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Abstract

Screening human capital based on signals such as job applications or entrepreneurial
pitches is crucial for organizations. Signals are often informative insofar as they are
costly. Generative Al (GAI) complicates screening by lowering the cost of producing
impressive signals. We model the informational effects of GAI, showing that appli-
cants’ use of GAI can increase—but also decrease—an evaluator’s screening mistakes.
This result depends on how GAI affects experts” signals compared to non-experts’.
Using experiments in hiring and startup investing, we estimate that the adoption of
GAI (ChatGPT) lowers employers” and startup investors’ screening accuracy by 4-9%.
Consistent with our model, we also find that the use of GAI in some settings improves
screening accuracy (in our case, non-English-speaking countries). These results show
that GAI can profoundly shape screening accuracy.
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1 Introduction

Screening talent and ideas is essential for organizations to hire the right employees (Wiles
et al., 2023; Black et al., 2024) or to invest in promising ideas (Bapna, 2019; Scott et al.,
2020). Screening talent requires organizations to evaluate signals generated by the candi-
dates. Such signals are credible insofar as they require differential knowledge and effort
to produce. Precisely because of the differential costs of acquiring knowledge and ex-
erting effort, these signals can be informative about the candidate’s underlying quality

(Spence, 1973).

Generative Al (GAI) presents a challenge to screening: It dramatically reduces the cost
of generating signals used to assess human capital (or other states of the world).! Some
commentators forecast an “epistemic apocalypse,” driven by cheap GAI “deepfakes”
in domains spanning politics, hiring, investment, and the broader economy (Habgood-

Coote, 2023).

How does GAI impact the accuracy of screening? In this paper, we develop a novel
approach to quantifying information loss from GAIL. We develop a simple model of how
GAL affects learning, and use it to propose a strategy for estimating information loss in
data. The model shows that the informational effects of GAI are ambiguous, contrary to
the “epistemic apocalypse” prediction. We derive theoretical conditions in which GAI

could decrease the accuracy of screening as well as increase it.

We then measure the size and direction of these effects with experiments in hiring and
entrepreneurship. In the experiments, job candidates and entrepreneurs write “pitches”
to convince employers and investors, respectively, with and without using GAI. We ob-

serve each subject’s prior experience and expertise, so that we can compare evaluators’

'In other knowledge tasks, GAI has similarly lowered costs, e.g., Brynjolfsson et al. (2023); Choi and
Schwarcz (2023); Felten et al. (2023); Noy and Zhang (2023); Eloundou et al. (2024).



assessments of human capital versus the known facts.

On average, the adoption of GAI by candidates causes information losses equivalent
to a 4-9% increase in screening errors. When candidates use GAI in our experiments,
they produce higher-level signals (higher quality pitches), but their signals become more
“compressed” and homogenized, making it harder for evaluators to distinguish underly-
ing skills. We find that when candidates use GAI, evaluators increase their demand for

alternative signals by about 6-9%.

We show that the effect of GAI on screening accuracy depends on a key theoretical
parameter: How correlated each candidate’s signal boost from GAI and the candidate’s
expertise are. In some settings, GAI could help low-quality applicants raise their signals,
without providing much boost to high-quality ones. In this case, GAI compresses signals
between high and low applicants, pools them together, and leaves evaluators unable to

separate them (information loss).

In different settings, GAI could help high-quality applicants boost their signals, while
providing little benefit on the lower end. Rather than destroying information, we show
GALI enhances the signal’s informational content in this setting, helping evaluators sep-
arate experts and non-experts more effectively (than without GAI). Although this may
appear to be a theoretical curiosity, we find evidence in our applied setting (particularly
in settings where English is not a first language). For these settings, GAI helps experts
significantly more than non-experts. We find that screening accuracy is actually higher

when candidates use GAI.

Our findings have implications for talent evaluators, candidates, and GAI companies.
Our negative average results suggest that as GAI permeates all forms of media (text,

pictures, video, audio, etc.), these signals could become useless for screening.2 Still, GAI

2Online ratings and reputation are other signals that may have lost informational content over time
through inflation, particularly when reviews are public and reciprocal (Bolton et al., 2013; Nosko and
Tadelis, 2015; Filippas et al., 2018).



could help screening whenever high-quality candidates improve their signals much more
than low-quality ones when using GAI tools. In any case, our results suggest that eval-
uators could seek alternative screening approaches. This could create a new market for
products that can evaluate human capital and resist GAI’'s “garbling” of traditional sig-

nals.

Our paper contributes to several bodies of literature. The first is about firms’ screen-
ing and selection processes (Chan and Wang, 2018; Bapna, 2019; Li et al., 2020; Hui et al.,
2023; Kokkodis and Ransbotham, 2023; Wright et al., 2023b). Several recent papers exam-
ine how evaluators” adoption of Al and machine learning for screening, both for hiring
and investing, impact screening outcomes (Horton, 2017; Bhatia and Dushnitsky, 2023).
Machine-learning algorithms can reduce the cost of evaluating disparate signals while

improving screening accuracy (Cowgill, 2020; Li et al., 2020).

By contrast, there is less work about the use of Al by the candidates themselves (rather
than the employer). Several papers suggest that better writing can help matching, both
in labor (Hong et al., 2021; Weiss et al., 2022) and product markets (Ghose and Ipeirotis,
2010).3 Using a field experiment, Wiles et al. (2023) show that writing assistance helps
job candidates find employment and finds no evidence that the writing intervention mis-
led employers into expecting higher performance. Gans (2024a) studies how GAI affects
communication, emphasizing both salience and signaling mechanisms. We find both in-
formation loss and gains in our results, and our model reveals conditions under which

these different outcomes emerge.

We also contribute to the literature about the adoption and productivity effects of Al
(Agrawal et al., 2021; El Sawy et al., 2021; Allen and Choudhury, 2022; Dell’Acqua et al.,
2023a; Gans, 2024b; Kim et al., 2024; Jia et al., 2024). Several recent papers suggest that

Al boosts productivity, typically for the firm adopting the AI (Brynjolfsson et al., 2023;

3See also Martin-Lacroux and Lacroux (2017); Sajjadiani et al. (2019); Marinescu and Wolthoff (2020) and
Sterkens et al. (2023) in labor markets.



Choi and Schwarcz, 2023; Felten et al., 2023; Noy and Zhang, 2023; Eloundou et al., 2024;
Svanberg et al., 2024). Our paper raises the possibility of productivity losses, arising from

outside parties” adopting Al, thereby increasing errors by firms screening these parties.

Within this literature, some papers find that Al is more helpful for firms or workers at
the bottom of the performance distribution (more than the top, Brynjolfsson et al., 2023;
Dell’Acqua et al., 2023b). Other work suggests the opposite: GAI helps those at the top
more (Choudhury et al., 2020; Otis et al., 2023). We contribute a model where this distinc-

tion is a parameter. We then show how the accuracy of screening depends on it.

In our empirical section, we find distinct populations based on the geography of the
sender (English- versus non-English-speaking countries) where the parameter goes in
different directions. We show using experiments that screening accuracy changes with
Al in the way our model predicts. Although GAI may seem like a globally-standardized
technology, our results suggest that companies in this space may need to pursue context-
specific strategies (Bloom et al., 2012; Gupta and Khanna, 2019; Wright et al., 2023a; Carl-
son, 2023; Wright et al., 2024).

Finally, our study contributes to strategy research about entreprenuership. “Pitches” are
a crucial way that venture capitalists screen founders (Clingingsmith and Shane, 2018;
Clarke et al., 2019; Falchetti et al., 2022; Gans, 2022). The degradation of signals could
create new markets for alternative screening methods in a variety of industries that en-

trepreneurs could serve (Bingham and Eisenhardt, 2011).

However, signal degradation is not inevitable. Our paper highlights a strategic choice
facing GAI startups and incumbents alike: Which customers to prioritize (Gans et al.,
2019)? Owur paper suggests that in the short run, prioritizing novices could help users
“fool” evaluators. As the power of GAI becomes common knowledge, this strategy

undermines the signaling value of GAl-created content* and could spawn innovation

4GAI content may still have value for consumption, but could be less useful for signaling.



in spam-resistant screening. By contrast, GAI developed to help experts (rather than
novices) could maintain the informational value of the medium.” GAI companies’ cus-
tomer prioritization choices thus have implications for which forms of content or media

evaluators use for screening.

In the remainder of this paper, we provide a model of GAI and screening in Section 2.
Section 3 discusses the experimental design and data to test the model. Section 4 provides

results, and Section 5 discusses and concludes.

2 Theoretical Framework

In this section, we motivate our empirical section using a simple model of how generative
Al interacts with screening. Our goal is to understand the long-run impact of GAI. We are
particularly interested in a future where GAl is widely used, where gatekeepers are aware

of this widespread use, and where they must incorporate its use into inference-making.

The model features two players. One is a “sender” who spends effort generating a pitch
(such as a cover letter or business plan). Senders with genuine expertise find it easier to
generate a high quality pitch. However, senders of all types can also use generative Al to
enhance their pitch when GAl is available. The other player is a “receiver” who interprets

the pitch and rewards the sender based on their beliefs about the sender’s “true” level of

expertise.

As in many real-world settings, the sender has incentives to manipulate the receiver’s
beliefs. The receiver faces a signal extraction problem: Derive correct beliefs about ex-
pertise using an imperfect signal, which contains a mixture of information, noise, and
“spam” (akin to, e.g., Holmstrom, 1999). In the model below, we derive how the sig-

nal affects the receiver’s beliefs about the sender’s expertise. We can then evaluate the

SHowever, there may be other possible tradeoffs.



accuracy of those beliefs and see how accuracy changes with senders’ use of GAL

2.1 Setup

The Sender. The sender in our framework generates a signal s € R by selecting a level
of effort a € IR. The signal represents a “pitch” such as a cover letter or business plan.
Higher signals either require more effort or more expertise to generate. Effort is costly
and convex; exerting a effort reduces utility by a?/2. Senders have privately known types

in two dimensions:

1. Senders differ in expertise, denoted by ¢, € IR. Senders with more expertise find it
easier to produce higher signals.

2. Senders vary in how much GAI improves their pitch (when used). We denote this
GAl boost as eg € R.

These types (e, eg) are privately observed by the sender. We assume they are drawn from

a bivariate normal CDF F with strictly positive means (&,, &), variances (07,02

z),and a

covariance term 0y¢. The joint distribution of e, and eq is known to all players. As we
shall see, the covariance between expertise and GAI boost—the ¢7,¢ term—can be positive

or negative. This term will become a key parameter that drives our qualitative results.

The Signal. A sender of type (e, eg) using effort a can produce a signal:
s=a+e,+G-eg+te, (1)

where G = {0,1} is a parameter that indicates whether the GAI was used. All terms
in Equation 1 are privately known, except G (publicly known). The sender knows her
own effort level and private types (e;,eq). The variable € € R represents noise and is

drawn independently from N (0,02). The noise parameter is known to the sender and is



unobserved by all other agents.®

The use of GAI (G = 1 or G = 0) is an exogenous, publicly known parameter. We do
not model a “choice” to use GAI, but rather compare a pre-GAI era (where G = 0, GAI
did not exist) and a post-GAIl era (G = 1). For example, in the G = 1 era, GAI may be
directly incorporated into word-processing tools, and all senders receive some form of

GAI guidance.

Evaluators/receivers in our setup are aware that all senders use GAI when GAl is avail-
able (e.g., they know that MS Word contains LLM assistance). However, evaluators re-
main uninformed about any specific candidate’s e¢, representing how much GAI helped

that specific sender. G is publicly known because all parties know which era they are in.”

Sender’s Utility. The sender gains a payment P from the receiver (e.g., being hired or
funded) based on the receiver’s beliefs about the sender’s expertise. The sender chooses
a to maximize

22

MS:P—E. (2)

Choosing to provide higher effort a raises the sender’s signal (Equation 1), but there are
convex costs for higher effort (Equation 2). Next, we show how the receiver formulates

the receiver’s payment P.

Receiver. The receiver’s ex-post value of the sender is equal to their expertise e,. Qual-
itatively, these payoffs correspond to a receiver seeking “true expertise” (e;) and not the

ability to artificially enhance a cover letter using GAI (eg) or through effort (a). The re-

®We assume that the noise realization is the same for a given sender, irrespective of the use of GAL

’This characterization may not be a good description of recent years, when GAI remains relatively new.
In recent years, some senders might not use GAI despite its availability. Similarly, some receivers may be
unaware that senders are using GAIL The use of GAI in today’s environment could include considerations
we do not model here.



ceiver therefore makes inferences from the signal about the sender’s expertise and bases

the payment P on this expectation.

To recruit the sender, the receiver splits her expected profits (with the sender getting a
portion r > 0). The receiver’s payoff is thus equal to (1 —r) - E[e,|s, G|, where E[e,|s, G]
represents the receiver’s beliefs about the sender’s expertise (given the sender’s signal

and use of GAI). The payment to the sender from the receiver is:

P =P(s,G) =r-Elex|s, G].

The receiver’s preferences are common knowledge. Given this setup, the sender has in-

centives to manipulate the receiver’s beliefs about their level of expertise.

2.2 Analysis

We now present the key analytical steps before sharing our main results (which are in
Section 2.3). All proofs are in Appendix A. At the core of our results are the receiver’s
posterior beliefs about the sender’s expertise (conditional on the signal s and use of GAI
G). This term is denoted Ele,|s, G]. Appendix Lemma A1l derives the formula for this

term.

As is well-known for Bayes-updating random variables, the posterior belief is a weighted
function of the prior and the signal. Our Lemma A1l reflects this, and we use the term

71(G) to represent the weight placed on the signal.

Our Lemma A1 result about posterior beliefs allows us to derive two important impli-

cations.

Corollary 1 (GAI Changes Weights). The weight 1t(G) receivers place on the signal can either

increase or decrease when senders use GAI



Appendix Al establishes exact conditions when the weight 77(G) increases or decreases.
The weight the receiver places on the sender’s signal (pitch quality) is important because
it influences screening accuracy, as well as the other key outcome variables we are inter-

ested in.

Corollary 2 (GAI Changes Effort). The optimal signaling effort a* can either increase or de-

crease when senders use GAI

This result suggests that the substitution effect from GAI is theoretically ambiguous.
GALI allows higher signals for less effort. This could make senders want to supply more
effort to get ahead of other senders. However, senders might also think: If I can get
higher signals with less effort, why work harder? This latter possibility is consistent with
work showing that Al can lower incentives for effort (Athey et al., 2020; Dell’Acqua, 2022,
“falling asleep at the wheel”). An example of this was on display in an infamous federal
lawsuit when an attorney used ChatGPT to enhance his brief (while supplying lower
editing effort). The judge discovered fake quotes in the brief and sanctioned the attorney

(Weiser, 2023).

Accuracy Loss. The key question for any evaluator is: how far are the receiver’s pos-
terior beliefs from the actual expertise of a given sender? To answer this question, we
examine the squared distance between the sender’s true expertise x and the receiver’s
beliefs about it. Let fz(b;x, G) denote a PDF representing the receivers’ beliefs b about
candidates whose true expertise is x. Accuracy loss is defined as the average squared

deviations from true expertise:
L(x,G) = /(x b2 fy(b; x, G)db.

In Lemma A2, we derive fg(b; x, G) for our context and simplify the expression for loss.

Errors are minimized when a sender’s true expertise equals the average expertise in the

10



population: x = ¢,. We also show that the loss averaged across all senders takes a conve-

nient, simplified form below.

Lemma 1 (Average Loss). Let p(G) be the correlation between expertise and the signal when
GAl use is G = 0, 1. The receiver’s average loss is Ex[L(x, G)] = (1 — p(G)?)02, which equals

the variance of receivers’ posterior beliefs.

Lemma 1 is important because it shows the useful equivalency that the average predic-
tion error equals the variance of the receiver’s belief about the sender’s expertise (condi-
tional on the signal and GAI use). Our empirical section will use this equivalence. We will
collect data about the receiver’s squared-error loss (inaccuracy), as well as the variance

(uncertainty) of their beliefs, using both as measures of information loss.

2.3 Main Results

We now have the tools to derive our main results. We start by studying accuracy loss:
When does GAI help or harm screening accuracy? GAI helps screening if and only if an
expert’s signal boost from using GAl is usually extremely higher or extremely lower than
a non-expert GAI boost. That is, when the covariance between expertise and GAI boost

is extreme.

Proposition 1 (GAI Increases Accuracy). GAl increases receivers’ average accuracy if and only
if oug falls outside of the interval (0~ ,0") for constants ¢~ < 0 and o™ > 0. Accuracy strictly

decreases otherwise.

Proposition 1 raises the provocative idea that GAI could actually improve the accuracy
of screening. It shows that if the covariance 0,4 is extremely high (or low), GAI increases
the accuracy of screening. Appendix A derives the exact cutoffs for “extremely high” and
low (i.e.,, ¢~ and o). The intuition is simple: if the covariance between expertise and

GAI boost is extremely high, receivers can easily distinguish experts (experts send very

11



Figure 1: Information Loss Under GAI
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Notes: GAI makes receivers’ inferences more accurate when the covariance between expertise
and GAl is extreme. Assumptions to draw the plot: All variances are equal to one, except the
variance of GAI boost which is set to two.

high signals and non-experts very low ones), and so accuracy improves. However, if the
covariance is extremely negative, receivers can still distinguish experts (experts are the

senders with very low signals), and so accuracy can also improve in this setting.

In other words, for GAI use to help screening, GAI must boost experts’ signals signif-
icantly more than non-experts’ signals, or GAI must hurt experts’ signals significantly
more than non-experts’ signals. In either case, receivers can infer expertise more accu-
rately. By contrast, GAI reduces average accuracy when it benefits experts and non-
experts more similarly. In such a case, GAI does not help separate expertise. Figure 1
illustrates how GAI makes screening more accurate than without GAI for extreme covari-

ances for some sample parameter values.

This result suggests that in some environments, the opposite of an “epistemic apoc-

olypse” is possibe: better learning, not worse. Are these “extreme” covariances more

12



than a theoretical possibility? In practice, we suspect that the “extremely low” covariance

is less likely.® However, extremely high (positive) covariances may be possible.

There is evidence for this possibility in a 2023 experiment in Al art by popular science
communicator Cleo Abram (Abram, 2022). Abram hired a visual artist (conventionally-
trained, pre-GAI) to develop art both without GAI help and later with the assistance of
GAI (DALL-E). Simultaneously, Abram herself (zero art background) completed the same

task, developing art both with and without GAL

The program then had 3,000 subjects blindly evaluate all artwork, including both the
professional’s and novice’s artwork, both with and without GAI Speaking to the profes-

sional, Abram summarized the result:

“[The GAI] boosted both of us. By boosting both of us, it gave me new skills, and it

gave you superpowers.” (emphasis ours)

The Abram experiment provides an example of GAI helping an expert more than a novice.
The conventionally-trained artist developed sophisticated prompts about specific tech-
niques and comparisons from art history, producing much more highly-rated art. The
novice’s art improved, but she was not able to leverage the power of (DALL-E) without

subject-matter expertise.

The DALL-E experiment was an informal demonstration in a popular science program.
Our experiment in this paper scales the Abram experiment under a controlled setting,

using the context of hiring and entrepreneurship rather than Al art.

Our final set of results is about the pitch. Does using GAI necessarily make higher sig-
nals (i.e., higher-quality pitches)? Does GAI compress the level of signals, homogenizing

them, or spread them out? The answer to both questions depends on the covariance ;4.

8To get an extremely negative covariance, one would need GAI to either reduce experts’ signals (or leave
them unaffected entirely), while giving a very high boost to non-experts.
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Proposition 2 (GAI Increases Signal). GAI increases the average level of the signal s if and only
if g > 05, where 0° is a negative constant (and &, > r > 0). Otherwise, GAI strictly decreases

the level of the signal.

As with earlier propositions, 0;,¢ increases the level of the signal if and only if it is above

a cutoff (derived in Appendix A).

Our final result is about the dispersion of the signal. This directly tests the idea that GAI
will lead to “compressing” signals, such that experts and non-experts produce similar
signal levels. The opposite of compressing is for pitch signals to be widely dispersed
and varied, so that they can possibly help distinguish human capital. To study this, we

examine the signals” population-wide variance.

Proposition 3 (Signal Dispersion). The variance of the signal (i.e., the variety of pitch levels in

the population) increases with GAl if and only if 0y,¢ / 0'§ > —1/2 and strictly decreases otherwise.

Proposition 3 shows that GAI does not necessarily lead to greater or lower dispersion.
As with before, the result is conditional and depends on 0y¢. A sufficiently negative

covariance between expertise and GAI boost decreases signal dispersion.

3 Empirical Methodology

The main message of our model is: The informational effects of GAI are theoretically am-
biguous. The covariance term—capturing the heterogeneity in how GAI affects signals—
is a central player in the receiver’s ability to learn from the use of GAI The covariance

term may differ across populations and settings.

We now turn to directly measuring the size and direction of informational effects of
GALI in practice. The negative epistemic effects of GAI have been much discussed in

public discourse. Our experiment aims to quantify the level of information loss. In

14



applied settings—such as screening job applicants or entrepreneurs—does GAI help or

harm screening? How big are the effects?

To measure these effects, we design and execute an experiment outlined below.” From
the experiment, we can straightforwardly produce reduced-form estimates of how GAI

changes signals, beliefs, and accuracy of screening.

Overview of Experiment. We recruit subjects into the role of “senders,” tasked with
developing a signal (pitch). A second set of “receiver” subjects evaluate the signal and
interpret the expertise of the senders. We recruit both sets of subjects from Prolific.'
In the hiring context, job candidates (senders) write cover letters to persuade employers
(receivers) to hire them. In the entrepreneurship context, entrepreneurs (senders) write

pitches to investors (receivers) to get funding for their venture idea.

We encouraged senders to write pitches that convey expertise, even if they do not have
it. We ask receivers to evaluate the resulting messages and the expertise of the corre-
sponding senders. Specifically, we ask the receivers to assess the overall quality of the
pitch and to discern which pitches were written by experts. Critically, we have a measure
of whether each sender actually has prior expertise in their domain. We can therefore as-
sess the accuracy of the receivers’ beliefs about the senders’ expertise—both when senders

use GAI and not.

Each sender in our design develops four pitches: Two in a domain where they have
expertise, and two in a domain where they do not. As such, we have a balanced number
of pitches by senders with and without expertise. Within in each domain, each sender
tirst develops a pitch without using ChatGPT. After writing a pitch without ChatGPT

assistance, the sender is informed that they can use ChatGPT to rewrite and/or improve

9The pre-registration may be found at https:/ /doi.org/10.17605/OSF.IO /RFBUES.
10Using a controlled context like Prolific is crucial to be able to get pitches from subjects on areas where
they do and do not have expertise, as further discussed below.
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the pitch. As such, we also have a balanced number of pitches using ChatGPT (and not).

We also recruited receivers with prior experience in the relevant domain to evaluate
the senders’ pitches. We informed receivers about which pitches used GAI. Each receiver
evaluated multiple randomly-assigned pitches. The unit of analysis of our data is thus the
combination of sender x receiver x domain x ChatGPT. Because senders produce multiple
pitches in different domains, our specifications can use sender fixed effects. Because each

receiver evaluates multiple pitches, we can also use receiver fixed effects.

In the remainder of this section, we describe our two settings (hiring and entrepreneur-
ship), participant recruitment, treatment compliance, and our full dataset. In Section 3.1,
we propose our regression specifications. We choose our two contexts below (hiring and
entreprenuership) to show robustness of our findings across multiple contexts, and we
do not have ex-ante reasons to believe that they would generate different effects. We later

evaluate heterogeneous effects by setting and find no qualitative differences in the impact

of ChatGPT.

Setting #1: Hiring. In the hiring context, we recruit candidates with prior work experi-
ence in exactly one of two possible expertise domains (industries): a) data science or b)
management consulting. Although each sender has prior expertise in only one domain,
they must write a pitch for both openings separately. We task job candidates with devel-
oping a pitch for their candidacy for a job opening as would appear, e.g., in a cover letter

or email to a recruiter or employee at the target company.

On the receiver side, we recruit subjects with experience in hiring in the two industries
we study. We then task these subjects with reviewing candidates’ pitches in the industry
of their own prior experience. We inform the receivers about which pitches were devel-

oped using ChatGPT.

We ask each receiver to evaluate whether the author of each letter worked in the target

16



role previously. Some senders had worked in the target role and others had not. To
answer, subjects used probability intervals. This is our measure of perceived expertise
(Elex|s, G] in our model). We also ask evaluators to rate the quality of the pitch on a 1-5

scale. We interpret this as a measure of the recruiting pitch’s quality (s).

Finally, we ask receivers whether they would be willing to pay for a background verifi-
cation of the sender’s expertise conducted by a third party (a proxy that captures demand
for costlier signals). Demand for a costlier signal reflects less trust in the pitch as a signal

of expertise.

Entrepreneurship. Our entrepreneurship setup has a parallel structure to the hiring
one. We recruit subjects with experience as an entrepreneur and who have prior expe-
rience in only one of two potential sectors: a) retail or b) education. We then ask the
entrepreneurs to write a pitch for a new business idea, both in the sector where they have
expertise and the sector they do not. They did not have access to ChatGPT when writing
these pitches. After writing them, we gave them access to ChatGPT and informed them

they could use it to rewrite their pitches.

Next, we identify investors from around the world with experience in the two sectors.
We ask them to evaluate the pitches in the domain of their prior experience. As before,
we tell the receivers which of the pitches used ChatGPT. We then elicit their belief about
whether the author of each pitch is an entrepreneur with experience in the requisite in-

dustry (representing Ele,|s, G] in our model).

We also ask them to assess the quality of each pitch on a 1-5 scale. This allows us to
measure the pitch quality, reflecting the signal level (s in our model). As with the hiring
scenario, we elicit investors” demand for costlier signals—in this case, a market analysis
by a third party that would ask a set of potential customers to evaluate the idea—to val-

idate the quality of the entrepreneurs. A demand for costly signals should be inversely
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related to how much the investor trusts the signal (the weight 77(G) in our model).

Heterogeneity: English Language Context. At the heart of our model is a covariance
term 07,¢. This term represents how much experts (versus non-experts) gain a signal boost
from GAI The parameter 0;,; does not appear directly in our data. In Appendix B, we
develop strategy to estimate ;¢ from the experimental data, and to conduct statistical

tests against the thresholds in Propositions 1-3.

Different populations may have different covariance terms (0,¢), even for the same GAI
technology. In our empirical context, the GAl is a large language model (ChatGPT) devel-
oped originally in English (Radford et al., 2019). Effective LLM use can require follow-up
questions, and detecting “hallucinations” (Buchanan et al., 2024), which requires suffi-

cient command of the language.

The 0,,; parameter could therefore vary, depending on the sender’s fluency in English.
Effectively using LLMs may be harder for non-native speakers, particularly in domains
where they lack expertise. A non-native speaker who does have expertise could possibly
compensate for the lack of English with subject matter knowledge. For example, the
expertise might have created exposure to some English words at least in this domain, and

through this mechanism, the non-native speaking expert could benefit from ChatGPT.

For these reasons, the covariance could therefore be positive for senders from outside
of an English-speaking background (i.e., ChatGPT will help boost the pitch quality of ex-
perts more than non-experts). By contrast, the covariance could be the reverse (negative)
among native speakers. For these speakers, ChatGPT might help improve the pitches of
non-experts more than experts. Non-experts from an English-speaking background can
ask follow-up questions to ChatGPT until their pitch sounds as convincing as an expert.
To assess this variance, we recruited participants from around the world. Although our

task and subject platform (Prolific) requires some basic English fluency, we collected sub-
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jects from both places where English is a primary language and places where it is not.

Participant Recruitment. We recruited senders and receivers from Prolific. We filter
senders and receivers based on their industry, occupational, and entrepreneurship expe-
rience as provided by this platform. Both senders and receivers get $12/hour for com-

pleting the tasks.

Compliance. A potential concern with this platform is that senders might be using
ChatGPT even if they are in the control condition. Although we instruct participants
to not use ChatGPT in the experimental instructions (see Appendix C), some may have
done so anyway. To ameliorate this concern, we ask participants at the end of the control
(non-ChatGPT) questions whether they actually used ChatGPT in the control condition
and exclude those who did. This does not eliminate the possibility that some senders
used ChatGPT for the non-ChatGPT conditions. However, this form of non-compliance
would bias our results towards zero (by equalizing treatment and control). If this were the
case, our results could be interpreted as a lower bound of the true magnitude of effects.

We also exclude pitches written by other senders who ignored directions.!!

Data. Our final data are on a sender-receiver evaluation level. In total, we have 343
unique senders and 806 unique receivers, about half of each in the entrepreneurship and
hiring contexts. Each receiver evaluates eight pitches or cover letters, making our final
dataset 6,448 evaluations.'? Pitches are randomly assigned to receivers within the some
context (either startups or hiring). Of our total observations, 3,208 come from the recruit-
ment context, and 3,240 come from the entrepreneurship context. We pool observations

across hiring and entrepreneurship in our main paper, and test for heterogeneous effects

HFor example, some disregarded the prompts all together, i.e., by writing a pitch about the retail industry
when the prompt instructed them to do so about the education and training industry.

12We lose two sender-receiver observations because of incomplete evaluations, but we recover some of
the dependent variables using natural language processing techniques.
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in the appendix. The senders come from a mixture of English and non-English-speaking

countries.

3.1 Regression Specifications

Our specifications measure how GAI changes signals, beliefs, and accuracy. Our main
specification is:

Yidj = ‘51CHATGPTld] + Ci + 7’]' + Oid]' + €, (3)

where Yj;; is an outcome for sender i on domain d, evaluated by receiver j. CHATGPTy;
reflects whether the sender was using ChatGPT. ¢; reflects sender fixed effects, and r; re-
flects receiver fixed effects. Because each receiver evaluated multiple senders, we include
pitch order fixed effects (o,dj).14 Standard errors are clustered by receiver. The coefficient

of interest is 81, which indicates whether and how ChatGPT shifts the outcome.

As mentioned before, our model shows how results depend on a latent parameter 0;,¢ in
the data-generating process, representing the covariance between the senders’ expertise
and the signal increase from ChatGPT. Appendix B contains a strategy to estimate 0y,
from our data, and to conduct statistical tests with the cutoffs in Propositions 1-3. In
our results section, we mention these estimates of 0y, (and cutoff tests) alongside our

reduced-form estimates of our main specification (Equation 3).

3.2 Outcomes

Below we list and motivate all outcome variables. We measure several outcome variables

as a 1-5 ordinal rating. In these cases, we use the 1-5 rating as the dependent variable. In

13English-speaking countries include: Australia, Canada, South Africa, the United Kingdom, and the
United States. Non-English-speaking countries include countries like: France, Mexico, Poland, and South
Korea.

4For each domain setting, we allocated the pitches across 8 buckets for each ChatGPT condition, so the
order fixed effects also account for differences in expert probabilities within each bucket.
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some cases, we gave receivers five buckets of choices corresponding to specific numbers
or intervals as described below.!” In these cases, we can either use the 1-5 rating as the
dependent variable, or we can use the midpoint of the interval.'® We mostly use this
second approach (midpoints of intervals) to aid interpretation. Qualitatively, our results
are robust to either approach, as well as to using the tops or bottoms of the intervals

(rather than the midpoint).

In addition, the magnitude of some effects are not easily interpretable (i.e., squared
error loss). To ease interpretation, we present results both in levels and logs. The log re-
sults can be interpreted as percentage increases (multipicative). The five categories below

summarize our outcome variables.

1. Receivers’ beliefs about sender expertise: We ask receivers to choose a probability
bucket representing how likely a sender is to be an expert.
¢ The probability buckets are in intervals of 20% (e.g., 0-20%, 20-40%).
* We use the midpoint of these intervals as the probability, but our results are robust
to using the top or bottom of these intervals.

2. Accuracy: We measure the accuracy of evaluations in two ways.

* First, we take the square difference between the actual expertise of senders (bi-

nary) and the receiver’s probabilistic prediction (mentioned above).

¢ Corollary 1 generates an equivalent way to measure accuracy by using the vari-
ance of receivers’ beliefs. Because receivers’ beliefs are probabilities p that the

sender is an expert, the variance of this belief is p - (1 — p).

Both of these outcomes are measures of errors, so positive coefficients indicate less ac-

curacy. Because squared errors and variances are difficult to interpret, we also present

I5For example in our question about the sender’s expertise, we asked receivers to choose from five buck-
ets of probability in 20% intervals: 0%-20% probability that the sender is an expert, 20%-40%, etc.
16For example, 10% in our example.
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results in logs (for percentage interpretation).
3. Level of the signal: We also measure the level of the signal in two ways:

e First, we ask receivers to rate the pitch directly using a five point scale.

* In addition, we obtain a more “objective” measure of the pitch quality using natu-
ral language processing (NLP), and specifically, the Flesch-Kinkaid Reading Score
(Flesch, 2007). This score measures the sophistication of written language accord-

ing to the level of education necessary to understand it.

For interpretability, we transform this variable so that higher values represent
more sophisticated language.!” Our NLP variable is 100 minus the raw Flesch-

Kinkaid Score.

4. Dispersion of the signal: To measure dispersion, we take the mean ratings of the
signal by condition (ChatGPT vs. no ChatGPT). We then subtract each rating from
the mean within its condition, and square it. The average of these values thus has the

interpretation of a variance.'® We do the same for the NLP rating.

5. Demand for costlier signals: Finally, we measure evaluators’ demand for a costlier
signal than text. We elicit this directly in the experiments, by asking subjects to choose

from a range of dollar values ranging from $0 to $100.

We use these variables as the main outcome variables in Equation 3.

7In the Flesch-Kinkaid score, higher numbers require less education to understand. The maximum score
is 100, which corresponds to a 5th grade reading level, and the lowest score is 0 referring to text readable
by professional school graduates. In order to make “higher” scores better, we transformed the raw Flesch-
Kinkaid score to our NLP variable equal to 100 minus the raw Flesch-Kinkaid Score.

Bie, Var(X) = & YN, (x; — %)%, where ¥ is the mean.
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4 Results

Table 1 shows the summary statistics. Many of our main results are in this table, although
we later show full regressions with controls. Screening accuracy is lower when senders
use ChatGPT by 4-9%. The level of the signal (pitch quality) increases by 3% with Chat-
GPT when measured as the ratings by receivers. ChatGPT lowers the dispersion of the
signal by 10% when measured as the ratings by receivers and by even larger amounts
(56-87%) when using the NLP score. On average, receivers are willing to pay 8% more for

additional information in the ChatGPT condition than in the control.

In Appendix D1, we briefly explore differences between the entrepreneurship and hir-
ing settings. Although there are differences in the overall level of outcomes, we find either
no differences or small differences in the magnitude and direction of the ChatGPT effects.
From here, we now go through our main results in detail using our pooled sample and

the regression in Equation 3.

4.1 Screening Accuracy

Table 2 presents our results on accuracy, both with no controls and the full set of controls
in Equation 3. The outcomes in this table measure screening errors, so positive coeffi-
cients indicate greater inaccuracy. We use both the variance of receiver beliefs as well as

squared-error loss as measures of accuracy (as Lemma 1 derives their equivalence).

Across our outcomes, we find that ChatGPT raises errors. We find this for all of our
results in logs, and in levels for the variance of receiver beliefs measure. Our result on the
level of squared errors cannot be detected at conventional levels, but is highly significant
at conventional levels in percentages/logs. Across our other outcomes, the decreases in

accuracy is detectable usual significance levels when using all other outcomes, both with
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Table 1: Summary Statistics by ChatGPT Use

With No Difference

ChatGPT ChatGPT
Sender’s True Expertise (0/1) 0.50 0.50 .00016
Receiver’s Belief Sender is an Expert (p) 0.45 0.45 .0045
Main Outcomes
Loss of Screening Accuracy
Variance of Receiver Belief, p - (1 — p) 0.18 0.17 .0064***
Log(Variance of Receiver Belief) -1.82 -1.86 .043%**
Squared Error: [True Expertise - Receiver Belief]? 0.31 0.30 .0023
Log(Squared Error) -1.90 -1.99 .089**
Signal (pitch quality)
Level of Signal (Rating 1-5 by Receiver) 291 2.83 .088***
Log(Level of Signal, Rating) 0.96 091 045%**
Level of Signal (NLP) 69.96 53.01 17%%*
Log(NLP Rating) 423 3.92 32
Signal Variance
Variance of Rating 1.45 1.59 - 13
Log(Variance of Rating) -1.09 -0.53 -.56%**
Variance of NLP Rating 133.77 304.70 S1771%%*
Log(Variance of NLP Rating) 3.50 4.37 - 874
WTP for Costlier Signals
Receiver WTP 39.40 37.27 2.1%**
Receiver WTP (1-5 Rating) 2.47 2.36 T
Log(Receiver WTP) 3.39 3.31 081***

Notes: This table contains summary statistics for ChatGPT and non-ChatGPT messages.
N = 6,446 total sender xreceiver pairs. In 3,277(50.82%) observations, the sender used
ChatGPT to develop their pitch. The stars are given by the p-values of the t-test of a

difference in means with zero. + p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001

and without fixed effects. The magnitudes are comparable to the ones shown in Table 1,

reducing accuracy by 4-9 %.

Why does accuracy go down? In Table D1, we show that ChatGPT does not affect beliefs

about the overall level of expertise. Specifically, when senders use ChatGPT, on average,

receivers think the senders have about a 45% chance of being an expert. When senders

do not use ChatGPT, receivers also think that, on average, the sender has a 45% chance of
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Table 2: ChatGPT Increases Screening Errors

@ @ ®) 4) ©) (6) @) ®)

Variance of ~Variance of . .
Log Variance Log Variance

Recellver Rece'lver of Receiver  of Receiver ~ Error> Error? Log(Error?) Log(Error?)
Belief Belief . :
Belief Belief
p-(l=p) p-(A-p)
ChatGPT *HA %% KA %% %% *
Used in Pitch .0064 .0059 .043 .04 .0023  .00078 .089 .075
(.0018) (.0019) (.012) (.012) (.0067) (.0074) (.039) (.041)
FEs - All - All - All - All
R? .0023 26 .0024 26 .000017 2 .00084 22
DV Mean 17 17 -1.8 -1.8 31 31 -1.9 -1.9
Observations 6,446 6,446 6,446 6,446 6,446 6,446 6,446 6,446

Notes: The table shows results from regressing the measures of screening errors on ChatGPT. The
columns using all fixed effects are outlined in Equation 3 and include sender, receiver, domain, and
order fixed effects. Robust standard errors (in parentheses) are clustered at the receiver level.
+p<01,*p <005 *p <0.01,** p < 0.001

being an expert (the same overall level). Our standard errors rule out differences greater

than one percent.

In a sense, the receivers are correct: The true level of expertise does not change be-
tween ChatGPT and non-ChatGPT conditions. In both conditions, exactly 50% of senders
are “experts.” Errors increase under ChatGPT because the receivers label expertise in-
correctly (within the same overall amount of expertise). Table D1 suggests that lower
accuracy does not come from receivers naively believing that more senders using Chat-
GPT are experts. The overall level is the same. However, ChatGPT makes it more difficult

for receivers to separate experts and non-experts when senders are using ChatGPT.

We can interpret our findings in Table D1 through the well-known “bias-variance de-
composition.”!? In this classic result, receivers’ average squared error equals the re-
ceivers’ bias (squared) plus their variance. The results of Table D1 show that receivers
are slightly biased about the expertise of senders: They think that senders are 45% likely
to be experts, rather than 50% (a statistically significant difference). This bias is one source

of screening errors.

19E.g., see Stein (1956); James and Stein (1961); Hastie et al. (2017).
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However, this bias is constant across the two GAI conditions (Table D1). Instead, what
drives the increase in screening errors under GAI is the change in variance: Receivers
become more uncertain about expertise under GAI. Columns 1-4 of Table 2 measure this
variance directly and show that it increases with GAIL. Columns 5-8 show the same qual-
itative result when the variance is measured as the squared difference between the re-

ceiver’s beliefs and the sender’s true expertise, although the estimates are less precise.

4.2 The Level of the Signal (Pitch)

We now study how ChatGPT affects the level of the signal. In our model, higher level
signals require more effort to produce, but are easier for experts. Before we study the
effect of ChatGPT, we first use our data to assess a key assumption of the model: That ex-
pert subjects generate higher quality signals (e.g., Equation 1). In Appendix Table D2, we
show that subjects with prior experience indeed produce pitches rated as higher quality

by receivers, both in our ChatGPT sub-sample and not.

Table 3 shows how ChatGPT impacts the level of the signal, both with controls and
without. The results show that ChatGPT increases the level of the signal by 4.5%-6%

percent when using the evaluators’ rating as the measure of level (columns 1-4).

When using the NLP-created measure (columns 5-8), we find larger percentage effects
of around +32%. The base rate in the non-ChatGPT control group is 53 (a Flesch-Kinkaid
score of 47), which corresponds to the reading level of a high-school senior. The average
in the ChatGPT condition is 70 (or 30 on the Flesch-Kinkaid scale), which is around the

reading level of a college senior.

In percentage terms, this is a higher increase (+32%) than that for the receivers’ ratings
of the signal (+4.5-6%). We interpret this as receivers believing there is more to a good

pitch than the sophistication of language. When pitching for a job or startup idea, other
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Table 3: ChatGPT Increases the Level of the Signal

1) @) 3) ) ©) (6) ) ®)
Rating Rating Log Rating LogRating NLP  NLP Log Log
by Receiver by Receiver by Receiver by Receiver Rating Rating NLP  NLP
ChatGPT %% k%% %% %% %3%% k%% %% %%
Used in Pitch .088 12 .045 .057 17 17 32 32
(.034) (.032) (.014) (.014) (41) (.34)  (.0075) (.0065)
FEs - Full - Full - Full - Full
R? .0013 37 .0019 37 25 7 26 7
DV Mean 29 2.9 94 94 62 62 41 41
Observations 6,446 6,446 6,446 6,446 6,448 6448 6448 6,448

Notes: The table shows results from regressing the level of the signal as measured by evaluators’
ratings and NLP on ChatGPT. The columns using all fixed effects are outlined in Equation 3 and
include sender, receiver, domain, and order fixed effects. Robust standard errors (in parentheses) are
clustered at the receiver level.

+p <0.1,%p <005 % p < 0.01,** p < 0.001
aspects (e.g., qualifications and ideas) presumably matter a lot as well. ChatGPT may not
be able to provide these as effectively, and thus the effect of ChatGPT on the receivers’

ratings is lower than that on the NLP score.

4.3 Dispersion of the Signal

ChatGPT seems to increase the level of signals. But how does it affect the dispersion of the
signal? Table 4 shows that ChatGPT homogenizes or “compresses” the level of the sig-
nal, lowering the variance between different senders’ pitches. Using the receivers’ rating
of signals (in logs), the variance decreases by 56-58%. Using the NLP measure, the vari-
ance decreases by 87-92%. Our signal results fit intuitively with our overall result about
screening errors. Screeners are expected to differentiate candidates or entrepreneurs us-

ing signals.

Together, our results suggest that ChatGPT raised the average level of the signal while
significantly reducing variation in it. Before ChatGPT, signals were low and highly dis-

persed (i.e., many high signals, many low signals). After ChatGPT, signals are higher but
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more similar.

Table 4: ChatGPT Lowers Dispersion of Signals

1) 2) ) (4) ®) (6) () (®)
Var. of Var. of Log Var. of Log Var. of Var.of Var.of LogVar. Log Var.

Rating Rating  Rating Rating NLP  NLP of NLP of NLP
ChatGPT =130 13 -.56%** -.58*** S171% S187 87 9
(.041)  (.043) (.057) (.063) (16) (16) (.054) (.053)
FEs - All - All - All - All
R? .002 27 .016 23 .019 51 .036 48
DV Mean 1.5 1.5 -.81 -.81 218 218 3.9 3.9
Observations 6,446 6,446 6,446 6,446 6,448 6,448 6,448 6,448

Notes: The table shows results from regressing the variance of the signal as measured by evaluators’
ratings and NLP on ChatGPT. The columns using all fixed effects are outlined in Equation 3 and
include sender, receiver, domain, and order fixed effects. Robust standard errors (in parentheses) are
clustered at the receiver level.

+p <01,*p <0.05*p <0.01,*** p < 0.001

4.4 Demand for Alternative Signals

Our final result is about how screeners might react to the loss of information. Our results
above suggest that screeners trust pitches less when senders use ChatGPT. Given this,
they may prefer an alternative way to screen altogether. To test this, we ask evaluators
how much they would be willing to pay for costlier signals, such as a background inves-
tigation (in the entrepreneurship setting) or market research (in the recruitment setting).
Table 5 reports the results. We find that receivers increase their willingness to pay by
about 6-9% when senders use ChatGPT regardless of the specification. Consistent with
the reduced accuracy of the pitches, this result suggests that receivers find the pitches less

informative.
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Table 5: ChatGPT Raises Demand for Costlier Signals

1) () 3) 4) 5) (6) ) 8)
Log Log WTP, WTP, Log WTP, Log WTP,
WIP WITP WTP  WTP 1-5Scale 1-5Scale 1-5Scale 1-5Scale
ChatGPT 2.1%¥ 2. 4% 081*** 089%**  11*** 2% .055%** .061***

(72)  (62) (022) (019)  (.036) (.031) (.016) (.014)
FEs - All - All - All - All
R2 0016 47 0024 46 0016 47 10022 47
DV Mean 38 38 33 3.3 2.4 2.4 72 72
Observations 6,446 6446 6446 6446 6446 6,446 6,446 6,446

Notes: The table shows results from regressing receivers’ willingness to pay for costlier signals and
belief of the sender being an expert on ChatGPT. The columns using all fixed effects are outlined in
Equation 3 and include sender, receiver, domain, and order fixed effects. Robust standard errors (in
parentheses) are clustered at the receiver level.
+p <0.1,*p <0.05* p <0.01, ** p < 0.001

4.5 Covariance: How much is Expertise Correlated with ChatGPT Sig-

nal Boost?

We have thus far shown that ChatGPT lowers screening accuracy, increases signal levels,
and lowers dispersion. Our evidence has been average treatment effects from reduced-
form specifications. In our theoretical model, these outcomes were a function of the sign
and magnitude of a latent parameter 0;,¢, representing how correlated a sender’s expertise

is with the signal increase from ChatGPT in a given population.

Studying this parameter empirically can inform the reason underlying our reduced-
form results. Propositions 1 through 3 directly connect our main outcomes (accuracy,
signal level, and signal dispersion) to this parameter 0, and its relationship to specific

thresholds.

When we apply our strategy for estimating 0y, (Appendix B), our estimate of ;4 is
negative—with a point estimate of -0.01 and a bootstrapped standard error of 0.006. Our
p-value for testing this estimate against zero is 0.14. The negative value suggests that

overall, ChatGPT helped non-experts more than experts.

29



Our estimate is consistent with the covariance falling between the Proposition 1 inter-
vals, suggesting lower screening accuracy (which is what we find in Table 2). We find
that our estimate of the covariance is above the Proposition 2 threshold in which Chat-
GPT raises the level of the signal. The point estimate is also consistent with ChatGPT
increasing the signal dispersion in Proposition 3, although our statistical tests on this pa-

rameter are not precise (unlike our reduced form estimates).

The above estimate of 0;,; uses our entire dataset. In our experimental design, we dis-
cussed the possibility that o, could differ by population, particularly according to En-

glish familiarity. We can, therefore, estimate the covariance by these sub-populations.

We find that for senders from non-English-speaking countries,?”

ong was +0.05 (posi-
tive), with a bootstrapped standard error of 0.013, and a p-value of below 0.001 when
tested against zero. This indicates that ChatGPT helps experts more than non-experts
and thus could possibly increase screening accuracy. By contrast, for senders who do come
from English-speaking countries, we find a more strongly negative estimate of ;g1 A

point estimate of -0.03 with a bootstrapped standard error of 0.007 and a p-value of below

0.001 when tested against zero.

Figure 2 illustrates the differences in our estimate of ¢, across populations. Given
that the sign of the covariance differs across these two populations, we now examine

heterogeneity in our reduced-form treatment effects of ChatGPT.

4.6 Heterogeneity: ChatGPT and Non-English Sender Contexts

From here, we can now revisit out treatment effects. In Table 6, we study our main out-

comes and add an interaction term for non-English-speaking countries. We find that

2In robustness tests, whether the sender is from an English-speaking country highly correlates (about
0.8) with English being the sender’s first language from demographic data that Prolific collects about
subjects. However, several subjects withheld data about their first language from Prolific, so we use the
country—which is available for all senders in our data—as the main measure in our results.
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Figure 2: Covariance Estimates

0.10

0.05 ®

Covariance
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i

All Subjects Non-English Speaking English Speaking

Notes: This figure shows 90% and 95% confidence intervals for our covariance estimates across
the three populations we study.

ChatGPT actually introduces gains to accuracy when screening senders from non-English-
speaking contexts, for whom experts’ signals increase more than non-experts (¢ is pos-
itive). Consistent with Proposition 1, the coefficient on the interaction is negative and
significant at conventional levels in column 1 for our accuracy outcome. The results are
qualitatively similar, though not significant when using variance of receiver beliefs as a

proxy of accuracy (column 2).

However, the impact of ChatGPT on the average level of the signal is lower for senders
from non-English-speaking contexts, using the subjective and NLP ratings (columns 3 &
4), which is not consistent with Proposition 2. Finally, the impact of ChatGPT on the dis-
persion of the signal is higher in magnitude, but not statistically different in non-English-
speaking contexts relative to others, qualitatively consistent with Proposition 3 (columns

5-6).

Together, these analyses suggest that the effects of GAI are not monolithic. There are
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Table 6: ChatGPT and Non-English-Speaking Sender Contexts

@ 2) 3) 4) ®) (6)
Log Variance

Log(Error2)  of Receiver Log Rating ~ Log  Log Var. of Log Var.

by Receiver ~ NLP Rating of NLP

Belief

ChatGPT 6% 051%* 7% 34%x -.62%** -.95%**

(.049) (.014) (.015) (.0074) (.071) (.062)
ChatGPT x Non-English - 34rex -.04 -.05* -.091** .16 .098

(.096) (.026) (.028) (.012) (.13) (.12)
FEs All All All All All All
R? 22 26 37 7 23 48
DV Mean -1.9 -1.8 94 4.1 -81 3.9
Observations 6,446 6,446 6,446 6,448 6,446 6,448

Notes: The table shows results from regressing the main dependent variables on ChatGPT and
ChatGPT interacted with whether the sender is from a non-English-speaking country. The columns
using all fixed effects are outlined in Equation 3 and include sender, receiver, domain, and order fixed
effects. Robust standard errors (in parentheses) are clustered at the receiver level.

+p<01,*p <005 *p <0.01,** p < 0.001

cases when GAI can actually increase accuracy in screening. Consistent with the model,
when experts benefit more than non-experts, as we see among senders in non-English-

speaking contexts, ChatGPT actually helps evaluators screen candidates.

5 Discussion and Conclusion

Screening is abundant in modern life and extends far beyond the hiring and startup set-
tings that we studied. News, consumers, educators, students, apartment renters, shop-
pers, singles, educators, medical patients (and more) all heavily rely on screening and
signaling. Our paper suggests GAI could profoundly change how these agents learn and
screen. Many signals are useful for evaluators because of their costliness. If GAI makes

these signals cheaper, their informational content changes.

We are not the first to raise the possibility of information loss. Horton (2024) writes,
“the problem of deciding what’s real or not will become acute,” and describes it as “a

very real problem we all now have.” Concern about fake news, cheating on homework,
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and identity fraud—all examples of information loss—abound in discourse around GAL

Our paper aims to contribute a deeper conceptual understanding of GAI information
loss and high-quality empirical estimates of the degree of information loss, at least in
a few key settings. We propose a model of the data-generating process behind GAI in-
formation loss, as well as a research design for measuring it. When we implement this
design empirically, we can quantify both the degree of information loss (minus 4-9%) as

well as the magnitude of the parameters generating that change (a negative 0, = —0.01).

Despite the “epistemic apocalypse” intuition, we show that GAI does not necessarily
destroy information. If GAI disproportionately helps experts—as the DALL-E experiment
and our non-English speaking subjects indicate—then GAI can increase the accuracy of
screening. While these instances may be relatively rare in the current environment, GAI
companies could shape this outcome in future. These companies have some control over
whether their products are more helpful for novices or experts (0,¢), and thus over the

signaling value of the content that their software produces.

Our results suggest a few lines of future research. The model and empirics focus on ver-
tical differentiation only (high versus low quality candidates, experts versus not). How-
ever, many labor markets feature match-specific preferences or productivity. Future re-
search could study how GAI could improve signaling on “horizontal” features where
market participants have different tastes. This setting may be promising for GAI, al-

though there may still be some incentive to “fake” one’s horizontal type in some cases.

The nature of alternative, spam-proof screening mechanisms is another exciting topic
of future research. Horton (2024) suggests the learning problems discussed in this paper
could be addressed with cryptography. Other commentators have suggested a greater
role for live in-person assessments without the use of Al assistance. In some cases, the
overall need for screening may actually decrease. If an employee can use GAI on the job,

it might not matter how productive they are without it. These issues raise questions about
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managerial best practices for organizations and entrepreneurs working with AL

If text and other signals becomes unreliable, better signals could be more expensive.
Will screeners turn to nuanced investigations of individual quality; for example, through
a full background investigation or market analysis? Or will receivers instead rely on
observable characteristics of individuals that are easy to verify, such as gender, race, or
geography? Understanding how generative Al impacts screening has important implica-
tions for accuracy and bias in hiring, entrepreneurial finance, and many other economic

transactions. We hope that future work investigates these possibilities.
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Appendix: For Online Publication Only

A Theory Appendix

Lemma A1. The receiver’s (mean) beliefs about the sender’s expertise are:
Eleq|s,G] = é, + m(G)[s —a* —&, — G- &), 4)

where 71(G), the weight placed on the signal, equals

_ Cov(en,s—a*) 07 + Gong
m(G) = Var(s —a*) 02 +2Goug + G202 + 02’ ©)
and optimal effort a* is
a* =rmn(G). (6)

Proof. Lemma Al.

This result follows Bénabou and Tirole (2006). The expression uses the normality as-
sumptions of the problem; namely, the conditional expectation is a weighted sum of the
prior and the signal. Following Holmstrom (1999), the receiver infers optimal effort by
the sender (a*), so even though the sender’s effort is not observable, it can be used by the
receiver to correct the signal.

Because the receiver does not directly observe the sender’s effort, the sender might
seek to manipulate the receiver’s beliefs. Anticipating this, the receiver knows that the
sender chooses effort a to maximize 2, so the sender’s optimal effort a* satisfies the first
order condition a* = r - dE[e,|s, G| /0a. The derivative of the payment with respect to a
captures the returns the sender expects to get from manipulating the receiver’s beliefs.
The receiver is aware of this manipulation motive, and even though the sender’s effort is
unobservable, the receiver can infer it from solving 2 (e.g., Holmstrom 1999). As a result,
observing the signal s is equivalent to observing

s—a*=e;+G-eq+e.

Bénabou and Tirole (2006, Proposition 1) show that the optimal effort does not depend on
the types, and a unique closed-form solution for the effort can be found in (a differential-
reputation) equilibrium: a* = r7t(G), where

B 07 + GOyg
02+ 2Goyg + G202 + 0

n(G)

al



Proof. Corollary 1. From Equation 5, without GAI

7t(0) %

_ n
02+ 02

and with GAI )
oz + 0,
(1) =
iy + 200g + 07 + 0¢
Comparing both expressions yield that GAI increases the weight, namely, 77(1) > 7(0),
if and only if

0_%0.2 2 2
* Oug > ——5 when 7 > 0j;, or
0e—0y
22
n

0,0,
g 2 2
° Ung < —m when o; < 0y,

and decreases otherwise. The effect of GAI can go in either direction because there is no
restriction on the parameter values other than that the variances are strictly positive and
that the covariance o,y € [—(TnO'g, 0’n0'g]. For example, if o is close to zero, whenever o;,¢
is sufficiently below —0';, GAl increases the weight. Otherwise, GAI decreases it. O

Proof. Corollary 2. Optimal effort in equilibrium is a* = r7(G) (Equation 6), where r > 0
constant. The result follows from Corollary 1. O

Lemma A2 (Information Loss). Loss L(x, G) is given by:

L(x,G) = (1-p(G)?) ((1-p(6)?) (x—2)* +p(G)%2), )

where p(G) is the correlation between expertise and the signal in equilibrium, which is

2
o5 + Goy,
p(G) = — :
O \/(7,% +2Gong + G203 + 72

This result shows that receivers’ loss when evaluating a sender of expertise e, = x is
proportional to a weighted sum of its deviation from average expertise and the variance
of expertise.

Proof. Lemma AZ2.

Loss measures the receivers’ beliefs” expected deviations when the sender’s true exper-
tiseis e;;, = x:

L(x,G) = /(x b)Y fy(x, G)(b)db
- / (x® — 2bx + x2) fz(x, G) (b)db

_ xz—Zx/be(x,G)(b)db+/xsz(x,G)(b)db
= x> — 2xE[B|x, G] + E[B?|x, G]

a2



where B = E[e,|s — a*, G] is a random variable that represents the receivers’ beliefs. De-
note f,_ cle,—x(eg, €) the joint distribution of (g, €) conditional on e, = x. Let us start by

computing E[Ble, = x, G]:

E[Bley, = x,G] = E[E[eu|s — a*,G)] len = x, G]

/

~~

Receivers’ beliefs

= //E[en|s — ", G)] ey elen=x(€g, €)degde
= // (e + N(G)(S —a* — E(S - a*)))) feg,elen:x(eg'e)degde

=é,+(G) | x+ //(Geg +€) fegelen=x(Cg, €)degde — &n — Ge‘g)

=&, + 11(G) (x + E(Geg + €le, = x) — &, — Géy)

=e,+ (G)

where the second equality comes from the definition of conditional expectation; the third
line from Equation 5 in Lemma A1; the fourth line from the fact that s —a* = x + Geg+€
when e, = x and a* does not depend on either e, ey, or €; the fifth line from the definition
of conditional expectation; the sixth line from the normality assumptions of the problem
and linearity; the seventh and eighth lines from arranging terms, and

o(G)? = Cov(e,,s — a*)? _ (07 + Gopg)? .
Var(e,)Var(s —a*)  oi(0of +2Goug + G20 + 02)
To compute E[B3?|e;, = x, G], note that Var[Z] = E[Z?] — E[Z]? for any random variable Z
with finite variance. Thus,
E[B?|e, = x,G] = Var[Ble, = x,G] + E[Ble, = x, G]?

_ (1_ Cov(B, ey)?
Var(B)Var(ey)

> Var(B) + E[Ble, = x,G]?,

The first term takes that form because B is normally distributed as a linear function of

normally distributed random variables. In words, this means that knowing that expertise

2
ey, = x amounts to reducing the variance of receivers’ beliefs by a factor of (1 Cov(Brey)

which becomes smaller as the correlation between beliefs and expertise becomes extreme:
Either very positive (close to one) or very negative (close to zero). The second term is just

a3

"~ Var(B)Var(ey)

).



2

(&n + p(G)?(x — &,))" as derived above. Replacing with the distributional parameters:

70(G) (02 + Goyg))?
(72 +2Goyg + G203 + 02)0

E[B?e, = x,G] = <1 > 7(G)* (05 + 2Goug + Gzagz +02)

+(en+p< Pl
— (1= p(G)2) p(CPeR + (& +p(GPx &)

Loss is therefore

L(x,G) = x* — 2x (e-n +p(G)2(x — én)> + (1 - p(G)2> 0(G)202 + (e-n +p(G)2(x — an))z

~ (=& —p(CP(x—a)) + (1-p(CP) (6
= (1-p(GP) (x— 20 + (1 p(G)?) p(G)22
= (1-p(62) ((1-0(G)) (x~ &) +p(G)cr).
The function is quadratic, and it is straightforward to check that the minimum point is

x = &, and the minimum value (1 — p(G)?) p(G)?02 > 0. O

Proof. Lemma 1. The result follows from taking expectations over x (expertise) on Equa-
tion 7. O

Proof. Proposition 1. From the expressions of expected accuracy loss,
Ey[L(x,1)] < E4[L(x,0)] <= p(1)*> > p(0).

The expressions for the squared correlations are:

2 2
05 + Ong . ( o2 )
Un\/a,%+20ng+ag+c7§ Tur/0f + 02
Manipulating these expressions, straightforward algebra yields

) 2 (0.2)20.2 22 2
0,,0¢ 0,,0¢

02+ o2 21 2 2 2
TZ+‘T€ UH+U€ an+0€

which leads to two conditions

2122 2 2 2
(07)%0; o202 o0
O'ng>\/ g+( n-e — e

02+ 02 02 4 02 02+ 02
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I Expertise and GAI boost
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Figure Al: Loss for different covariance values between expertise and GAI boost. All
other noise parameters are normalized to one, and the mean expertise is set to 0.5. For
example, when the covariance between expertise and GAI boost is negative (set to —0.9
in the figure), the loss of screening extreme types is larger than when the covariance is
positive (0.9); but the loss is smaller when screening intermediate types. Another obser-
vation is that GAI does not necessarily make screening less accurate. For example, GAI
dominates no GAI when the covariance between GAI boost and expertise is positive.
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or

0% + 0?2 05 402 05+ 02

2
Oug < _\/(‘7%)2‘73% N ( 0202 ) 02072
Simplifying further, the first inequality leads to:
2

%
Ong > 0" = a,%fag <\/(a§)2+ag2(a,%+a§) —a€2> > 0.

And the second inequality yields a negative cutoff:

o

02+ 02

Ong <0 = <\/(a€2)2 + 0% (0% +02) + a€2> < 0.

]

Proof. Proposition 2. Define s*(G) = s —a* for G = 0,1. We need to establish that
s*(1) —s*(0) > 0, which is equivalent to 77(1) — 71(0) > —&,/r. The cutoff comes from
straightforward algebra,

eg(05 + 03 +02) (07 + 02) — rojog

o2 (26 — 1) + (762(2e‘g +7)

Note that ¢° is a negative constant. O

Proof. Proposition 3. It comes directly from comparing the variance of the signal with
GAI Var(s*(1)) = 0 4 20ug + 0g + 07 and Var(s*(0)) = o3 + oZ. O

A1 Receivers’ beliefs

Generative Al largely affects the signal and its variance by incentivizing the sender to ma-
nipulate the receiver. However, a rational receiver takes that manipulation motive into
account when making inferences about expertise, as shown in Equation 4. The signal jam-
ming channel through which GAI affects the sender’s signal does not affect the receiver’s
beliefs.

Rather, the effect of GAI on the receiver’s beliefs manifests primarily in the weight 77(G)
in Equation 5 the receiver puts to the signal. We call this weight the “informativeness” of
the signal. Again, the covariance plays an important role in determining the effect of GAI
on how informative the signal is:

Lemma A3. Let 71(G) = (03 + Goug) / (0 + 2G0ng + G?0g + 07) be the weight the receiver
puts on the signal (net of the signal’s mean) as a function of GAI use G = 0, 1. The receiver puts
more weight on the signal when GAI is used if and only if

o202

(%
8 2 2
° O'ng > m when O¢ > 0y, 0r

a6



2 2
o 00 < — %% when o2 < 02
ng (72_(762 € n:

n

Proof. The result follows from comparing 71(1) = (07 + 0g)/ (07 + 20ug + ag +0?2) and
7(0) = 02/ (02 + 02) such that 7t(1) > 7(0). O

The last result highlights the difficulties in assessing expertise when GAI is used. First,
using GAI can be more informative than not using it for plausible parameter values. For
example, if the task is subject to large idiosyncratic variation, for example 02 > 02, a large
positive covariance between expertise and GAI boost makes the receiver put more weight
on the (noisy) signal when GAl is used than when GAI is not used. In contrast, when the
signal perfectly reveals the sender’s expertise without GAI, 62 = 0, a negative, large-
magnitude covariance makes using GAI more informative than not using it. Second, in
cases where noise is small or zero, when experts benefit from GAI more than non-experts
(positive covariance), using GAI makes using the signal less informative than not using
it. The intuition for this result is that a positive covariance adds more noise to the signal
than information, impairing the receiver’s inference. A corollary of Proposition A3 is that
a covariance close enough to zero makes the signal less informative when GAl is used for
any parameter value.

Corollary 3. A sufficient condition for GAI to make the signal less informative is
Ong € I,

where

(- el el
7\ max{c2 02} —min{c2,02}" max{c2,02} — min{c2, 02}

is a non-empty set centered at zero.

Corollary 3 gives precise boundaries for the intermediate values of the covariance be-
tween expertise and GAI boost that make GAI less informative. This result is useful
empirically because values of the covariance around zero indicate that GAI reduces the
informativeness of the signal. Our experimental design allows us to identify the covari-
ance following the identification result in Proposition B1.

B Estimating 0,, Covariance in our Experiment

The covariance between expertise and GAI boost (0;,¢) determines the direction of GAI
effect on the outcome variables of interest. Here we develop a strategy for measuring the
covariance ;¢ empirically, and for conducting statistical tests of our estimate against the
cutoffs in our propositions. We begin with the following definition:

Definition 1. Let A = s*(1) — s*(0), the difference between the level of a subject’s signal with
GAI and without.

a7



The quantity A can be measured empirically for each sender by measuring pitches with
and without GAL The expertise of senders ¢, is observed by the experimenters (but not
receivers). Thus, we can derive the key covariance 0,4 by using A and e;,.

Proposition B1. The covariance between A and expertise e, equals oyq.

Proof. Proposition Bl. The difference in the level of the signal with and without GAI is
A = s*(1) —s*(0) = eg+r(mr(1) — 7t(0)) (e is independent of GAI use). Because the
second term r(7r(1) — 71(0)) does not depend on e, or eg, the covariance between A and
e is simply 0yg. O

Using the previous result, we computed the covariance between A and expertise em-
pirically. We created a dataset consisting of pairs of observations by the same sender, in
the same domain, where the sender used ChatGPT in one observation and did not use
ChatGPT in the other. There were 16,089 such pairs. We then took the difference between
the rating of the ChatGPT side of the pair and the non-ChatGPT side to find pairwise As.
Finally, we took the covariance of the pairwise A variable and the sender’s expertise in
that domain and used bootstrapping to compute standard errors.

Our estimate of 0y, is negative with a point estimate of -0.01, with a bootstrapped a
standard error of 0.006. Our p-value for testing this estimate against zero is 0.14.

For non-English-speaking sender contexts, 0,4 was +0.05, with a bootstrapped standard
error of .013, and a p-value of below 0.001 when tested against zero.

For senders who do come from English-speaking contexts, 0,,¢ was -0.03, with a boot-
strapped standard error of .007, and a p-value of below 0.001 when tested against zero.

Lemma B4 (Accuracy). Let 0y, be the covariance between expertise and GAI boost, and p(G) the
correlation between expertise and the signal when GAI use is G = 0,1. GAI increases receivers’
average accuracy if and only if one of the following two equivalent conditions is met:

1. oyg falls outside the interval (c~,0™") for constants =~ < 0and ¢ > 0.

2. The correlation squared when GAI is used, p(1)?, is greater than the correlation squared
when GAI is not used, p(0)>.

GAI strictly decreases accuracy otherwise.

Proof. Proposition B4. Let us start with the second item in the proposition. From the
expressions for the expected loss

Ex[L(x,1)] = (1= p(1)*)05
07 + Oyg i

an\/a,%—l—Zcrng—i—ag—i—ag

= (1 - )U;%/

a8



where p(G) when G = 1 is the correlation coefficient between expertise and the signal in

equilibrium as given in Lemma A2. Likewise,

Ex[L(x,0)] = (1 - p(0)*)07

) 2
SYC I . T—
From the first lines in each of these expressions
Ey[L(x,1)] < Ex[L(x,0)] <= p(1)*> > p(0)%.

For the first item in the proposition, we compare the squared correlations as before, iso-
lating the covariance between expertise and GAI boost from the other parameters:

2 2
0'721+0'ng > < (7',% )

/o2 1 2
Un\/a,%+2(7ng+c7g+c7§ Tny/ O + 0¢

for GAI to increase accuracy (reduce expected loss). Manipulating these expressions,
some straightforward algebra yields
o202 )2 (o3) 02072

g
= gt 55 >S5t | 5=
(”g 02 4 02 02 + 02 (a,%+a§>

252

which leads to two conditions
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Simplifying further, the first inequality leads to:

2
+=_0 22 1 52(02 + o2 2
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And the second inequality yields a negative cutoft:
2
0,
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Although our covariance is negative and close to zero, we need to make sure it is not
lower than ¢~ in the Proposition 1. Using Lemma B4, we can directly compute the cor-
relations between the signal level (receiver rating) and expertise when GAI is used, and
separately when it is not used. We call this pg—; and pg—p. Because the correlations are
positive, accuracy decreases with GAI if we can reject the null that pg—1 — pg=o > 0. We
bootstrapped the distribution of this difference. We cannot reject that this difference is
equal to zero at conventional levels. However, the mean of the difference between the
correlations is -0.003, with a bootstrapped standard error of +0.02. The negative mean
suggests that accuracy would decrease.

We now turn to the thresholds in Proposition 2 that determine if ChatGPT increases the
level of the signal. We use the following result:

Lemma B5. Letég > r > 0, s0 the mean GAI boost is not too small. Let s*(G) denote the signal
(“pitch” quality) when GAI use is G = 0,1. GAI increases the average level of the signal if and
only if one of the following equivalent conditions hold:

S

1. oyg > o, where 05 is a negative constant, or

Cov(en,s*(1))  Cou(en,s*(0))
Var(s*(1)) Var(s*(0))

and strictly decreases it otherwise.

Proof. Lemma B5. Define s*(G) = s —a* for G = 0,1. We need to establish that s*(1) —
s*(0) > 0, which is equivalent to 77(1) — 7r(0) > —&;/r. The first item in the proposition
comes from some algebra,

eg(05 + 03 + 02) (07 + 02) — rojog

8
02(28 — 1) +02(28, + 1)

angzasz—

Note that 0° is a negative constant. The second item follows from the definition of 77(G):

Cov(en,s*(1))  Cov(en,s*(0))

(1) = 7(0) = —g /1 = Var(s*(1)) Var(s*(0))

[

Lemma B5 states that comparing the covariance between expertise and GAI boost is
equivalent to comparing coefficients from linear regressions. The first term on the left-
hand side of condition #2 in the lemma is the coefficient on the signal when we regress
expertise on the signal in the case that senders used GAI The second term is the coefficient
on the same regression but estimated over the no-GAI condition.

We reject the hypothesis that the LHS is less than the RHS. We computed this using
a regression predicting expertise using the ratings and the interaction of ChatGPT and
ratings. The difference in the left-hand side of #2 in the lemma is the coefficient in the
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interaction from this regression. We then compare this interaction coefficient to the mean
of A as a proxy for —é&,/r. We reject that the coefficient on the interaction is less than
the mean of A, and the p-value is less than 0.001. This suggests that the signal level will
increase with ChatGPT use.

Finally, to test whether GAI increases the variance of the signal, it suffices to run a re-
gression of expertise and GAI boost (measured as A in Definition 1). A coefficient smaller
than —1/2 implies that GAI reduced the variance of the signal. When we run this regres-
sion on our data, we find a coefficient of -0.01 with a standard error of 0.03. We reject that
this coefficient less than -1/2, although we do find in our reduced form estimates that the
signal variance lowers with ChatGPT.

C Subject Instructions

C1 Instructions for Senders

Below are the instructions that we gave to senders in the education industry in the en-
trepreneurship context. The instructions are similar for senders in the retail industry in
the entrepreneurship context and in data science/management consulting backgrounds
in the hiring context.

C1.1 Without ChatGPT Conditions

[Expert Task] For the education and training industry:

e Write a pitch to a potential investor (500-1500 characters) that describes a major
problem that challenges the industry and a potential solution to address it.

* Explain your qualifications to tackle this problem and solution and make a persua-
sive case for them to invest in you.

* We will show your pitch to an actual investor in the industry, and your pitch will be
judged on its quality.

¢ Please do not use ChatGPT to compose your pitch.

[Non-Expert Task] Now imagine that you would like to switch to the retail industry:

e Write a pitch (500-1500 characters) to a potential investor that describes a major
problem that challenges the industry and a potential solution to address it.

* Explain your qualifications to tackle this problem and solution and make a persua-
sive case for them to invest in you.
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¢ Please do not use ChatGPT to compose your pitch.

Of course, you are not currently in the retail industry. So you will need to make your
actual experience sound as similar to retail as possible.

We will show your pitch to an actual investor in the industry, and your pitch will be
judged on its quality.

C1.2 With ChatGPT Conditions

We would now like to encourage you to use ChatGPT, an Al-based chatbot, to enhance
your two pitches. To do so:
1. Please go to https:/ /openai.com/blog/chatgpt/.
2. Click the "try ChatGPT” button.
3. Sign up for a free account or log in with an existing account.
4. Type directions into the chat. For example, “write a startup pitch for the education
and training industry.”

In case you have not seen ChatGPT before, here are some suggestions:

1. Type "Write a startup pitch for the education and training industry.” Then, edit or
develop the output further to make sure it reflects your voice, qualifications, and
message.

2. You can also copy your first pitch(es) into ChatGPT, and ask the program to improve
the level of detail, specifics and/or vocabulary.

Feel free to use ChatGPT as you see fit to maximize your impression of the investors.

First, use ChatGPT to edit and improve your pitch for the education and training in-
dustry (repasted below).

Second, use ChatGPT to edit and improve your pitch for the retail industry (repasted
below).

C2 Instructions for Receiver

Below we include instructions that we gave to investors in the education and training
industry in the entrepreneurship context. The instructions are similar as for receivers
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in the retail industry in the entrepreneurship context, as well as for those with data sci-
ence/management consulting backgrounds in the hiring context.

In this exercise, you're going to read and evaluate eight startup pitches in the education
and training sector. These letters were written by real entrepreneurs who are trying to get
an investment.

Some of the letters were written by people who DO NOT have any relevant education
and training experience. Their letters likely contain exaggerations of their qualifications
and experiences—in an effort to convince you that they are worthy of getting investment.

Other letters were written by entrepreneurs who DO have an education and training
background and whose qualifications are legitimate.

Both groups are being rewarded for convincing investors (such as yourselves) that they
are qualified and worthy of getting funding—even though some of them are actually
NOT. As such, they’ve tried their best to write a persuasive and convincing pitch.

We need your help finding good pitches and differentiating the two groups.

Before you begin, please note that some subjects have received help writing their pitches
from Al (specifically ChatGPT). We are able to tell which pitches used the AI/ChatGPT
assistance, and will provide you with this information about each pitch.

Please note that ChatGPT/ Al was used both by qualified and unqualified entrepreneurs.

The Al assistance could possibly help qualified entrepreneurs convey their experience
and expertise more clearly.

It could also help unqualified entrepreneurs exaggerate their experience.

In the pitches you will review, the qualified entrepreneurs were equally likely to use
AI/ChatGPT assistance as the unqualified ones.

For each pitch, you will be asked to:

* Evaluate whether you believe the person was ever an entrepreneur in the education
and training sector formerly (or currently).

* Suggest a decision about proceeding with the pitch for possible investment.

¢ Decide whether to conduct market research on the idea.

¢ After you submit your answers, we will verify which subjects actually have educa-
tion and training entrepreneurship experience. Your answers to this survey will be
judged based on this ground truth.

C3 Pitch evaluation questions

Please evaluate whether you believe the candidate was ever an entrepreneur in education
and training formerly (or currently) on a probability of 0-100 (in buckets of 20, e.g., 0-20,
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Pitch #4 Pitch #5
This response used ChatGPT.

Figure C2

20-40...).

Please rate the following pitch on a scale of 1 to 5 (1=not convincing at all, likely would
not get an interview for investment; 3=somewhat convincing, likely to be interviewed;
5=very convincing, likely to get interview and investment).

Suppose we offered you the ability to do market research on this idea. A third party
would ask a set of potential customers to evaluate the idea, so that you could have greater
confidence and transparency in the idea. How much would you be willing to pay for the
market research from $0-100 USD? (in buckets of 20, for example, 0-20, 20-40...).

Figure C2 illustrates this evaluation task. The pitch on the left uses ChatGPT, while the
one on the right does not. Each receiver evaluates eight of such screens.
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D Additional empirical results

Table D1: ChatGPT and Beliefs of Expertise

(1) (2)
Pr Sender Pr Sender
is Expert  is Expert

ChatGPT Used in Pitch .0045 .0077
(.0076) (.0073)
FEs - All
R? .000068 41
DV Mean 45 45
Observations 6,446 6,446

Notes: The table shows results from regressing the probability that receivers expect senders
to be experts on ChatGPT. Robust standard errors (in parentheses) are clustered at the
receiver level.

+p<01,*p <0.05 **p <0.01,*** p < 0.001

Table D2: Expert Signal Quality is Higher

1) 2) ©)
Signal Level Signal Level Signal Level
(Rating) (Rating) (Rating)

Expertise 6% 3 7%

(.031) (.045) (.046)
FEs All All All
R? 37 52 56
DV Mean 29 29 2.8

Observations 6,446 3,246 3,134

Notes: The table shows results from regressing the level of the signal on whether senders are
experts. Robust standard errors (in parentheses) are clustered at the receiver level.
+p <0.1,*p <0.05* p <0.01, ** p < 0.001
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D1 Difference between Hiring and Entrepreneurship Contexts

Table D3: Summary Statistics by Setting

Startup Hiring Difference

Sender’s True Expertise (0/1) 0.49 0.50 -.0083
Receiver’s Belief Sender is an Expert (p) 0.43 0.47 -.034%**
Variance of Receiver Belief, p - (1 — p) 0.17 0.17 .00033
Log(Variance of Receiver Belief) -1.84 -1.84 .00089
Squared Error: [True Expertise - Receiver Belief]>  0.30 0.31 -.01
Log(Squared Error) -1.97 -1.92 -.049
Level of Signal (Rating 1-5 by Receiver) 2.78 297 - 19%**
Log(Level of Signal, Rating) 0.90 0.98 -.083***
Level of Signal (NLP) 59.76 63.51 -3.7%%*
Log(NLP Rating) 4.03 4.12 -.089***
Variance of Rating 1.55 1.48 .068*
Log(Variance of Rating) -0.76 -0.86 .095%
Variance of NLP Rating 247.68 187.72 60***
Log(Variance of NLP Rating) 4.05 3.81 23k
Receiver WTP 38.59  38.11 48
Receiver WTP (1-5 Rating) 243 241 024
Log(Receiver WTP) 3.36 3.34 .012

Notes: This table contains summary statistics for our hiring and entrepreneurship settings.
The average dependent variables are similar across the two settings.

+p <01,*p<0.05,*p <0.01,** p < 0.001
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Table D4: Effect Differences by Setting

1) (2) 3) 4) ) (6)
2 Varlan.ce of Rating NLP Varof Varof
Error Receiver by Receiver Rating Ratin NLP
Belief y & &
ChatGPT -.0083 .0028 .091** 12%** -12%  -166%**
(.01) (.0028) (.045) (.36) (.063) (15)
ChatGPT x Startup  .018 .0062* .054 9.3%*  -026 -41
(.015) (.0037) (.063) (.59) (.086) (31)
FEs All All All All All All
R? 2 26 37 72 27 51
DV Mean 31 17 2.9 62 15 218
Observations 6,446 6,446 6,446 6,448 6,446 6,448

Notes: This table shows differences in the main dependent variables by whether the task is in
the entrepreneurship (Startup=1) or hiring (Startup=0) settings. The columns include sender,
receiver, domain, and order fixed effects. Robust standard errors (in parentheses) are

clustered at the receiver level.

+p <01,*p <0.05 **p <0.01, *** p < 0.001
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