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Abstract

This paper investigates the causal impact of negatively and positively toned Chat-

GPT Artificial Intelligence (AI) discussions on US students’ anticipated labor market

outcomes. Our findings reveal students reduce their confidence regarding their future

earnings prospects after exposure to AI debates, and this effect is more pronounced

after reading discussion excerpts with a negative tone. Unlike STEM majors, stu-

dents in Non-STEM fields show asymmetric and pessimistic belief changes, suggesting

that they might feel more vulnerable to emerging AI technologies. Pessimistic be-

lief updates regarding future earnings are also prevalent among non-male students,

indicating widespread AI concerns among vulnerable student subgroups. Educators,

administrators, and policymakers may regularly engage with students to address their

concerns and enhance educational curricula to better prepare them for a future that

AI will inevitably shape.
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1 Introduction

Since its inception on November 30th, 2022, ChatGPT has rapidly attracted over 100 million

users, sparking academic and public debates about how Artificial Intelligence (AI) may shape

the future of our species (Zarifhonarvar, 2023). Many tech companies have joined the race

to introduce AI technologies (e.g., Microsoft Bing AI, Google Bard, Amazon Codewhisperer,

etc.) and built-in products that can profoundly transform the way people live, learn, spend

their leisure time, and work.

Research shows that most firms have adopted at least one AI solution, with those incor-

porating ChatGPT in daily operations witnessing improved valuations (Eisfeldt et al., 2023).

These technologies are projected to add approximately 13 trillion USD to the global econ-

omy by 2030 (Zarifhonarvar, 2023). Additionally, AI is likely to reshape the labor market

by automating cognitively demanding tasks (Stephany, 2021). Even in its very preliminary

stage of development, Large Language Models (LLM) have already affected 19% of jobs,

with at least 50% of their tasks being exposed to automation (Eloundou et al., 2023).

Historically, technology-induced unemployment and wage disparities have disrupted low

and medium-skilled jobs (Acemoglu and Restrepo, 2020; Brynjolfsson et al., 2018). How-

ever, technologies like ChatGPT are predicted to impact high-skilled professions, potentially

leading to unstable labor market outcomes (Eloundou et al., 2023; Chen et al., 2023; Lou

et al., 2023). Signs of this shift have emerged as leading tech firms increasingly adopt AI

solutions, with reports of hiring freezes and potential layoffs (Insider, 2023).

Natural language AI models, particularly ChatGPT, pose significant challenges for stu-

dents’ career prospects. ChatGPT has demonstrated superior performance compared to an

average student in MBA courses, Bar exams, medical licensing tests, and other cognitively

demanding tasks (Campello de Souza et al., 2023; Katz et al., 2023; Mail, 2023). Today’s

students face the possibility that AI may partially or entirely overtake their anticipated jobs

upon graduation. This challenging scenario could affect projected salaries, pushing students

to drop out or switch to “safer” majors to secure future earnings (Wiswall and Zafar, 2015).

However, it is also possible that AI technologies could potentially enhance future workers’

productivity and earning potential (Acemoglu and Restrepo, 2020). They can upskill the
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workforce, expanding expertise and revitalizing white-collar labor (Acemoglu and Restrepo,

2018; Review, 2023). The discourse on AI, both optimistic and pessimistic, could shape stu-

dents’ educational choices, leading to career-defining decisions. Understanding how public

conversations around emerging technologies affect students’ outlooks and anticipated earn-

ings is both academically and policy-wise significant.1 This paper investigates the impact of

the ongoing debate about ChatGPT and other natural language AI models on the expected

labor market outcomes of university students in the United States. Past research indicates

that news media can substantially influence individual expectations, triggering aggregate

behavioral and macroeconomic changes (DeBacker and Routon, 2017; Van Raaij, 1989). A

detailed exploration of this issue will shed light on how AI discussions in media can shape

individual outlooks.

This study used an online experiment with US students to assess how positive and neg-

ative public debates about AI affect their anticipated labor market earnings. Using a recent

MIT Technology Review article discussing the potential impacts of ChatGPT and related AI

tools on the labor force (Review, 2023), we developed optimistic (GoodNews) and pessimistic

(BadNews) information-nudge scenarios.

Initially, we elicited students’ existing beliefs about their chances of ranking in the top-

50% percentile for post-graduation earnings. Students were then randomly assigned to either

the GoodNews or BadNews conditions and presented with corresponding excerpts from the

article. Afterward, we collected their revised beliefs, revealing shifts in their views on their

chances of ranking in the top-50% percentile post-graduation. They also expressed their

prior and posterior beliefs about a median student with the same major’s chances of being

in the top-50% percentile post-graduation. Lastly, students reported their expected annual

earnings before and after exposure to the information nudge.

MIT Technology Review holds a 76% Factual Grade according to a fact-checking outlet,

reflecting the magazine’s accuracy and credibility (Review, 2023). Students were provided

with this Factual Grade along with the information nudge pieces. This design aspect allowed
1The inspiration for this article came from the author’s several conversations with his undergraduate

students during the Spring 2023 semester. The students’ concerns about future job opportunities were
recurring in those discussions.
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us to integrate a signal-to-noise ratio into our analyses and formulate theoretical Bayesian

posteriors for comparison with students’ actual posterior beliefs.

Our findings reveal that exposure to both positive and negative AI ChatGPT discussions

leads students to revise down their beliefs about ranking in the top-50% percentile of post-

graduation earnings. The BadNews treatment, however, induces a more significant revision

than the GoodNews condition. Interestingly, neither condition influences students’ reported

expected earnings. This could be due to students’ uncertainty about translating current

AI developments into potential labor market compensation changes. Furthermore, only

the BadNews condition led students to decrease their assessed probability that a median

student with the same major will rank in the top-50% percentile post-graduation; this was

not observed in the GoodNews treatment.

Our Bayesian belief updating analysis reveals that students revise their beliefs conserva-

tively after receiving information nudges, deviating from Bayesian benchmarks. Non-STEM

majors show asymmetrical and pessimistic belief updating compared to STEM majors, re-

acting more strongly to negatively framed AI ChatGPT discussions. This suggests that

Non-STEM students might feel more threatened by AI advancements. Notably, we observed

gender differences in belief updating: non-male students respond more to negative news

nudges, aligning with prior research on gender differences in optimism (Ayala and Manzano,

2014). Our findings also suggest that students, irrespective of high or low GPA, tend to be

more pessimistic about their future earnings potential amid AI-driven labor market shifts.

This research provides initial insights into how recent AI technologies and the ensuing

public debate on potential labor market transformations may affect student expectations.

Regular engagement with students by educators and policymakers could address their con-

cerns and better assess the potential ramifications of AI technologies on the labor market.

Some countries have established regulatory institutions to effectively manage AI-related is-

sues and leverage arising opportunities (Halaweh, 2018). Society might benefit from extensive

research identifying the majors most susceptible to these technological advancements. Higher

education institutions could also proactively enrich their core curricula with new skills and

knowledge, preparing students for an AI-influenced future.
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2 Study Procedures and Sample Features

We conducted our online experiment with students using the Prolific.co crowd-sourcing plat-

form. Dong et al. (2023) show that field studies using crowd-sourcing platforms are better

positioned to reliably represent population-level attitudes towards AI. We restricted our tar-

get sample to current students living in the United States and aged 18 or older. We compiled

our survey in Qualtrics, and student subjects were compensated with $2.00 for their par-

ticipation, corresponding to an hourly rate of $30.00. The median time for completing the

experiment was approximately four minutes. The study was reviewed and approved by the

Auburn University IRB board (IRB: 23-216 EX 2304).2

Table S1 in Online Appendix presents power calculations and basic sample statistics of

our data for 716 subjects, where GoodNews and BadNews experimental conditions have

356 and 360 observations, respectively. A total of 31 observations were removed from the

initial sample of 747 participants due to the reporting of zero expected income and/or zero

values for both priors and posteriors. Approximately 70% of our sample is composed of

undergraduate students. Nearly half of our subjects have never used ChatGPT or only used

it a few times. The average GPA of our sample is close to 3.50, suggesting that our sample

primarily consists of students with high GPAs. The distribution between STEM and Non-

STEM majors stands at 35% and 65%, respectively. The data in Table S1 further confirms

that our treatment randomization was successful.

The experiment began with a consent form providing general information about the

study. After giving consent, subjects reported their current educational level and major,

which later were used to identify STEM or Non-STEM students (U.S. ICE, 2023). Then

participants were shown a brief statement: “Forbes reports that, based on data from the

National Center for Education Statistics, the median starting salary for college graduates is

$59,600 per year.” Next, we elicited subjects’ assessed probability that their starting annual

earnings would be above $59,600 after graduation and the probability that a median student

with the same major would have a starting salary above $59,600 post-graduation. Finally,

subjects indicated their anticipated starting salaries.
2This study was also registered at a public repository: https://www.socialscienceregistry.org/trials/11364
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During the treatment stage, we provided subjects with a brief overview of how ChatGPT

has generated discussions about the potential impact of AI on the labor market, tailoring it

to STEM and Non-STEM majors. This design feature aimed at increasing the ego-relevance

of our treatment conditions, which has shown to be important in belief formations and

confidence (Drobner and Goerg, 2022).

We subsequently presented the GoodNews or BadNews information nudge pieces. Af-

ter reading the treatment information nudge pieces, subjects reported feelings about their

earnings prospects and the economy. We also asked participants to report their feelings on

the future earnings prospects of students with the same major. These measures serve as

manipulation checks identifying the potential channels for the experimental treatments. In

the final stage, we elicited posterior beliefs using the questions we used to quantify the priors.

The study concluded with a brief demographic survey and attention check measures.

3 Estimation Methodology

Our primary outcome measures of interest include the change in the assessed individual prob-

ability of being in the top-50% percentile of the earnings distribution (Own Probpost/Probpre),

the change in expected starting salary levels (Earningpost/Earningpre), and the change in

the perceived probability that others (with the same major) will be in the top-50% percentile

of the earnings distribution (Others Probpost/Probpre). We construct these measures using

prior (elicited before providing information nudge pieces) and posterior beliefs (elicited after

providing information nudge pieces). We estimate the model specification to examine the

impact of our treatment conditions on belief changes as follows:

∆i = α0 + α1Ti + α2 ∗ Γi + ϵi (1)

where, ∆i represents the three individual belief change measures constructed for subject

i; Ti is a binary variable that equals one for the GoodNews treatment condition; the vec-

tor Γi comprises individual demographic measures, including STEM and Male, which are

binary measures showing if individual i studies in a STEM major and if they identify with
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being male, respectively; GPA refers to the reported individual Grade Point Averages, while

AdjIncome indicates the students’ 2022 pre-tax family income, divided by the square root

of family size. The term ϵi in Equation 1 represents individual idiosyncratic errors.

3.1 Bayesian Belief Formation Framework

We built on the recent advancements in Bayesian belief elicitation literature to assess how

our study participants’ belief updates after the GoodNews and BadNews experimental treat-

ments align with theoretical posteriors (Möbius et al., 2022; Barron, 2021; Coutts, 2019;

Drobner, 2022). We then identify deviations from the Bayesian benchmark and link them

with observable individual characteristics.

We closely follow the framework constructed by Coutts (2019) and Barron (2021). Indi-

vidual i faces two possible future states, s ∈ {G, B}. Nature will select one of these states

to realize. Individual i forms their prior belief πG that s = G in the future. Consequently,

the prior belief of s = B is πB, with πG + πB = 1. Individual i receives a signal, z ∈ {g, b},

indicating which state nature will select. This signal is noisy, and p(g|G) = p(b|B) = q. In

our study, q is 0.76, representing the Factual Grade of the MIT Technology Review. We

employ the modeling specification suggested by Möbius et al. (2022):

logit(πG,posterior) = δlogit(πG,prior) + βGlog( q

1 − q
) ∗ I(z = g) + βBlog(1 − q

q
) ∗ I(z = b) (2)

where,πG,prior and πG,posterior respectively represent the prior and posterior probabilities

of being in the top-50% of the earnings distribution after graduation. Then we use OLS

regression and estimate the following specification with individual ρi errors:

logit(πG,posterior,i) = δlogit(πG,prior,i)+βGlog( q

1 − q
)∗I(z = gi)+βBlog(1 − q

q
)∗I(z = bi)+ρi

(3)

It must be noted that Equation 3 is estimated without the constant, as I(z = gi)+ I(z =
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bi) = 1. Moreover, we restrict our sample to correct belief updates.3

3.2 Interpretation of Bayesian Parameter Values

Estimating model parameters allows us to identify if participants adhere to the Bayesian

model framework in their belief updates (Coutts, 2019; Barron, 2021). We summarize the

possible parameter values and their interpretation as follows:

− Bayesian updating if δ = 1, βG = 1, and βB = 1.

− Conservative updating if βG < 1 or βB < 1.

− Overresponding if βG > 1 or βB > 1.

− Asymmetric and Optimistic updating if βG > βB.

− Asymmetric and Pessimistic updating if βG < βB.

4 Results

We begin our discussion of the study’s findings by examining responses to our manipulation

check questions. Table S2 presents the mean values of reported sentiments in both the Good-

News and BadNews treatments. On average, we find that participants are only optimistic

about their own future earnings prospects. The GoodNews treatment notably elevates the

average reported sentiment regarding personal earnings prospects by 0.64 (p−value < 0.05)

compared to the BadNews treatment. However, we observe no statistically significant diver-

gence in reported sentiments about others’ earnings prospects and the economy across the

study conditions.

These findings suggest that exposing students to optimistically framed AI ChatGPT de-

bates enhances their optimism about future earnings prospects. This insight also hints at the

role of optimism and pessimism as potential causal channels influencing students’ educational

and subsequent career decisions when facing AI-influenced labor market uncertainties.
3The belief updating is correct if πposterior,i ≥ πprior,i when z = gi or πposterior,i ≤ πprior,i when z = bi.

We also deal with boundary beliefs 1 and 0 by replacing them with 0.99999 and 0.00001, respectively.
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Note: Elicited individual beliefs on the probability of being in the top-50% annual earning percentile after
graduation, both before and after the treatments: Own Probpre and Probpost. Elicited individual beliefs
on the probability that a median student with the same major will be in the top-50% annual earning
percentile after graduation, both before and after the treatments: Others Probpre and Probpost. Elicited
expected annual individual earnings, both before and after the treatments: Earningpre and Earningpost.
The dashed line represents MeanV alue = 1. T-test p-values are reported.

Figure 1: Treatments and Expected Labor Market Outcomes

Result 1: The BadNews information nudge reduces the average value of re-

ported individual probabilities about being in the top-50% of the earnings dis-

tribution after graduation.

Figure 1 illustrates the mean value differences in Own and Others Probpost/Probpre,

along with Earningpost/Earningpre measures, contrasting the GoodNews and BadNews ex-

perimental conditions. In both conditions, students reduce their self-assessed probability of

being in the top-50% percentile of post-graduation earnings distributions. Interestingly, the

extent of this downward adjustment is significantly greater (p − value = 0.01) in the Bad-

News condition compared to the GoodNews treatment. Our findings suggest that discussions

focused on the potential impact of AI technologies on the labor market may erode students’

confidence in their future earnings prospects. Furthermore, this effect is more pronounced
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when AI debates are negatively framed.

In the GoodNews condition, students’ estimated probabilities regarding a median stu-

dent’s (with the same major) earnings prospects remain unaltered. However, in the Bad-

News treatment, students lower (p = 0.01) posterior probabilities. Remarkably, students’

estimations of their future earnings levels remain steady, unswayed by the influence of the

GoodNews or BadNews information nudges. The result showing that students tend to lower

their confidence levels (i.e., assessed probabilities) but not their expected starting salaries

could indicate that participants are uncertain about how the changes in the labor market

caused by AI will affect their anticipated earnings.

Table 1: The Impact of AI ChatGPT Discussions on Expected Labor Market Outcomes

Dependent variable:

Own P robpost/P robpre Others P robpost/P robpre Earningpost/Earningpre

(1) (2) (3) (4) (5) (6) )
GoodNews 0.06∗ 0.06∗ 0.10∗ 0.10∗ 0.01 0.01

(0.03) (0.03) (0.05) (0.05) (0.02) (0.02)
STEM −0.01 0.004 −0.03

(0.03) (0.03) (0.02)
Male 0.03 −0.02 0.01

(0.03) (0.04) (0.02)
GPA 0.06 0.12∗∗ −0.01

(0.03) (0.05) (0.02)
AdjIncome 0.004 −0.001 0.004

(0.003) (0.01) (0.004)
Constant 0.90∗∗∗ 0.68∗∗∗ 0.92∗∗∗ 0.52∗∗∗ 1.00∗∗∗ 1.02∗∗∗

(0.02) (0.10) (0.02) (0.14) (0.02) (0.07)
N 716 716 716 716 716 716

Note: OLS regression results with HC1 robust standard errors are reported. ∗p<0.05; ∗∗p<0.01;
∗∗∗p<0.001.

Table 1 expands on the analyses in Figure 1, using regression analyses with controls.

We confirm our findings drawn from Figure 1. Based on Table 1 Column 1, the GoodNews

experimental condition increases the posterior beliefs about Own probability of being in the

top-50% of the earnings distribution by 6 percentage points (p.p.). This result is robust to

the inclusion of relevant control variables into the regression specification. Table 1 Columns

3 and 4 show that the GoodNews treatment increases participants’ confidence about Others’
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earning prospects. Interestingly, we also find that students with higher GPAs do not change

their confidence in their earnings prospects after reading information nudge excerpts about

AI.

Our analyses also reaffirm the finding from Figure 1 that our treatment conditions do

not significantly alter expected earnings levels. We observe that being in a STEM field is

not associated with any expectation changes regarding one’s starting salary levels. We do

not find any significant effect of gender and family income on our outcome measures.

Table 2: The Impact of AI ChatGPT Discussions on Belief Updating

Dependent variable: Logit Belief
All STEM Non-STEM

δ 0.93∗∗∗ 0.89∗∗∗ 0.95∗∗∗

(0.03) (0.05) (0.04)

βGoodNews 0.29∗∗∗ 0.38∗∗ 0.27∗∗∗

(0.06) (0.13) (0.07)

βBadNews 0.74∗∗∗ 0.49∗∗∗ 0.86∗∗∗

(0.10) (0.09) (0.14)
P (δ = 1) 0.02 0.04 0.20
P (βGoodNews = 1) 0.00 0.00 0.00
P (βBadNews = 1) 0.01 0.00 0.31
P (βGoodNews = βBadNews) 0.00 0.19 0.00
N 476 162 314

Note: Analyses of the impact of logit priors on logit posterior beliefs. The estimated
βGoodNews and βBadNews show the magnitude of belief updates after treatment conditions.
OLS regression results with HC1 robust standard errors are reported.
∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001.

Result 2: In the BadNews treatment, students exhibit a disproportionate re-

action to negatively toned discussions about AI, showing asymmetric and pes-

simistic belief updating.

Table 2 presents the estimation of Equation 3. In the column labeled “All,” the estimated

value of δ is 0.93, which is statistically different from one (p − value = 0.02). Additionally,

the condition βGoodNews ̸= βBadNews holds true (p − value < 0.01), indicating that study

participants do not follow the Bayesian belief updating benchmarks.

The column “All” in Table 2 further reveals that the estimated values of βGoodNews and
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Note: Blue scatter plot dots represent elicited individual Priors are posteriors about the probability of being
in the top-50% annual earning percentile after graduation. The red scatter plot dots show the theoretical
Bayesian posteriors for elicited individual priors.

Figure 2: Theoretical and Observed Posteriors

βBadNews are less than 1. This implies a conservative belief updating pattern among students.

The pessimistic belief updating is confirmed by βGoodNews < βBadNews. Thus, we conclude

that the study participants overreacted to the information nudge piece in the BadNews

condition, demonstrating asymmetric and pessimistic belief updates.

Table 2 Columns “STEM” and “Non-STEM” show that students with Non-STEM ma-

jors are susceptible to asymmetric and pessimistic belief updating, while STEM majors show

the same reaction level to both negatively and positively toned AI discussions. This finding

suggests that Non-STEM majors are disproportionally more concerned about the possi-

ble adverse effects of ChatGPT and other AI technologies on future labor market earnings

prospects.

In Figure 2, to construct theoretical Bayesian benchmarks (illustrated in red), we utilize

elicited priors on the Own probability of being in the top 50% of the earnings distribution
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upon graduation. These benchmarks are then juxtaposed with observed posteriors (depicted

in blue). Our findings from Table 2 are reaffirmed, demonstrating that the actual posteriors

tend to be of lower magnitude compared to the theoretical ones. Furthermore, Figure 2

reveals that the BadNews treatment condition yields larger posterior values than the Good-

News condition, further highlighting the presence of asymmetric and pessimistic shifts in

belief. Our results confirm the findings of previous studies showing negative news coverage

induces widespread reductions in the confidence of economic agents, potentially affecting

macroeconomic behavior (Hollanders and Vliegenthart, 2011).

Result 3: We find gender differences in belief updating. Non-Male students

show asymmetric and pessimistic belief changes after the information nudge

discussions.

Table 3: The Impact of AI ChatGPT Discussions on Belief Updating
across subsamples

Dependent variable: Logit Belief
Low-GPA High-GPA Male Non-Male

δ 0.90∗∗∗ 0.97∗∗∗ 0.90∗∗∗ 1.00∗∗∗

(0.05) (0.04) (0.04) (0.04)

βGoodNews 0.29∗∗∗ 0.29∗∗ 0.43∗∗∗ 0.23∗∗∗

(0.08) (0.09) (0.13) (0.06)

βBadNews 0.74∗∗∗ 0.74∗∗∗ 0.74∗∗∗ 0.68∗∗∗

(0.13) (0.16) (0.14) (0.14)

P (δ = 1) 0.03 0.33 0.02 0.99
P (βGoodNews = 1) 0.00 0.00 0.00 0.00
P (βBadNews = 1) 0.05 0.09 0.06 0.02
P (βGoodNews = βBadNews) 0.00 0.01 0.07 0.00
N 260 216 236 240

OLS regression results with HC1 robust standard errors are reported.
∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001.

Table 3 extends our belief-updating analyses using Equation 3, focusing on gender and

GPA subgroups. The results reveal that male students exhibit a symmetric yet conservative

belief updating when exposed to positive and negative news nudges. However, non-male

students appear to react more to negative news. Our results also indicate both Low- and
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High-GPA subgroups (when our study sample is divided using a median-point-split approach)

show asymmetric belief updating with a higher magnitude of belief changes when faced with

negatively-toned news excerpts. These findings lead us to conclude that irrespective of GPA

level, students tend to exhibit disproportionately pessimistic reactions to negatively framed

ChatGPT discussions. This indicates that AI concerns seem to loom larger across all student

subgroups.

5 Conclusions

ChatGPT’s inception started a new era in human history, signaling that non-human intelli-

gence, through the progression of AI technologies, will shape our future. The economy, and

by extension, the labor market, are already exhibiting signs of this inevitable reality.

Modern AI tools uniquely target white-collar professions by automating essential work

tasks. This shift is novel, as historically, technological advancements mainly disrupted low-

to medium-skilled jobs. Today’s students may be more susceptible to these AI-driven trans-

formations, with the expectation that ChatGPT and similar AI tools could replace human

labor soon, potentially rendering some academic majors partially or entirely obsolete.

As these substantial changes unfold, public discourse on AI and our future exhibits con-

trasting views. Leading economists and AI researchers offer both optimistic and pessimistic

projections for economic and labor market growth, and wage changes. The tone of these

debates may sway current students’ educational and career choices. This paper investigates

the causal influence of both negatively and positively framed AI discussions on US students’

expected labor market outcomes.

Our findings show that students’ confidence in their future earnings prospects diminishes

upon exposure to AI debates, with a more pronounced effect when encountering negatively

framed information. Our Bayesian belief updating analyses also reveal that students ex-

hibit asymmetric and pessimistic belief shifts after exposure to negatively framed ChatGPT

discussions. Non-male students demonstrate increased concern following discouraging AI de-

bates, indicating heightened vulnerability to this emerging technology. Pessimistic updates
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to beliefs about their future earnings prospects are prevalent across both low and high GPA

levels, suggesting universal AI concerns among students. We recommend that educators,

higher education administrators, and policymakers regularly engage with students to under-

stand their concerns and implement necessary changes to core curricula, better preparing

them for a future with Artificial Intelligence.
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Table S1: Sample Statistics

BadNews GoodNews Adj. P-value
N=360 N=356

Family Income (USD) 46,945 (33,920) 43,755 (32,270) 0.52
STEM 129 (36%) 126 (35%) 0.99
GPA 3.48 (0.43) 3.49 (0.50) 0.52
Undergraduate 263 (73%) 250 (70%) 0.52
Male 195 (54%) 156 (44%) 0.06
GPTDaily 5 (1.4%) 13 (3.7%) 0.29
GPTRegularly 33 (9.2%) 39 (11%) 0.52
GPTFrequently 64 (18%) 51 (14%) 0.52
GPTOccasionally 60 (17%) 70 (20%) 0.52
GPTRarely 100 (28%) 86 (24%) 0.52
GPTNever 98 (27%) 97 (27%) 0.99

Note: Mean (Std. Dev) or N (Proportions) are reported. We conducted the Wilcoxon
rank sum and Pearson’s Chi-squared tests to detect differences between treatment condi-
tions for continuous and categorical measures, respectively. P-values are corrected with
the Benjamini & Hochberg method to account for multiple testing.
Rarely − a few times a year; Occasionally − once a month or less, Frequently − a few
times a month, Regularly − once a week or more.

Table S2: Manipulation Checks for Experimental Treatments

Difference BadNews GoodNews
Feelings about own earnings prospects 0.64∗ 1.65 (0.27) 2.29 (0.25)
Feelings about others’ earnings prospects 0.49 1.86 (0.25) 2.35 (0.24)
Feelings about the economy 0.41 0.49 (0.25) 0.90 (0.23)
N 360 356

Note: Following the GoodNews and BadNews treatments, manipulation check questions were
introduced to measure the effectiveness of our experimental conditions. Participants were asked
to indicate their current feelings regarding their own earnings prospects, others’ earnings prospects,
and the overall economy using a scale ranging from −10 (Pessimistic) to 10 (Optimistic), with
0 representing Neutral feelings. Robust standard errors are presented in parentheses. One-sided
t-test p-value thresholds are as follows: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001.



At the beginning of the study, we showed participants a brief “cheap-talk” state-

ment to foster thoughtful and truthful responses. To gauge students’ engagement

levels, we included three pattern-detection questions in the demographic survey

section. These questions were designed to be easily recognizable, as our aim was

not to test fluid intelligence but to measure attention levels. Of the 716 subjects,

92%, 6%, and 2% accurately identified three, two, and one patterns, respectively.

This suggests a high level of attentiveness among the study participants.
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