAI treatment.

H2: Among participants in the NoAI treatment, the self-promotion score is higher for men than for women. (Replication of the gender gap in self-promotion

in Exley & Kessler, 2022, QJE.)

H3: The gender gap in self-promotion is different in the AI treatment than in the NoAI treatment.

3) Describe the key dependent variable(s) specifying how they will be measured.

Self-promotion score (SP): Measured by the response to the statement, "I will perform well on the second test," rated on a scale from 0 (entirely disagree)

to 100 (entirely agree).

Other outcome variables:

1) Actual performance 1 and 2 (AP1 and AP2): Measured by the number of correct answers that participants achieve on test 1 and 2, respectively.

2) Belief about test performance 1 and 2 (BP1 and BP2): Measured by the response to the question "Out of the 10 questions on the test you took, how

many questions do you think you answered correctly? " For test 1 and 2, respectively.

3) Predicted test performance (PP2): Measured by the response to the question "Based on your experience on the first test you just took in part 1, how

many questions do you think you will answer correctly in the upcoming second test in part 3 (out of 10)?"

4) How many and which conditions will participants be assigned to?

Two treatments: Treatment AI: participants refine their written self-promotion statement by chatting with AI (using a provided prompt). Treatment NoAI:

participants refine their written self-promotion statement by themselves.

5) Specify exactly which analyses you will conduct to examine the main question/hypothesis.

We estimate OLS regression models with SP as the dependent variable and robust standard errors. Our main specifications include performance fixed

effects (indicator variables for each possible performance on test 1). Additionally, we will report specifications that add the following control variables:

dummies for age range, education level, and usage of AI.

To test H1, we regress SP on a treatment indicator variable AI (that is equal to 1 for the AI treatment and 0 otherwise), using the data from both

treatments.

To test H2, we regress SP on a gender indicator variable FEMALE (that is equal to 1 for female participants and 0 otherwise), using the data from the NoAI

treatment only.

To test H3, we regress SP on AI, FEMALE, and the interaction AI x FEMALE, using the data from both treatments.

6) Describe exactly how outliers will be defined and handled, and your precise rule(s) for excluding observations.

We will include data for all participants who complete the study.

7) How many observations will be collected or what will determine sample size? No need to justify decision, but be precise about exactly how the

number will be determined.

Target sample size: 600 (300 men and 300 women).  Estimated minimal detectable difference in SP: 8.7 (power 0.08, alpha 0.05).

8) Anything else you would like to pre-register? (e.g., secondary analyses, variables collected for exploratory purposes, unusual analyses planned?)

In further analysis, we will investigate potential mechanisms. First, we will consider whether confidence (measured by PP2) is affected by the AI treatment.

Second, we will consider whether performance on the second test is affected by the AI treatment. Depending on the results, we will do further exploratory

analyses. For example, investigating whether women are as likely as men to incorporate feedback from AI in their final self-promotion statement.

Auxiliary study: We conduct a separate study with 16 participants who act as employers. The data will not be used for the main analysis.

Available at https://aspredicted.org/gt5b-8zsk.pdf
Version of AsPredicted Questions: 2.00
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This experiment investigates the impact that artificial intelligence (AI) has on job applications by
studying two questions. First, whether AI assistance boosts self-promotion by providing positive
feedback and inspiration for how to write a successful job application. Second, whether AI affects the
gender gap in self-promotion.
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of a main study and an auxiliary study. 
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second test" on a scale from 0 (entirely disagree) to 100 (entirely agree).
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their written self-promotion statement by themselves. After the revision stage, participants answer the
second question that provides a numerical self-promotion score. This score is the main outcome
variable in this study.
In the final stage of the experiment, participants complete the second math and logic test.
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study affects an employer’s pay. Thereafter, employers are presented with several possible
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