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Abstract

How does generative AI use affect the perceived quality of online reviews? Our
large-scale analysis of recent restaurant reviews on Yelp.com and product re-
views on Amazon.com shows that detected use of generative AI in review writing
is associated with significant declines in perceived quality. These results are sim-
ilar both in OLS and in two-period differences-in-differences estimation based on
within-reviewer changes in AI use. Moreover, we document that the results are
driven by reviews without expert reviewer badges. Three pre-registered studies
recreate this effect from the field and further establish that 1) simply informing
readers that a review is written by AI, regardless of whether it actually is, re-
sults in lower perceived review quality, and 2) this effect largely disappears when
reviews are described as based on verified customer experiences, suggesting that
suspicion of fake reviews is a primary driver of the observed effect.
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1 Introduction

Online reviews and ratings are a core part of the internet for contemporary consumers,
allowing them to freely access crowdsourced information on a wide variety of prod-
ucts and offerings that would otherwise be costly to learn independently. This online
review ecosystem is essential to many major internet commerce platforms and com-
panies, and also provides broader social surplus by way of an improved information
environment and resulting efficiency gains (Reimers and Waldfogel 2021, Chevalier
and Mayzlin 2006, Babić Rosario et al. 2016). Importantly, this ecosystem relies both
on the content itself, which determines how useful the information is, as well as con-
sumer perceptions of that content, which determines how used that information is in
decision-making (Mudambi and Schuff 2010).

At the same time, the production process for user-generated online reviews is cur-
rently undergoing a massive paradigm shift following the recent release of ChatGPT
and other generative AI tools, as widely available generative AI chatbots offer brand-
new ways for reviewers to produce content. On the one hand, some observers argue
that easier access to generative AI will yield higher-quality reviews, particularly from
users who struggle with grammar or fluency (Noy and Zhang 2023, Li et al. 2023b).
On the other hand, there are concerns that generative AI usage may lead to low-
effort review production that may deteriorate overall information quality and lead
consumers to trust online information less (Castelo et al. 2019, Longoni et al. 2019,
Brynjolfsson et al. 2023, Doshi and Hauser 2023, Roose 2023). A meaningful deterio-
ration in trust, in particular, could lead to significant losses for review platforms and
affected businesses (as well as efficiency losses for society as a whole) if consumers
become less inclined to rely on otherwise-useful information simply because they per-
ceive it to be more unreliable, even if the average information value of content is in
fact largely unchanged or improved.

In this paper, we present novel empirical evidence that usage of generative AI is
associated with significantly lower perceived review quality, both in two large-scale
field studies and in three pre-registered online experiments. Our evidence suggests
that, while positive effects may be possible from responsible generative AI usage,
negative effects associated with AI-written product reviews currently predominate in
the environments that we inspect. This is reflected in lower perceived review quality,
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defined as consumers’ subjective judgments of characteristics such as helpfulness,
usefulness, and persuasiveness.

First, we investigate field data from two prominent websites that feature online
reviews, Yelp.com and Amazon.com, using samples of hundreds of thousands of re-
views written before and after ChatGPT’s public release. On both of these major
online review websites, we find that detected use of generative AI is associated with
significantly lower perceived quality of content as measured by other users’ ratings of
the usefulness (or helpfulness) of reviews. 1 For Yelp.com, detected AI usage in the
review production process is associated with a 16.6% standard deviation decrease in
the number of "useful" votes, while for Amazon.com, detected AI usage is associated
with a 14.2% standard deviation decrease in the number of "helpful" votes. This
result holds across a variety of robustness checks and alternative specifications, in-
cluding those that regress against different measures of review quality, specifications
with and without a rich set of controls, and even a stringent two-period differences-in-
differences estimation that identifies the effect from only within-reviewer changes be-
tween the pre-period before ChatGPT’s public release (January 2022-November 2022)
and the post-period (December 2022-September 2023). This differences-in-differences
model controls for both potential selection into ChatGPT adoption and potential as-
sociations between review recency and accumulated ratings through author and time
period fixed effects, respectively. In this specification, comparing quality changes
within-reviewers across the pre- and post-release period, we find that a standard de-
viation increase in AI adoption leads to a highly significant 6.5% standard deviation
decrease in useful votes on Yelp, compared to null effects in the pre-period.2

We also find evidence of significant heterogeneity in this deleterious effect of de-
tected AI usage, associated with the presence of expert reviewer badges. Splitting
our sample between reviews with expert status badges (written by "Elite" reviewers
on Yelp, or "Vine Voice" reviewers on Amazon) and those without, we find that this
negative review quality effect appears to be driven entirely by non-badged reviews in

1We use ZeroGPT, an online provider of generative AI detection software, to classify reviews as
detected to involve AI usage or not; while this ZeroGPT-detected usage may not correspond exactly
with actual usage, in a subsequent online experiment we show that detected AI usage significantly
predicts participant perceptions of AI usage.

2Coefficient estimates for differences-in-differences model on our Amazon.com sample are similar,
although we have a far smaller matched sample of tracked reviewers in both periods for that sample,
and results are not statistically significant.
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our differences-in-differences specification: non-badged reviews account for the entire
observed effect for Yelp.com, with a tightly estimated zero effect for badged reviews,
and point estimates are approximately twice as large for non-badged versus badged
reviews in our Amazon.com sample.

While this field evidence suggests a strong negative effect of AI usage, one may still
be concerned that there are further confounds or spurious artifacts of the data that
we are not able to observe or control for in our empirical specifications. Moreover,
our field results may be driven by some combination of effects of actual AI usage
and effects of perceived AI usage, but in our observational panels we are unable to
separate these two potential effects, as perceptions of AI usage and actual AI usage
are likely to be highly collinear.

To alleviate such concerns, we conducted three controlled online experiments. In
our first pre-registered study, we decompose the effect between effects of perceptions
of AI usage and effects of actual AI usage, either of which may plausibly explain the
patterns we find in our field data. We present participants with reviews that are
either 1) explicitly described as AI-written and are actually AI-written, 2) described
as human-written and actually AI-written, 3) described as AI-written and actually
human-written, or 4) described as human-written and actually human-written, and
then ask participants to rate each such review across a set of perceived quality di-
mensions. Comparing these conditions, we find a strong negative effect on perceived
quality of described AI use, but no effect of actual AI use: identical sets of prod-
uct reviews, when described as generated by ChatGPT, are rated as significantly
lower-quality across a wide set of dimensions, including usefulness, helpfulness, and
persuasiveness. However, when told that reviews are human-written, participants
do not perceive AI-written reviews as lower-quality compared to human-written ones.
This evidence suggests that the negative penalty associated with AI usage stems from
whether a product review is perceived to be written by AI, rather than whether it
was actually written by AI or not.

We dig further into this perception-channel result with a second pre-registered
study, which seeks to determine the extent to which this penalty against perceived
AI usage is due to a higher perceived likelihood of review “fake”-ness versus a more
general anti-AI bias in quality evaluation. We addressed this by replicating Study 1
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and further manipulating the informed agent: participants were told that each review
was either generated by a human, generated by AI, or written by a human and then
edited by AI; and (for each of the above) were either told nothing beyond that, or told
that the review was based on a “verified in-person experience”. These 6 conditions
allow us to separate general anti-AI bias versus suspicions that the information in
AI-generated reviews is simply fabricated. Results show that the penalty on AI
perceptions is increasing in the degree of AI involvement (there is a significant negative
penalty on “AI-edited”, but smaller than the negative penalty on “AI-written”), and
also that effects are attenuated to null differences for any reviews based on “verified”
customer experiences, both for the “AI-edited” and “AI-written” conditions. This
suggests that more AI involvement increases the penalty on perceived quality, and
that this perceived quality penalty is primarily assessed due to the suspicion that
such reviews do not represent actual customer experiences.

Finally, in a third pre-registered study, we test whether these negative perceptions
of AI-perceived reviews can explain lower ratings in a random sample of 50 reviews
from our field data, 25 of which were detected to involve AI usage and 25 of which
were not. This allows us to both test the effect of detected AI usage on perceptions
of quality, absent any confounds that may exist in our field data, and to test whether
this effect is moderated by perceptions of AI specifically. Here we again find a sig-
nificant negative effect of detected AI writing on perceived quality measures, with
a large negative effect on perceived review authenticity and sincerity in particular,
and moreover find that this effect is strongly driven by reviews that are detected to
involve AI usage and that are perceived as such by participants. We also evaluate
the relationship between participants’ perceptions of AI usage in review writing and
detected AI usage and find that detected AI usage, using the methodology that we
employ to analyze our field data, significantly predicts participant perceptions of AI
usage in our experimental study.3

Taken together, this suggests that perceptions of AI usage may impose a significant
penalty on the perceived quality of online reviews among consumers, and that such

3The magnitude of the observed positive relationship is modest in magnitude, although still highly
significant, which suggests imprecision in human perceptions of AI usage, closely in line with earlier
work (Ma and Luo 2023). Such imprecision would likely attenuate the effects observed in our field
evidence, suggesting that our estimates may be a conservative lower bound on the true effect.
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an anti-AI bias may explain the strong negative effect that we estimate for Yelp.com
and Amazon.com reviews detected to involve AI usage. While we cannot rule out
the possibility that other candidate mechanisms may also contribute to this observed
effect in the field, we here present novel evidence that such bias against perceived
AI use is salient and that reviews that are detected/perceived to involve AI usage
are already being rated as significantly lower-quality in the real world, likely because
they are more often suspected to be fake. For managers of online review platforms,
this suggests that perceived generative AI usage is a pressing danger to the quality
of their product in the absence of an intervention to attenuate the threat.

At the same time, the pattern of our results also points towards a simple mitigation
strategy that managers may choose to pursue: offering badged reviewer-validation
programs, such as Yelp.com’s "Elite" program or Amazon.com’s "Vine Voice", ap-
pears to reduce the observed effect to undetectable levels, possibly because they assure
readers that such reviews are not fake. Introducing or expanding such programs may
prove an essential strategy component for user-generated content websites in this
new era of automated text production. And for policymakers, to the extent that they
seek to maintain the public goods of trustworthy user-generated ratings on online
review websites, subsidizing the maintenance of such programs may help facilitate
the broader social surplus of credible online reviews and ratings. Our field evidence
suggests that such programs could serve as a strong first line of defense.

The rest of this paper is structured as follows. Section 2 details the relationship
of this paper to prior literature. Section 3 presents the empirical analysis of our
field evidence from Yelp.com and Amazon.com, including descriptive statistics on the
adoption of generative AI, OLS and differences-in-differences estimates of the effect of
detected AI usage on review quality, and evidence on the heterogeneity of this effect
across reviewer badge status. Section 4 presents evidence from three pre-registered
experiments that recreate this observed effect from the field and establish bias against
perceived AI usage as a valid potential mechanism. Section 5 concludes.
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2 Relation to Prior Literature

This paper contributes most directly to the new and burgeoning literature on the
effects of generative AI on businesses and the economy at large. This includes Bryn-
jolfsson et al. (2023), who found that generative AI has positive productivity impacts
for online experiment participants, especially lower-skill ones; Capraro et al. (2024),
who model how generative AI may exacerbate inequalities in the workplace; Otis et al.
(2023), who find that generative AI leads to productivity improvements for high-skill
entrepreneurs but productivity declines for low-skill entrepreneurs; Hui et al. (2023),
who find that affected online freelancers see declines in both earnings and employ-
ment after the advent of generative AI; and most relevant to the current study, Burtch
et al. (2023), who find that the advent of generative AI negatively harmed content
quality on StackOverflow, principally due to user exit from the platform. Our study
contributes novel evidence, in two new contexts and with rigorous empirical research
designs, that perceived content quality of online reviews is penalized when the review
is perceived to be produced using generative AI.

Second, this paper also contributes to the literature and discussion on trustworthy
AI. Trustworthy AI encompasses multiple critical dimensions including robustness,
fairness, explainability, privacy, safety, and accountability (Li et al. 2023a, Kaur et al.
2022, Kowald et al. 2024). While Thiebes et al. (2021) identify accuracy and account-
ability as core principles in this effort, a significant gap remains between abstract or
high-level trustworthy AI principles and their implementation or perception in prac-
tice (Díaz-Rodríguez et al. 2023). Our research examines the harm caused by the per-
ceived “fakeness” of AI-generated content—specifically, online reviews—and proposes
interventions to enhance the trustworthiness of both the system and AI-generated
outputs. Brundage et al. (2020) emphasize that verifiable claims and mechanisms to
support accountability are essential for building user trust in AI systems, particularly
through audit trails and transparency measures. Building on this foundation, our
work contributes novel experimental evidence on how platform-level verification in-
terventions can effectively mitigate trustworthiness failures in user-generated content
platforms.

Third, this paper contributes to the literature on algorithm aversion, such that
they prefer humans over AI in various domains. For example, in the domain of recom-
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mendations, Longoni et al. (2019) found that people trust AI less than human doctors
in making medical recommendations because they believe AI cannot account for indi-
vidual needs and circumstances. Yeomans et al. (2019) also found that people relied
less on algorithms for making joke recommendations because it is hard to make sense
of the underlying recommendation process. In the domain of making forecasts and
predictions, Dietvorst et al. (2015) found that people prefer the forecast of humans
over algorithms after seeing an algorithm err, even though the algorithm can make
better forecasts. Dargnies et al. (2024) looked at algorithm aversion in the domain
of hiring decisions and found that people are less averse to algorithms when they are
blinded, and transparency of algorithms does not have an effect. In the domain of
creativity, Bellaiche et al. (2023) demonstrates a general negative bias against AI-
created artworks. Chiarella et al. (2022) found that prior knowledge of AI authorship
negatively influenced the aesthetic appreciation of abstract paintings. Horton Jr et
al. (2023) also find a bias against AI art, but find that this can actually enhance
perceptions of human creativity. Looking across domains, Castelo et al. (2019) found
that people trust algorithms less in performing tasks that are perceived as subjective
(vs. objective) or that are based on personal intuition and opinions. The general ten-
dency of aversion and resistance to AI can be categorized into different psychological
mechanisms: lack of understanding of AI, emotionlessness of AI, inflexibility of AI,
lack of autonomy due to usage of AI, and lack of humanness in AI (De Freitas et al.
2023). This paper contributes novel findings on an analogous bias against AI usage in
online reviews, providing new evidence that a similar anti-AI bias may extend to this
domain and pose a present threat to online review platforms, businesses, and users.

Finally, this paper also contributes to the extensive marketing literature on eWOM
creation and the determinants of credibility in online reviews. For a recent review
of the eWOM creation literature, see Babić Rosario et al. (2020). More specifically,
recent work on determinants of credibility on online includes Clare et al. (2016), who
find that review helpfulness and review credibility are strongly linked; Craciun and
Moore (2019), who find that emotional content may reduce perceived credibility of
reviews, especially for female reviewers; Chevalier and Mayzlin (2006); and Lim and
Van Der Heide (2015), who examine how reviewer attributes affect attitudes towards
reviews through perceptions of competence. This study contributes novel evidence on
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how the perceived adoption of a brand-new tool, generative AI chatbots, may further
impact perceptions of authenticity and helpfulness in online reviews. Building on this,
the present work also relates to the subliterature on fake reviews, including Dong et
al. (2019) and He et al. (2022), among others; see Wu et al. (2020) for a more extensive
literature review. This paper contributes new evidence that ChatGPT threatens to
erode the trust environment around online reviews even more than before.

3 Field Evidence from Yelp.com and Amazon.com

3.1 Data

We collected consumer reviews written in both the pre- and the post-ChatGPT re-
lease periods from two popular online platforms, Yelp.com and Amazon.com, through
scraping the front-facing webpages of both sites.

Yelp.com: Restaurants in San Francisco

Yelp.com is a popular website that allows users both to post reviews for brick-and-
mortar local businesses and to vote on how useful, funny, and cool the posted reviews
are. For this study, we gathered all Yelp.com reviews of restaurants in San Francisco,
including the full text of reviews and all user-generated responses to these reviews,
with the set of local businesses gathered directly from the Yelp API. We focus on San
Francisco because this is a tech-savvy area that would likely feature some users who
would employ ChatGPT in review production. We restrict our attention to the 78.5%
of this sample that are restaurants, for a final sample of 3082 restaurants, to ensure
comparability across stores. Data were collected during September 2023, and contain
all reviews dating from January 2022 to August 2023. Reviews data contain review
text, number of user votes on review "useful"-ness, "cool"-ness, and "funny"-ness, as
well as reviewer first name, last initial, and place.4 The data also contain markers for

4For example, Aaliyah S., Foster City, CA. Note that this identifying information is only ap-
proximate; while we use "reviewer" throughout this text to refer to reviews written with the same
identifying information, such language refers to e.g. all reviews written by the sample of all Aaliyah
S.’s from Foster City, CA. In all of our differences-in-differences specification, we present pre-period
estimates to test that the observed relationships are not driven by any spurious correlation between
outcomes and measurement error for reviewer designations.
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whether the reviewer belongs to the "Yelp Elite Squad" group, a subgroup of users
that undergo an annual vetting process from Yelp.com staff, based on review quantity
and quality, in exchange for the public badge and some benefits. Restaurant data
also contain location information and, for most restaurants, a coarse measure of the
price range, reported on a scale of “$” to “$$$$”.

Amazon.com: Camera, Photo and Video category

Amazon.com is a major online retailer that allows users to post reviews and ratings
on product pages. For this study, we gathered reviews from all posted Amazon.com
products that were listed under the "Camera, Photo and Video" category for the
price ranges of "< $25", "$25-$50", "$50-$100", "$100-$200", and "$200+". Data
were collected in October 2023, and although they include some reviews dating all
the way back to the late 1990s, 90% of the sample is from 2018 to 2023. Due to
practical constraints on web-scraping on Amazon, we collect the first page of reviews
from each product, up to a maximum of 10 reviews per product.5 We focused on
the "Camera, Photo and Video" category to keep data collection times feasible, and
because we expect that interest in technology products may correlate with likelihood
to adopt GPT in review production. Review data include review text, number of user
votes on review "helpful"-ness, as well as the reviewer’s Amazon account page URL,
which we use to uniquely identify reviewers. Data also include "Vine Voice" badges,
which designate whether a reviewer belongs to the "Vine Voice" program. Similar
to the Yelp "Elite" program, this is an invitation-only program for reviewers writing
many high-quality reviews.6

Detection of GPT use in review writing

We detect the use of generative AI in the writing of the Yelp.com reviews using
ZeroGPT, an online service for detecting the presence of generative AI-generated

5As we discuss in greater detail below, one may be reasonably concerned that our results may
be meaningfully affected by ranking algorithms, which determine which reviews are placed more
prominently and, in the case of Amazon, which reviews may be observed in our data. While we
argue that our field results are unlikely to be solely driven by such bias, this and similar concerns
motivates our extension to experiments in later sections, where we show that results qualitatively
hold in out-of-sample experimental replication without any ranking confounds.

6For more details, see https://www.amazon.com/vine/about.
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language in text. This service categorizes Yelp.com reviews according to a set of clas-
sifications, graduating from “Your Text is Human-Written” to “Your Text is Written
by AI/GPT”. We collect all labels delineating a high likelihood of AI/GPT use into
a single binary indicator for use of AI/GPT. The ZeroGPT website claims to have a
1% to 2% false positive rate, a rate that correlates closely to the degree of AI writing
detected in our samples prior to the release of ChatGPT on November 30, 2022.

However, such scorers are still by nature imperfect, and this reported false pos-
itive rate may overstate the accuracy of the ZeroGPT scorer (Ma and Luo 2023).
Therefore, we refer to all reviews detected as AI-written by ZeroGPT conservatively
as "detected" AI reviews, to emphasize that this may not correlate with 100% ac-
curacy with actual AI-written reviews. In one of our pre-registered experiments,
presented in Section 4, we show that participant perceptions of AI usage in review
writing is significantly predicted by such ZeroGPT "detected" AI usage. Following
this, we interpret and present our results of "detected" AI usage from ZeroGPT scor-
ing as measuring the effect of perceived AI usage on quality metrics in the field, which
may combine any effect of actual usage (to the extent that actual usage corresponds
to perceived/detected usage) and any separate effect of the perception of AI usage
specifically.7

Finally, to further account for the possibility that false positives may be associated
with review attributes, we separately estimate the effect of detected AI writing both
before and after ChatGPT’s release in order to test for any confounds in the pre-
release period. This measurement of pre-period effects helps us gauge the estimated
relationship between false positives and our associated outcomes, providing a baseline
for comparison for the post-GPT release measured effects.

After dropping the 23.3% reviews that do not contain enough text for ZeroGPT clas-
sification, our Yelp.com data contain approximately 29 reviews, on average, for each
restaurant in our sample, for a baseline Yelp.com dataset of 79,233 scored reviews.
Our Amazon.com data contain 124,513 reviews with enough text for ZeroGPT classi-
fication. For outcome measures, we focus on the perceived review quality, measured

7While it is outside of the scope of the current study to separately identify the effects of actual
versus perceived usage in our field data, we show in our later lab studies that the effects of perceptions
of AI usage on perceived quality may alone be sufficient to explain the patterns we find in our field
evidence.
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in terms of the number of "useful" votes or "helpful" votes that a review received
from other Yelp.com users or Amazon.com users, respectively. We also present ro-
bustness checks on alternative measures that are voted on for Yelp.com, namely the
number of "cool" and "funny" votes that a review received. Using review text and
associated metadata, we construct a number of review characteristics for inclusion as
controls, including sentiment valence using the VADER lexicon (Hutto and Gilbert
2014), review wordcount, star rating of reviews, dummies for price category and, in
the case of Yelp, dummies for restaurant category. Summary statistics are presented
in Table 1.8 Finally, we remark that both Amazon.com and Yelp.com implement
ranking algorithms for determining which reviews to feature most prominently; this
further motivates our inclusion, in every specification, of pre-period detected-AI mea-
sures, which we suggest would capture if reviews with similar attributes are simply
more likely to be ranked either higher or lower.9

3.2 Observed Patterns of Detected AI Adoption

We first present observational data on the patterns of adoption of generative AI in
our two samples, to show how AI adoption is unfolding over time and across review
types in our data.

Over Time

For both samples, we detect a statistically significant increase in detected generative
AI adoption in review production after the public release of ChatGPT10 that is also
visually salient in the binscatters of detected AI usage rates across 2022 and the first
9 months of 2023, as presented in Figure 1. In the case of Yelp, AI adoption spikes in

8Note that, for ease of comparison across these two different contexts, we standardize our outcome
variables to express effects in terms of standard deviation shifts in perceived quality in all regressions.

9Nonetheless, one might expect that this could lead to an “acceleration” of observed field effects
if upvotes tend to beget more upvotes, as reviews with a small mass of upvotes may earn more
upvotes by virtue of their more competitive placement. We argue that such a bias would be unlikely
to qualitatively change the direction of effects. More broadly, this and similar concerns around
potential biases in field data motivate our focus on experimental results in later sections, which are
ensured to be free of such biases.

10Regressing an indicator for the post-release period on a dummy for whether AI was detected in
the writing of the review, for each respective sample we find a highly significant increase: βAmazon =
0.019, t124971 = 15.9, p < 0.001, and βY elp = 0.007, t79231 = 6.88, p < 0.001.
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Table 1: Summary Statistics

Yelp.com Sample Amazon.com Sample

Mean SD Mean SD

"Useful" votes 1.33 (5.51) . (.)

"Funny" votes 0.49 (3.26) . (.)

"Cool" votes 1.05 (4.97) . (.)

"Helpful" votes . (.) 6.52 (32.61)
Star rating 4.15 (1.21) 4.29 (1.06)
Valence 0.22 (0.11) 0.68 (0.49)
Word count 108.50 (88.13) 166.83 (193.81)

Observations 79233 124513

Notes: Summary statistics of outcome measure and controls. Sample based on Yelp reviews for
restaurants in San Francisco area and Amazon reviews for "Camera, Photo and Video" category,
with GPT use detected using ZeroGPT. Valence measured using the VADER lexicon.

the first few months of 2023 from around 1.5% to 3.5%, before moderating over the
summer to 2.5%; while in the case of Amazon, detected AI use doubles from around
3% to approximately 6% after the release of ChatGPT.

We remark that while the scale of the y-axis is wide due to the spike in March
of 2023, the final level of detected GPT use in July 2023 is still approximately 50%
higher than July 2022 on Yelp.com, with a level of around 2.3% versus 1.5% previously.
This is a similar order of magnitude to the rough doubling of detected GPT use on
Amazon.com over the same period, from 3% to 6%.

In both cases, we see that there is a meaningful proportion of reviews detected as
generated with AI prior to the release of ChatGPT. This suggests that around 2%-
3% of detected AI-involved reviews arise false positives from the ZeroGPT detection
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Figure 1: Adoption of Generative AI Over Time
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Notes: Adoption of generative AI over time for Yelp restaurant reviews in San Francisco and
Amazon reviews of "Camera, Photo and Video" category products. Y-axis shows the detected
percentage of reviews that were generated using generative AI, X-axis shows the date. Use of
generative AI scored using ZeroGPT.com. Sample based on 79,233 reviews gathered from
Yelp.com for the universe of restaurants in San Francisco, and 124,513 reviews gathered from
Amazon.com for the "Camera, Photo and Video" category.

software, roughly in line with the reported rates from ZeroGPT.11 In light of this,
in order to ensure that our results are not driven by false positive rates in GPT
detection, in our empirical analysis we separately analyze the effects of detected GPT
use prior to the broad release of ChatGPT versus afterwards, and focus primarily
on the difference between the pre-release estimates and post-release estimates as the
measure of detected ChatGPT adoption’s effect on review production. This measured
pre-period effect should capture the association between the types of reviews likely to
be false-positively detected as using AI in writing, and thus helps ground expectations
as to the direction and magnitude of bias from the inclusion of some proportion of
false positives in the post-GPT release period.

11It may also be the case that some reviewers were using earlier versions of LLMs to produce
reviews; we cannot separately identify them here.
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Across Review Characteristics

Next, we inspect adoption over different types of reviews. Namely, we inspect whether
generative AI is more likely to be employed in the production of a 5-star review, or a
1-star review; a positive or a negative review; or a longer or shorter review (as defined
by wordcount).

Broadly speaking, reviews written with generative AI versus reviews written with-
out appear to show similar J-distributions of star ratings, presented in Figure 2. This
suggests that GPT-written reviews are not exclusively being used to "flood" either
1-star or 5-star reviews, at least in our data samples, but are instead being adopted
by users with a similar spectrum of feedback and ratings as in the part of the sample
detected to be written without AI assistance. Distributions of review valence and
review wordcount across GPT-written and human-produced reviews are also highly
similar, presented in Appendix Figures A4 and A5. The only salient difference is
that GPT-written reviews appear to be more scarce in the lowest wordcount buckets,
which is consistent with the common belief that such reviews are less likely to be very
short.

3.3 Econometric Specification

To assess the impact of generative AI on perceived quality and volume of reviews,
we employ three primary econometric specifications. First, we use a simple ordinary-
least-squares (OLS) regression on a dataset of scored individual reviews to investigate
the association of generative AI use and observed perceived review quality, as mea-
sured by the number of user-generated "useful" or "helpful" votes on the given review
qijt, where GPTijt is a binary measure of whether generative AI was detected in the
production of review i by reviewer j in period t and Xijt represents a vector of con-
trols. βGPT−pre measures the effect of detected AI usage on perceived review quality
in the pre-ChatGPT-release period of January 2022 through November 2022, and
βGPT−post measures the effect of detected AI usage on perceived review quality in the
post-ChatGPT-release period of December 2022 to September 2023.

qijt = GPTij,t=0βGPT−pre +GPTij,t=1βGPT−post +XijtβX + ϵijt (1)
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Figure 2: Star Rating Distribution:
Human versus Detected AI
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(b) Amazon.com
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Notes: Star rating distribution of reviews, stratified by detected AI usage. Y-axis of each panel
shows the fraction of reviews at each star rating, while X-axis shows the associated star rating.
Use of generative AI scored using ZeroGPT.com. Sample based on 79,233 reviews gathered from
Yelp.com for the universe of restaurants in San Francisco, and 124,513 reviews gathered from
Amazon.com for the "Camera, Photo and Video" category.

With this specification, we capture the effect of detected AI usage on perceived re-
view quality on average. In particular, the differences between βGPT−post and βGPT−pre

allow us identify the observed change in the effect of the novel use of ChatGPT in
Yelp.com or Amazon.com review production, respectively.

We use a similar specification to estimate the effect of generative AI on log quantity
of reviews written per reviewer, Njt, after collapsing the data to the reviewer j-by-
period t level for the periods of January 2022 to November 2022 and December 2022 to
September 2023 or August 2023 for Amazon.com or Yelp.com, respectively.12 We then
estimate the effects on quantity with separate coefficients for pre- and post-release
effects of detected AI use in writing, as before:

log(Njt) = ¯GPT j,t=0βGPT−pre + ¯GPT j,t=1βGPT−post +XjtβX + ϵjt (2)

Finally, to investigate results using the most extensive set of controls available to
12We scale Njt for the post-period by 11

9 or 11
10 for Yelp.com and Amazon.com, respectively, to

standardize the N to account for slightly differing period lengths.
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us, we further implement a specification that estimates the effect of detected AI usage
prior to ChatGPT’s release and after in a two-period event-study design, to control
for possible differing selection into generative AI use:

q̄jt = ¯GPT j,t=0βGPT−pre + ¯GPT j,t=1βGPT−post +XjtβX + 1j=Jδj + 1t=Tγt + ϵjt (3)

In this specification, the estimated βGPT−post is identified from the effect of de-
tected AI usage after ChatGPT was released, controlling for period and reviewer fixed
effects. This allows us to identify the effect of generative AI use on the usefulness of
reviews of the same identified reviewer, pre- versus post-release.13 In the appendix,
we also present results using our baseline OLS sample, but with a simple author fixed
effect includes; results are qualitatively highly similar between this specification and
our baseline two-period differences-in-differences specification.

Control Inclusion

In the context of analyzing the effect of ChatGPT on perceived quality, one may be
concerned that including controls for specific review characteristics (e.g. wordcount)
may expose our specification to concerns that such characteristics are "bad controls",
since these characteristics may lie on the causal pathway by which detected ChatGPT
use affects perceived review quality. To account for this concern, in all of our tables
we include specifications with no controls included (i.e., with the X term excluded
from the above equations), as well as specifications with a full set of rich controls
included. As shown below, we broadly find similar results across such "no control"
and "control" specifications, suggesting that concerns about bad controls are unlikely
to be salient for our specifications.

13Note that this specification, since it is a two-period differences-in-differences design, is not
vulnerable to the issues with differences-in-differences methodology related to heterogeneous co-
hort effects pointed out by Callaway and Sant’Anna (2021) and others—this is not a ’staggered’
differences-in-differences design, but a single two-period event study.
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3.4 Empirical Results

3.4.1 Effect of Detected Generative AI Usage on Output Quality

We first examine the impact of detected generative AI use on the perceived quality
of reviews, measured by review "useful"-ness votes from Yelp.com users or review
helpfulness votes from Amazon.com users.14

Results are presented in Tables 2 and A13. We find that across the board, detected
generative AI use in the post-ChatGPT release period is associated with lower-quality
production, with effects ranging from 10.4% to 14.9% of a standard deviation decrease
in quality from using generative AI. On both Amazon.com and Yelp.com, reviews are
less useful to other users when detected as written using ChatGPT in the post-
ChatGPT release period. Pre-period associations between perceived review quality
and detected AI use in review writing differ across settings, with a tightly estimated
zero effect for Yelp.com reviews and a strongly positive association between detected
AI use and perceived review quality for Amazon.com reviews. In both cases, the
estimates clearly show that the significant negative effect found in the post-period is
not confounded by pre-period effects.15

When controlling for average valence of the review text, review word count, the
star rating of the review, dummies for price range and (in the case of Yelp) dummies
for restaurant category, the estimated effect in both cases remains large and signifi-
cant. We also find that these negative effects are robust to using alternative measures
of perceived review quality, the "cool"-ness and "funny"-ness of Yelp.com reviews,
presented in Appendix Tables A14 and A15. While the effect on "useful" votes is the
greatest, this suggests that part of the effect on quality may be related to the differ-
ences in the style of the writing, as measured by the response of other users voting
on review "funny" and "cool" dimensions. Across all these Yelp.com specifications,

14Note that we standardize outcome variables to express effects in terms of standard deviation
shifts in perceived review quality. We avoid conventional log(x) formulae due to the high prevalence
of zero-valued observations and do not use standard log(1+x) adjustments due to econometric issues
with that formula recently highlighted in Chen and Roth (2024); nonetheless, for robustness we
present results using log(x) in Appendix Table A12. Results are qualitatively highly similar.

15In Appendix Table A10, we add writing style controls from Boyd et al. (2022) to our Amazon
regression model and show that this significantly attenuates the pre-period association between
“detected GPT” and review quality, suggesting that this pre-period positive association is driven by
writing style, and that the writing style associated with “detected GPT” having a positive association
with review quality prior to ChatGPT’s release.
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we find small and statistically null results for the effect of detected generative AI use
in the pre-period, as in our baseline specification.

Additional Validity Check:

Post-Period Detected AI Usage and Pre-Period Differences

While we interpret the null coefficients on pre-period detected AI usage as evidence
against the idea that pre-trends may explain the negative effects we observe in the
post-period, one may remain concerned that detected AI usage in either period mea-
sures false positives in the pre-period versus actual usage in the post-period—and
while it helps to rule out the possibility that false positives drive our results, it does
not rule out the possibility that those who later adopt AI simply write worse re-
views in both periods. We investigate this directly with an author-level regression of
pre-period helpfulness/usefulness differences between authors detected to use AI in
the post-period and authors not detected to use AI in the post-period. Results are
presented in Appendix Table A7. We find null pre-period review quality differences
between authors detected to use AI in the post-period and others, both with and
without the inclusion of controls, and moreover point estimates are insignificantly
positive. From this, we infer that it is highly unlikely for innate differences across
adopting and non-adopting review authors drives our results.

Heterogeneity by Reviewer Badge Presence

Given that our results are measuring the effect of detected/perceived AI usage, one
may expect that the presence of a clear indicator of verified "expert" involvement in
the review creation process may be a meaningful moderator of the effect, impacting
either the extent to which similar writing is perceived to rely on low-effort or "spam"
AI usage or offering a countervailing indicator of quality that may attenuate any
perception-based bias.

To explore this potential effect heterogeneity, we break down our sample according
to Yelp.com’s designation of "Elite" versus non-"Elite" reviewers, and Amazon.com’s
designation of "Vine Voice" versus non-"Vine Voice" reviewers. (For convenience, we
refer to either "Elite" or "Vine Voice" reviewers as "badged" reviewers below, and
reviewers that do not belong to either category as "non-badged" reviewers.) In each
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Table 2: Effect of Detected AI Use on
Yelp.com Review "Useful" Votes

βGPT−pre -0.011 -0.012
(0.038) (0.036)

βGPT−post -0.104∗∗ -0.165∗∗∗
(0.032) (0.031)

Controls X

N 79233 79233

Table 3: Effect of Detected AI Use on
Amazon.com Review "Helpful" Votes

βGPT−pre 0.165∗∗∗ 0.080∗∗∗
(0.019) (0.018)

βGPT−post -0.149∗∗∗ -0.142∗∗∗
(0.018) (0.017)

Controls X

N 124513 124513

Notes: Effect of adoption of ChatGPT in review production on review quality. Sample based on
Yelp reviews for restaurants in San Francisco area and reviews for products in "Camera, Photo and
Video" category of Amazon, with GPT use detected using ZeroGPT. Controls include star rating of
review, wordcount of review, average valence of review, price level dummies, and for Yelp restaurants,
restaurant type dummies. Outcome variables standardized to express effects in terms of standard
deviation shifts in quality. * = 5% significance, ** = 1% significance, *** = 0.1% significance.
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case, these are ’earned’ status badges for reviewers, acquired in recognition of high
reviewer skill and high output, and contingent on continued high-value production in
terms of useful/helpful reviews (for more information, see https://www.yelp.com/elite
and https://www.amazon.com/vine/about). While we rely on these badges to divide
our sample into two separate groups and structure the heterogeneity of the effect, we
are unable to separate in this context whether any observed differences between them
is due to the effect of the badge itself or due to differences in worker type.16 Since
we are better able to investigate the potential mechanism of consumer perceptions
of AI usage within the scope of this study, we highlight that candidate explanation
throughout, but we note here that we cannot rule out that other mechanisms asso-
ciated with other correlates of badge/non-badge status may also play an important
role.

Results are presented in Appendix Tables A16 and A17. Using the same spec-
ification as above, stratified by reviewer type, we find that our measured effect on
quality manifests for both badged and non-badged reviewers: in the case of Yelp.com,
we find a slightly stronger negative association for badged reviewers in terms of point
estimates, while in the case of Amazon.com, we find a slightly stronger negative asso-
ciation for non-badged reviewers. In all cases, we find a negative association between
post-ChatGPT release generative AI usage and review reported quality that is not
confounded by any pre-period negative effects.

Differences-in-Differences Estimates

While this evidence is strongly suggestive of a negative relationship between detected
AI usage in the review-writing process and perceived review quality, it is possible
that this simple specification is confounded by differential selection into the use of
generative AI in review writing (assuming an association between actual use and de-
tected use). If worse reviewers are more likely to adopt generative AI, lower-quality
reviews could be associated with detected generative AI use outside of a causal rela-
tionship between detected generative AI and output quality. Moreover, the degree of
this selection effect may differ across groups, similarly confounding our comparisons

16In section 4, we present experimental evidence that communicating the human-ness of the writer
can attenuate any AI penalty associated with perceptions of AI, even for writing generated by AI.
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across badged and non-badged groups. Separately, one may also be concerned that
more recent reviews are both more likely to feature GPT usage and have had less
time to accumulate helpfulness or usefulness upvotes, leading to a spurious negative
relationship between GPT usage and quality ratings.

To control for these and other possible confounders, we collapse our data into
reviewer-level averages for the two periods of January 2022 to November 2022 and
December 2022 to September 2023, in order to assess the effect of generative AI writ-
ing on a given reviewer using a simple two-period differences-in-differences empirical
design. This allows us to inspect the changes in perceived review quality within a
given reviewer as they adopt generative AI into their review production process across
periods. Then if we find an effect of detected generative AI to be significantly dif-
ferent from the estimated effect for the pre-period, this implies that reviewers whose
detected use of generative AI increased from period-to-period saw a concomitant
change in the observed quality of their output, and we can feel more assured that
this effect is driven by proportional changes within an identified reviewer rather than
spurious selection effects or other reviewer-specific confounds, and with period fixed
effects as well to control for time-related confounds.

This strategy is most viable for our Yelp.com sample, where we are able to match
nearly 5,000 reviewers across periods. For our Amazon.com data, we are only able
to match under 1,300 reviewers across periods. We present results for both, but with
the caveat that Amazon.com differences-in-differences estimates are underpowered
relative to our Yelp.com estimates. Note that in this regression, our AI usage variable
is now a reviewer-by-period average and not a binary review-level indicator; to ease
comprehension, we standardize the AI adoption variables so that results are presented
in terms of the effect of a one-standard-deviation increase in AI usage in review
production in each respective sample.

Results of this differences-in-differences regression on standardized perceived re-
view quality are presented in Tables 4 and 5. For the Yelp.com context, we uncover
a strongly significant negative effect of detected ChatGPT adoption on perceived re-
view quality, even when controlling for reviewer and period fixed effects: a standard
deviation increase in reviewer AI usage in the post-ChatGPT release period leads
to a 6.5% standard deviation decrease in review "useful"-ness. For the Amazon.com
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Table 4: Effect of Detected AI Use on
Yelp.com Review "Useful" Votes:

Differences-in-Differences

βGPT−pre -0.007 -0.007
(0.010) (0.010)

βGPT−post -0.063∗∗∗ -0.065∗∗∗
(0.010) (0.010)

δj X X
γt X X

Controls X

N 9682 9682

Table 5: Effect of Detected AI Use on
Amazon.com Review "Helpful" Votes:

Differences-in-Differences

βGPT−pre -0.028 -0.029
(0.016) (0.016)

βGPT−post -0.024 -0.033
(0.029) (0.029)

δj X X
γt X X

Controls X

N 2578 2578

Notes: Difference-in-differences estimates of the effect of adoption of ChatGPT in review production
on review quality. Sample based on Yelp reviews for restaurants in San Francisco area and reviews
for products in "Camera, Photo and Video" category of Amazon, with GPT use detected using
ZeroGPT. Controls include star rating of review, wordcount of review, average valence of review,
price level dummies, and for Yelp restaurants, restaurant type dummies. Outcome variables and
covariates standardized to express effects in terms of standard deviation shifts. * = 5% significance,
** = 1% significance, *** = 0.1% significance.
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context, with our smaller sample size we do not have enough precision to estimate
statistically significant effects, but the point estimates suggest that a standard de-
viation increase in reviewer AI usage in the post-period leads to a 3.3% standard
deviation decrease in review "helpful"-ness. 95% confidence intervals for the Ama-
zon.com sample estimates are inclusive of the estimates from the Yelp.com sample as
well.

Finally, we extend this differences-in-differences regression to stratified samples
restricted to either badged and non-badged reviewers, as in section 4.1.1, to esti-
mate how this effect differs across reviewer types. Results are presented in Tables
6 and 7. Here we see a clear distinction in the effects of detected AI usage across
reviewer types: the negative relationship with quality is consistently much larger for
non-badged reviewers. For Yelp.com reviews, the overall observed effect appears to
be entirely driven by non-badged reviewers, with a precisely estimated zero effect for
"Elite" reviewers in this differences-in-differences specification versus a highly signif-
icant 17.2% decline in "helpful" votes for reviews by non-"Elite" reviewers detected
to use generative AI in the post-release period. For the much smaller sample of
Amazon.com reviews, again both point estimates are insignificant but suggest that
the negative effect for non-badged reviewers is twice as large, comparing the point
estimates of -0.029 and -0.054 between "Vine Voice" and non-"Vine Voice" reviewers.

Notably, the distinction between the effects across these groups is clearer and
more consistent in these tables than in the observational specification of Appendix
Tables A16 and A17. This suggests that not only does the effect differ across these
groups, but also selection patterns may differ as well: the OLS estimates of the
effect of detected AI usage on "Elite" Yelp.com reviewers may plausibly be driven by
negative selection into ChatGPT use, where the least-skilled "Elite" reviewers select
into using generative AI in review production, while baseline effects on non-"Elite"
Yelp.com reviewers may plausibly be attenuated by positive selection into ChatGPT
use, where the most-skilled non-badged reviewers choose to adopt generative AI in
their review production. Results for Amazon.com are too noisy to make inferences
on the plausible direction of selection effects, if any.

Overall, it appears that perceived AI usage is broadly associated with a major
penalty on perceptions of review quality, and with the effect driven by non-badged
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Table 6: Effect of Detected AI Use on
Yelp.com Review "Useful" Votes:

Differences-in-Differences

"Elite" Non-"Elite"
βGPT−pre -0.007 -0.006 -0.005 -0.006

(0.009) (0.009) (0.023) (0.023)

βGPT−post 0.006 0.005 -0.168∗∗∗ -0.172∗∗∗
(0.009) (0.009) (0.023) (0.023)

δj X X X X
γt X X X X

Controls X X

N 4290 4290 5118 5118

Table 7: Effect of Detected AI Use on
Amazon.com Review "Helpful" Votes:

Differences-in-Differences

"Vine Voice" Non-"Vine Voice"
βGPT−pre -0.013 -0.015 -0.045 -0.040

(0.012) (0.012) (0.031) (0.031)

βGPT−post -0.024 -0.029 -0.033 -0.054
(0.023) (0.023) (0.050) (0.049)

δj X X X X
γt X X X X

Controls X X

N 968 968 1560 1560

Notes: Difference-in-differences estimates of the effect of adoption of ChatGPT in review production
on review quality, stratified by reviewer category. Sample based on Yelp reviews for restaurants in
San Francisco area and reviews for products in "Camera, Photo and Video" category of Amazon,
with GPT use detected using ZeroGPT. Controls include star rating of review, wordcount of review,
average valence of review, price level dummies, and for Yelp restaurants, restaurant type dummies.
Outcome variables and covariates standardized to express effects in terms of standard deviation
shifts. * = 5% significance, ** = 1% significance, *** = 0.1% significance.
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reviews. This pattern could be consistent with an effect of actual generative AI
usage where only low-skill workers use the technology to produce worse output, or
with an effect of perceived generative AI usage that is driven entirely by non-badged
reviews. The first hypothesis would be inconsistent with some prior evidence showing
an especially beneficial effect of generative AI usage on the productivity of low-skill
workers (Brynjolfsson et al. 2023), but the second hypothesis would be consistent with
prior evidence showing a negative perceived-quality penalty for creative art known to
be produced by visual generative AI (Bellaiche et al. 2023, Chung 2023).

3.4.2 Effect of Generative AI on Output Quantity

Finally, we examine the effects of detected AI usage on observed quantity of reviewer
output, using the specification described in equation 2. To perform this analysis, we
collapse our data into a reviewer-by-period dataset for the pre-period of January 2022
to November 2022 and the post-period December 2022 to September 2023 or August
2023 for Amazon.com and Yelp.com, respectively, and count how many reviews each
reviewer produces in either period. We then regress the log number of reviews on
the averages of AI-usage indicators for each reviewer X period observation, for both
the pre- and post-ChatGPT release period, analogous to our specification for quality.
Full analyses are presented in Appendix Section A1; we detect a modest post-period
increase in output quantity using OLS, but null effects in differences-in-differences
regressions.

4 Experimental Evidence

To deepen our evidence, we turn to three pre-registered online experiments to help
trace out the causal path between detected AI usage and review quality ratings. In
the first experiment, we manipulate both perceptions of AI-generated writing and
actual presence of AI-generated writing to isolate which aspect drives the effect. In
the second experiment, we re-run the first experiment but clarify to all participants
that reviews are based on verified customer experiences, to separate out any part of
the effect arising from perceptions of fake versus real reviews. In the third experiment,
we present reviews from our field data, 25 detected human-written and 25 detected
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AI-written, to online survey participants and solicit both their perceptions of review
quality and their perceptions of whether it was majority-AI-written. In all studies,
our aim was to examine the extent to which the effect could be explained by negative
quality effects of actual usage versus negative quality effects of perceived AI usage.17

With this follow-up investigation, we seek to decompose the pattern of our field
evidence, where we found a large effect in differences-in-differences estimation that
was driven by non-badged reviews. While this pattern regarding badges is suggestive
that perceptions may play a role, we highlight that these observed field results may
be driven by some combination of effects of actual AI usage and effects of perceived
AI usage, including the possibility that they are entirely driven by effects of actual
usage or entirely driven by effects of perceptions of usage. We cannot separate these
effects in our field data, where we do not separately observe perceptions versus actual
usage, and indeed presume that perceptions and actual usage are likely very highly
correlated. Similarly, we cannot test in our field data whether our AI detection tool
corresponds to perceptions, and so turn to lab experiments to help fill this gap.

We begin with a simple experiment to examine whether reviews that are actually
AI-written, versus reviews that are explicitly described as AI-written, are more likely
to drive the observed negative effect we find in the field.

4.1 Experiment 1:

Consumer Perception of Human vs. AI-Written Reviews

In Experiment 1, we examined how consumers perceive reviews generated by either
AI or humans.18 We also manipulated the informed agent by telling participants the
review was generated by AI or human.

Method

We recruited 292 participants via Prolific (49.6% female, µage = 36.0) who passed
our attention check question. Participants were randomly assigned to one of four

17Note that we use "bias" here not to mean that such bias is taste-based and not based on rational
expectations. We use this term only to mean that there is a penalty applied to perceptions of quality
when AI usage is inferred.

18Pre-analysis plan for this study may be accessed at https://researchbox.org/3239&PEER_
REVIEW_passcode=WHBXDN.
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conditions in a 2 (writing agent: AI vs. human) x 2 (informed agent: AI vs. human)
between-subjects design.

Participants were told they would read two reviews of products listed on Yelp.com
and be asked to evaluate the quality of the reviews. The reviews with humans as the
writing agents were 25 reviews randomly selected from our field data online review
dataset of Yelp.com reviews. After selecting the human-written reviews, we asked
ChatGPT to generate an AI-written version for each review based on the follow-
ing prompt: “Please rewrite the following survey in your voice.” The 25 ChatGPT-
generated reviews served as the AI-written reviews.

Participants were randomly presented with two reviews based on the writing agent
condition they were randomly assigned to (AI vs. human). Those in the AI-agent con-
dition read reviews generated by ChatGPT, while those in the human-agent condition
read reviews generated by humans. We also presented the product names, product
photos, and star ratings with the review text. Participants were also informed of the
review writer based on the informed agent condition they were assigned to (AI vs.
human). Those in the informed AI condition read: “Please read the following review
that is written by ChatGPT.” Those in the informed human condition read: “Please
read the following review that is written by the customer herself.”

After being informed of the writing agent and reading the review, participants
were asked to rate the reviews on the following dimensions: authenticity, helpfulness,
usefulness, persuasiveness, sincerity, convinced by the review, and willingness to pur-
chase the products on a seven-point Likert scale (1 = not at all, 7 = very much).
The participants rated the two reviews separately. Lastly, participants answered an
attention check question and demographic questions.

Results

Results from experiment 1 are presented in Table 8. Impressions of reviews split
strongly along the dimension of perceptions of AI usage, as controlled through the
express communication in the stimuli. Compared to the excluded category of stimuli
that was communicated to be human and was detected to be non-AI, both treatments
that communicated AI usage in the subsequent writing were rated as lower-quality
across our full set of dimensions, with an especially large penalty for measures of
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Table 8: Effect of Actual and Communicated
AI Use on Review Quality Perceptions

Authentic Helpful Useful Persuasive Sincere

βCommunicatedAI × ActuallyAI -1.769∗∗∗ -0.554∗∗ -0.640∗∗ −0.396† -1.330∗∗∗
(0.200) (0.190) (0.200) (0.211) (0.202)

βCommunicatedAI × ActuallyHuman -2.529∗∗∗ -1.276∗∗∗ -1.536∗∗∗ -1.064∗∗∗ -2.157∗∗∗
(0.198) (0.188) (0.197) (0.209) (0.200)

βCommunicatedHuman × ActuallyAI -0.129 0.265 0.143 0.257 -0.094
(0.195) (0.186) (0.195) (0.206) (0.197)

βCommunicatedHuman × ActuallyHuman . . . . .
(Excluded Category) (.) (.) (.) (.) (.)

N 584 584 584 584 584

Notes: Effect of different combinations of actual and communicated AI usage on review quality
perceptions. Sample drawn from Prolific and stimuli drawn from field data (Yelp.com) reviews
that were detected to involve no GPT use, with GPT use detected using ZeroGPT. For actual AI
usage, we then asked ChatGPT to rewrite said baseline no-detected-AI reviews "in [its] own voice".
Usage was communicated explicitly to be either "written by the customer herself" or "written by
ChatGPT". † = 10% significance, * = 5% significance, ** = 1% significance, *** = 0.1% significance.

authenticity and sincerity. We emphasize that this highly significant and broad-
based quality differential exists between participants viewing identical stimuli, with
only different framing, either expressed as human-written or ChatGPT-written. We
further find no significant difference between quality perceptions of reviews that were
actually written using generative AI and those that were detected as non-AI so long as
both were communicated to be human-written. This evidence supports the hypothesis
that impressions of AI usage may drive the pattern of results observed in our field
data so long as perceptions of AI usage among consumers tracks with detected AI
usage as labeled with ZeroGPT.

We remark here as well that this pattern of effects accords well with our observed
effects in the field. In our field data, reviews are not labeled as AI-written or human-
written, and so consumers never encounter AI-written reviews that are explicitly
described as human-written (except, one might argue, in the case of “badged” reviews).
Instead, consumers have to infer the likelihood that a review is AI-generated from the
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text, leading to a strong entanglement between actual AI usage and perceptions of
AI usage. As such, our effects showing that perceptions of AI usage appear to solely
drive negative quality perceptions are consistent with the patterns of our field data,
and moreover are consistent with the pattern of significant results for non-badged
reviews but null results for badged reviews. We examine this distinction more closely
in the following study.

4.2 Experiment 2:

Consumer Perception of Verified Human vs. AI-Involved

Reviews

In Experiment 2, we aim to accomplish two goals. First, we further explored whether
the above documented negative penalty for perceptions of AI usage arises due to
perceptions of review "fakeness", i.e., the likelihood that the review is not based on
an actual experience, or simply due to general AI aversion. To address this question,
we manipulated the informed agent by telling the participants that the review was
generated by a human, AI, or written by a human then edited by AI. We hypothesized
that differences in effect magnitude off AI penalty would reflect the component of
suspicions of fakeness in addition to AI aversion in general. Second, we examine
whether stating reviews as “based on a verified customer experience” serves as an
effective intervention to combat the perception of review fakeness.19 The findings
provide insight into whether verified badges provided by platforms can effectively
increase consumer trust in reviews.

Method

We recruited 587 participants via Prolific (49.7% female, µage = 43.7) who passed our
attention check question. Participants were randomly assigned to one of six conditions
in a 3 (informed agent: AI vs. AI-edit vs. human) x 2 (verified experience: yes vs.
no) between-subjects design.

Participants were told they would read two reviews of products listed on Yelp.com
and were asked to evaluate the quality of the reviews. The reviews were 25 reviews

19Pre-analysis plan for this study may be accessed at https://aspredicted.org/d365-srw4.pdf.
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randomly selected from our field data online review dataset of Yelp.com reviews. Par-
ticipants were randomly presented with two reviews. We also presented the product
names, product photos, and star ratings with the review text. Participants were
also informed of the review writer based on the informed agent condition they were
assigned to (AI vs. AI-edit vs. human). Those in the informed AI condition read:
“Please read the following review that is written by ChatGPT.” Those in the informed
AI-edit condition read: “Please read the following review that is written by the cus-
tomer herself and edited by ChatGPT.” Those in the informed human condition read:
“Please read the following review that is written by the customer herself.” In addition,
we further told those in the verified-experience condition that the review was based
on a "verified in-person experience". Those in the no-verified experience condition
did not receive this information.

After being informed of the writing agent and reading the review, participants
were asked to rate the reviews on the following dimensions: authenticity, helpfulness,
usefulness, persuasiveness, sincerity, convinced by the review, and willingness to pur-
chase the products on a seven-point Likert scale (1 = not at all, 7 = very much).
They also indicate whether they think the review writer actually had the in-person
experience by selecting "yes" or "no". The participants rated the two reviews sep-
arately. Lastly, participants answered an attention check question and demographic
questions.

Results

Results from experiment 2 are presented in Table 9. As pre-registered, we reported
results that excluded participants in the "verified" conditions who did not believe in
the platform verification. Specifically, we excluded those in the "verified" conditions
who did not believe that the review writer actually had the in-person experience. We
report results that include these participants in the appendix.

Again, impressions of reviews split strongly along the dimension of perceptions of
AI usage when the experience is not verified. Compared to reviews communicated as
human-written, those indicating AI involvement—whether written by AI or edited by
AI—were rated lower in quality across all dimensions. We also observed attenuated
effects in the AI-edit condition, suggesting that the penalty for AI usage goes beyond
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Table 9: Effect of Communicated AI usage and Verified Experience on Review Quality
Perceptions

Authentic Helpful Useful Persuasive Sincere

βCommunicatedAI X V erify −0.301† 0.074 0.090 -0.060 -0.113
(0.158) (0.167) (0.164) (0.177) (0.153)

βCommunicatedAI X NoV erify -1.348∗∗∗ -0.843∗∗∗ -0.758∗∗∗ -0.884∗∗∗ -1.045∗∗∗
(0.147) (0.156) (0.152) (0.165) (0.144)

βCommunicatedAIEdit X V erify −0.259† -0.129 -0.132 -0.250 -0.176
(0.153) (0.162) (0.158) (0.171) (0.150)

βCommunicatedAIEdit X NoV erify -0.708∗∗∗ -0.641∗∗∗ -0.620∗∗∗ -0.703∗∗∗ -0.696∗∗∗
(0.147) (0.156) (0.152) (0.165) (0.144)

βCommunicatedHuman X V erify 0.155 0.213 0.192 -0.090 0.273†

(0.153) (0.163) (0.159) (0.172) (0.150)

βCommunicatedHuman X NoV erify . . . . .
(Excluded Category) (.) (.) (.) (.) (.)

N 1,088 1,088 1,088 1,088 1,088

Notes: Effect of different combinations of communicated AI usage and verification of experiences on
review quality perceptions. Sample drawn from Prolific and stimuli drawn from field data (Yelp.com)
reviews that were detected to involve no GPT use, with GPT use detected using ZeroGPT. Usage
was communicated explicitly to be either "written by the customer herself", "written by the cus-
tomer herself and edited by ChatGpt", or "written by ChatGPT". Verification of experience was
communicated by explicitly to be "based on a verified in-person experience".† = 10% significance, *
= 5% significance, ** = 1% significance, *** = 0.1% significance.
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general AI aversion and is also driven by perceived fakeness of experiences. In addi-
tion, we found that "verified" reviews profoundly attenuated the negative effects of
AI usage: compared to reviews that were not verified and involved AI usage, reviews
that were verified showed null effects across the review quality dimensions, even when
AI usage is communicated. This supports the hypothesis that generative AI usage in
online reviews is a crisis of trust in particular, not necessarily of quality. The results
suggest verification of reviews as a potentially effective intervention for platforms to
increase trust in reviews.

4.3 Experiment 3:

Consumer Perception of Reviews from Field Data

In Experiment 3, we investigated whether these patterns hold in a random sample
of reviews from our field data (without any description of the agent/writer), and
further investigated whether participants could differentiate reviews written by AI
vs. humans without labeling.20 Our aim was to examine whether the quality penalty
that we find in the field is also present in lab participant ratings, and whether this
penalty was significantly moderated by perceptions of AI usage in particular.

Method

We recruited 286 participants via Prolific (48.6% female, µage = 35.9) who passed
our attention check question. Participants were told they would read six reviews of
products listed on Yelp.com and be asked to evaluate the quality of the reviews. These
six reviews were randomly selected from a list of 50 reviews that were selected from
our field dataset of online reviews from Yelp.com. We randomly picked 25 reviews
from our field data that were classified by our algorithm as AI-generated and 25
reviews that were classified by our algorithm as human-generated.

Participants were randomly presented with six reviews in a sequence. We also
presented the product names, product photos, and star ratings with the review text.
After reading each review, participants were asked to rate the reviews on the fol-
lowing dimensions: helpfulness, quality, usefulness, authenticity, persuasiveness, and

20Pre-analysis plan for this study may be accessed at https://researchbox.org/3238&PEER_
REVIEW_passcode=XTUUGW.
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Table 10: Relationship Between
Perceived and Detected AI Usage

Perceived as
50%+ AI-written

Perceived
% AI-written

βDetectedAI 0.068∗∗ 6.537∗∗∗

(0.022) (1.457)

N 1716 1716

Notes: Effect of detected AI usage on perceptions of AI usage in online survey. Sample drawn from
Prolific with stimuli randomly drawn from field data (Yelp.com reviews) with GPT use detected
using ZeroGPT, stratified to comprise of 25 reviews with detected AI usage and 25 reviews with no
detected AI usage. * = 5% significance, ** = 1% significance, *** = 0.1% significance.

sincerity on a seven-point Likert scale (1 = not at all, 7 = very much). Then partici-
pants were asked to rate how much of this review they believed was generated by AI
(0% - 100%). The participants rated the six reviews separately. Lastly, participants
answered an attention check question and demographic questions.

Results

First, we use our survey data to determine the relationship between perceptions of
AI usage from our participants and detected AI usage from ZeroGPT. Results are
presented in Table 10. For our pre-registered outcome of majority-AI-written, we find
a highly significant, but modest, effect of a 6.8% higher probability of participant AI
perceptions of majority AI usage when shown writing that was detected to use AI.
Correspondingly, we find that the perceived percentage of AI writing is 6.5 percentage
points higher for reviews that were detected by ZeroGPT to use AI, significant at the
0.1% level. The small magnitudes of the effects are in line with effect sizes found in
earlier work showing high levels of imprecision in human perceptions of AI usage (Ma
and Luo 2023).

We find further support for this hypothesis in regressions of detected AI usage and
participant perceptions of review quality, presented in Table 11. We find a significant
penalty in terms of perceived authenticity for reviews detected to be written with
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Table 11: Effect of Detected AI Use on
Review Quality Perceptions

Authentic Helpful Useful Persuasive Sincere

βDetectedAI -0.184∗ -0.126 −0.147† −0.150† −0.158∗

(0.077) (0.080) (0.083) (0.087) (0.077)

βDetectedAI X Perceived50%+AI -0.893∗∗∗ -0.298∗ -0.310∗∗ -0.364∗∗ -0.744∗∗∗
(0.109) (0.115) (0.119) (0.125) (0.109)

βDetectedAI X NotPerceived50%+AI 0.148† -0.046 -0.071 -0.051 0.116
(0.084) (0.089) (0.092) (0.097) (0.084)

N 1716 1716 1716 1716 1716

Notes: Effect of detected AI usage on review quality perceptions. Sample drawn from Prolific, stimuli
drawn from field data (Yelp.com) with GPT use detected using ZeroGPT, stratified to include 25
reviews with detected AI usage and 25 reviews with no detected AI usage. Perceptions of AI usage
solicited from survey participants after reviews were rated. † = 10% significance, * = 5% significance,
** = 1% significance, *** = 0.1% significance.

AI and insignificant negative point estimates across our other quality dimensions.
However, when we inspect reviews that are detected to be written with AI and are
perceived to be written with AI, following our pre-registered interaction analysis, we
estimate a significant penalty across all quality dimensions.

Taken together with the results from experiments 1 and 2, this result suggests
that the effect observed in the field may be driven by a penalty associated with per-
ceptions of AI usage, and in particular a suspicion that AI-generated reviews are fake.
Moreover, the results are suggestive that patterns in the field data may be affected
by measurement error because that consumers’ AI usage perceptions are also highly
imprecise, with a small magnitude in participants’ estimated ability to discriminate
between detected AI-written reviews and detected human-written reviews. This sug-
gests that our field result evidence may be a conservative lower bound of true effects
due to attenuation bias. Indeed, if one combines our field evidence findings from
Experiments 1 and 2, suggesting that the effect is driven by perceptions of AI usage
in particular, with our estimates from Table 10, this suggests that our field evidence
estimates may be attenuated by an entire order of magnitude (namely, 1

0.068
); ap-
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plying an inverse scaling to our Yelp differences-in-differences results implies that a
noiseless perception of AI usage would lead to a full standard deviation decline in
perceived usefulness. Similarly, our evidence in Table 11 suggests that the penalty to
perceived “authenticity” and “sincerity” is over twice as large as perceived penalties
to “helpfulness”, “usefulness” and “persuasiveness”, implying that for contexts where
authenticity is especially salient—for example, for online message boards, where au-
thenticity of interactions with other humans is central to the utility that users derive
from platform usage—the threat to utility may be even more profound (Kumar et al.
2017).

That said, considering the experimental evidence and the field evidence together,
our results also provide support for a simple intervention that managers may imple-
ment that could plausibly reduce this AI usage penalty to zero: badges, modeled after
"Vine Voice" at Amazon and "Elite" at Yelp, may provide a clear antidote to any
deleterious effects from perceptions of AI usage on user-generated content websites,
likely due to the fact that such badges verify reviews as non-fake. Managers may in-
dependently seek to consider such verification programs for their specific business and
policymakers interested in preserving the public goods of the internet for society at
larger may be advised to subsidize such "internet infrastructure" in order to combat
the negative implications of widespread disaffection with online content.

5 Conclusion

There is little doubt that generative AI will transform the way we live in years to
come. But even today, the technology is already spreading unhindered through our
online ecosystem, with few checks or incentive structures to help guide its adoption.
In the absence of such responsible structures for ensuring better use, many fear that
generative AI will degrade the quality of content that we enjoy across a wide variety
of domains, as workers use the technology as a time-saving device at the expense
of output quality (Kobak et al. 2024). For online reviews in particular, many are
concerned that both private businesses and public welfare may be incidentally harmed
by the deterioration of trust in information found online, which may be felt especially
acutely in the domain of online user ratings and reviews.
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This study is the first, to the best of our knowledge, that provides a rigorous
evidence that these fears are well-founded in the context of online reviews. Based on a
sample of reviews of San Francisco restaurants on Yelp.com and Amazon.com product
reviews for the "Camera, Photo and Video" category, we find that detected generative
AI use significantly reduces the average perceived quality of reviewer output. Even
when inspecting the same identified reviewer before the release of ChatGPT and after
the release of ChatGPT, we find that a one standard deviation increase in detected
AI usage leads to a 6.5% decrease in perceived Yelp.com review quality, as measured
by the number of "useful" votes that the review receives.

We also find evidence that these effects differ across badged and non-badged re-
views, with the effect entirely driven by non-badged reviews in our Yelp.com sample
using our differences-in-differences specification. (Our sample is not large enough
to make precise inferences for Amazon.com in our differences-in-differences specifica-
tion, but point estimates are also approximately twice as large for non-badged versus
badged reviews there.) This suggests that the effect is strongest in the absence of an
expert badge.

We strengthen our evidence and explore the potential mechanisms more deeply in
three pre-registered experiments and find clear evidence in favor of a negative penalty
from perceptions of AI usage specifically, with null quality penalties found for actual
AI writing: when we present online survey participants with reviews that are alter-
nately described as AI-written and actually AI-written; described as human-written
and actually AI-written; described as AI-written and actually human-written; and
described as human-written and actually human-written, we find a strong negative
effect on perceived quality of described AI use, but no effect of actual AI use. A
follow-up study shows that this effect crucially hinges on the non-verified status of
reviews, with effects largely vanishing when instead presenting participants with re-
views that are either described as AI- or human-written but that are additionally
described to be based on “verified customer experiences,” suggesting that this penalty
against perceived AI is driven in particular by perceptions of the likelihood that the
review is fake. Finally, when we ask participants to evaluate 25 randomly selected
reviews from our field data that were detected to involve AI usage and 25 randomly
selected reviews that were not detected to involve AI usage, we find both 1) that
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participant perceptions of AI usage is significantly predicted by detected AI usage,
and 2) that reviews involving AI usage are rated as significantly lower-quality, in
particular when they are detected to involve AI usage and are perceived as such by
the given participant.

While this evidence lends strong support to the hypothesis that perceptible gen-
erative AI usage will harm the perceived quality of online reviews, the pattern of
our results also suggests that businesses may not be helpless to fight this tide: for
reviews that carry an expert badge like Yelp.com’s "Elite" program or Amazon.com’s
"Vine Voice" program, generative AI use does not detectably harm perceived content
quality, in line with our lab results on credibly “verified” reviews. Managers hoping to
ameliorate these negative effects may seek to introduce or expand such programs on
their platforms, and policymakers aiming to preserve social surplus may seek to sub-
sidize credible validation systems for online reviews and ratings in order to maintain
the value of crowdsourced information on consumer products (Reimers and Waldfogel
2021).

Generative AI will transform the world. At the same time, the internet is a public
good, and unchecked generative AI usage poses a threat to the average perceived value
of information found online. Maintaining credibility of online ratings and reviews is
crucial both for managers to maintain profit and and for policymakers to maintain
social welfare. While other research has found countless promising aspects of the
generative AI revolution, discussions of generative AI’s applications will be best served
with clear evidence as to its potential drawbacks alongside its potential benefits,
to help guide this transformation towards a more productive, more profitable, and
higher-welfare world.
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A1 Quantity Effects

We here present analysis of the effect of detected AI usage on quantity of reviews
written. Results are presented in Appendix Tables A1 and A2. In both settings, we
see strikingly similar patterns, both in the pre- and post-ChatGPT release period:
prior to ChatGPT’s release, reviewers who were detected as more frequently using
ChatGPT in review production were associated with significantly lower quantity of
production, but after ChatGPT’s November 2022 release, that association flips and
becomes significantly positive. The negative pre-period estimates suggest that pro-
ducing reviews that looked "ChatGPT-like", including the use of polished phrases and
complete sentences, may have required more labor prior to the release of ChatGPT.
The coefficient estimates suggest that a one standard deviation increase in GPT adop-
tion leads to a 1.2% increase in reviewer output quantity in the post-ChatGPT release
period for Yelp.com, or a 1.5% increase in reviewer output quantity for Amazon.com.

Heterogeneity by Reviewer Badge Presence

To investigate how this effect may be moderated by badge presence, we stratify the
sample between badged and non-badged reviewers based on each respective website’s
’expert reviewer badge’ and estimate our baseline specification for both badged and
non-badged categories.21 Results are presented in Appendix Tables A3 and A4. As
with our quality estimates, we find that our observational relationships remain signifi-
cant and do not change direction across all subcategories in this observational setting,
suggesting that the effect is fairly broad-based across groups. For Amazon.com re-
views, point estimates are quite similar across badged and non-badged reviewers,
while for Yelp.com reviews, quantity effects appear to be much more pronounced for
badged reviewers. That said, this specification does not control for potential differ-
ential selection into AI usage that also differs across groups; with this in mind, we
turn to our differences-in-differences specification again.
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Table A1: Effect of Detected AI Use on
Log Number of Yelp Reviews

βGPT−pre -0.011∗∗∗ -0.013∗∗∗
(0.003) (0.003)

βGPT−post 0.016∗∗∗ 0.012∗∗∗
(0.003) (0.003)

Controls X

N 44432 44432

Table A2: Effect of Detected AI Use on
Log Number of Amazon Reviews

βGPT−pre -0.007∗∗∗ -0.009∗∗∗
(0.002) (0.002)

βGPT−post 0.021∗∗∗ 0.014∗∗∗
(0.002) (0.002)

Controls X

N 52176 52176

Notes: Effect of adoption of ChatGPT in review production on log review quantity produced per
reviewer, per period. Sample based on Yelp reviews for restaurants in San Francisco area and reviews
for products in "Camera, Photo and Video" category of Amazon, with GPT use detected using
ZeroGPT. Controls include average star rating of review, wordcount of review, valence of review,
and price level dummies, averaged at the reviewer-by-period level. Outcome variables standardized
to express effects in terms of standard deviation shifts. * = 5% significance, ** = 1% significance,
*** = 0.1% significance.
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Table A3: Effect of Detected AI Use on
Log Number of Yelp Reviews:

"Elite" vs. non-"Elite"

"Elite" Non-"Elite"
βGPT−pre -0.027∗∗ -0.026∗∗ -0.009∗∗∗ -0.009∗∗∗

(0.009) (0.009) (0.002) (0.002)

βGPT−post 0.037∗∗∗ 0.037∗∗∗ 0.011∗∗∗ 0.010∗∗∗
(0.010) (0.010) (0.002) (0.002)

Controls X X

N 9644 9644 34788 34788

Table A4: Effect of Detected AI Use on
Log Number of Amazon Reviews

"Vine Voice" Non-"Vine Voice"
βGPT−pre -0.018∗ -0.023∗∗ -0.006∗∗∗ -0.007∗∗∗

(0.007) (0.007) (0.002) (0.002)

βGPT−post 0.014∗ 0.011 0.017∗∗∗ 0.011∗∗∗
(0.007) (0.007) (0.002) (0.002)

Controls X X

N 6208 6208 45968 45968

Notes: Effect of adoption of ChatGPT in review production on log review quantity produced per
reviewer, per period. Sample based on Yelp reviews for restaurants in San Francisco area and reviews
for products in "Camera, Photo and Video" category of Amazon, with GPT use detected using
ZeroGPT. Controls include average star rating of review, wordcount of review, valence of review,
price level dummies, averaged at the reviewer-by-period level. Outcome variables standardized to
express effects in terms of standard deviation shifts. * = 5% significance, ** = 1% significance, ***
= 0.1% significance.
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Differences-in-Differences Estimates

To account for possible selection effects and to control against other individual-specific
or period-specific confounds, we collapse our data to the reviewer-by-period level and
estimate a differences-in-differences model of the effect of AI adoption on the log
number of reviews produced per reviewer in each period, following equation 3. Results
are presented in Appendix Tables A5 and A6. Overall, we find no significant effects
of detected AI usage on the quantity of reviews produced in either setting under this
specification. It appears that the observed effect in the baseline specification is driven
primarily by across-author variation in our sample, and we are not able to rule out
differential selection as a possible explanation for our observed quantity effects.

21For more detail on these categories, see section 4.1.1.
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Table A5: Effect of Detected AI Use on Log Number of Yelp Reviews:
Differences-in-Differences

(1) (2)
βGPT−pre 0.001 0.000

(0.010) (0.010)
βGPT−post 0.005 0.004

(0.010) (0.010)
δj X X
γt X X
Controls X
N 9682 9682

Table A6: Effect of Detected AI Use on Log Number of Amazon Reviews:
Differences-in-Differences

(1) (2)
βGPT−pre -0.002 -0.002

(0.012) (0.012)
βGPT−post -0.002 -0.001

(0.021) (0.021)
δj X X
γt X X
Controls X
N 2578 2578

Notes: Difference-in-differences estimates of the effect of adoption of ChatGPT in review
production on review quantity produced per reviewer, per 11 months. Sample based on Yelp
reviews for restaurants in the San Francisco area and reviews for products in the "Camera, Photo
and Video" category of Amazon, with GPT use detected using ZeroGPT. Controls include average
star rating of review, word count of review, valence of review, and price level dummies, averaged at
the reviewer-by-period level. Outcome variables are standardized to express effects in terms of
standard deviation shifts. * = 5% significance, ** = 1% significance, *** = 0.1% significance.
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A2 Validity Check: Pre-Period Comparison of Au-

thors Detected to Use AI in Post-Period

In this section, we present our regression results on pre-period differences between
authors detected to use AI in the post-period and authors not detected to use AI
in the post-period. Results are presented in A7. In this table, we define “GPT-
post-author” as an indicator for a reviewer who is detected to use GPT in the post-
period. βGPT−post−author measures the difference in average usefulness (or helpfulness)
of reviews for these reviewers in the preperiod, compared to those who are not detected
to use GPT in the post-period. The regression is author-level and restricted to the
pre-period sample. We find null statistical differences for both our Yelp and Amazon
samples, suggesting that pre-period differences between authors who later adopt GPT
is highly unlikely to explain the post-period decline in perceived quality for their
reviews.

Table A7: Pre-period Differences in Average Quality
for Authors with Post-Period GPT Use

Yelp (“Usefulness”) Amazon (“Helpfulness”)

βGPT−post−author 0.154 0.118 -0.002 -0.018
(0.099) (0.096) (0.068) (0.063)

Controls X X

N 4841 4841 1289 1289

Notes: Each column reports results from regressions of standardized pre-period review quality on
an indicator for authors who later produce GPT-detected text. Controls include (author-level)
average review star rating, word count, valence, and price category densities. The coefficient
βGPT−post−author captures average pre-period differences between authors who use GPT in the
post period versus those who do not. Standard errors in parentheses. * p < 0.05, ** p < 0.01, ***
p < 0.001.
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A3 Only Author Fixed Effects

We also include an additional robustness checks to evaluate an alternative model
for controlling for author effects. Here, we present results using not a two-period
differences-in-differences design, but with a simple addition of an author fixed effect
term. This is an alternative specification to identify effects from within-author varia-
tion, but to allow us to include observations from authors who may be only observed
in a single period. This specification is in many ways less stringent than our pre-
ferred two-period differences-in-differences specification, which absorbs period fixed
effects and weights each author equally, but nonetheless results are qualitatively iden-
tical to our differences-in-differences estimates. Estimates are presented in Appendix
Tables A8 and A9. For our Yelp sample, we continue to see very strong and signifi-
cant effects, but for our Amazon sample, as we observe very few multi-review authors
(around 90,000 authors produced the observed 125,000 reviews for Amazon, compared
to around 10,000 authors for Yelp) the effects are not significantly identified from zero
when using only within-author variation, similar to our main differences-in-differences
results.
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Table A8: Effect of Detected AI Use on
Yelp.com Review "Useful" Votes: Author FE

βGPT−pre -0.024 -0.021
(0.021) (0.020)

βGPT−post -0.087∗∗∗ -0.091∗∗∗
(0.018) (0.018)

δj X X

Controls X

N 79233 79233

Table A9: Effect of Detected AI Use on
Amazon.com Review "Helpful" Votes: Author FE

βGPT−pre -0.019 0.025
(0.040) (0.038)

βGPT−post -0.027 -0.031
(0.031) (0.030)

δj X X

Controls X

N 124513 124513

Notes: Effect of adoption of ChatGPT in review production on review quality. Sample based on
Yelp reviews for restaurants in San Francisco area and reviews for products in "Camera, Photo and
Video" category of Amazon, with GPT use detected using ZeroGPT. Controls include star rating of
review, wordcount of review, average valence of review, price level dummies, and for Yelp restaurants,
restaurant type dummies. Outcome variables standardized to express effects in terms of standard
deviation shifts in quality. * = 5% significance, ** = 1% significance, *** = 0.1% significance.
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A4 Explaining Amazon Pre-period Differences:

Writing Style Controls

As described in the main text, we examine the extent to which writing style may
account for the observed positive impact of “detected GPT” writing in reviews in the
pre-period, per our hypothesis that well-written reviews may have been more likely
to be detected as involving GPT usage in the pre-period, accounting for that earlier
positive association. To examine this, we include writing style measures based on
the major categories of writing style measured using the LIWC dictionary of Boyd
et al. (2022) (interacted with pre- and post-period dummies to allow for the effect
of writing style to shift after GPT is released) as controls, and examine how effects
differ.
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Table A10: Effect of Detected AI Use on
Amazon.com Review "Helpful" Votes:

With Linguistic Style Controls

βGPT−pre 0.165∗∗∗ 0.080∗∗∗ 0.040∗
(0.019) (0.018) (0.018)

βGPT−post -0.149∗∗∗ -0.142∗∗∗ -0.076∗∗∗
(0.018) (0.017) (0.017)

Baseline Controls X X

Writing Style Controls X

N 124513 124513 124513

Notes: Effect of adoption of ChatGPT in review production on review quality. Sample based on
Yelp reviews for restaurants in San Francisco area and reviews for products in "Camera, Photo and
Video" category of Amazon, with GPT use detected using ZeroGPT. Controls include star rating of
review, wordcount of review, average valence of review, price level dummies. Linguistic style controls
include the full set of stylistic category density measures from Boyd et al. (2022) including “Tone”,
“WPS”, “Bigwords”, “DIC”, “Drives”, “Cognition”, “Affect”, “Social”, “Culture”, “Lifestyle”, “Physical”,
“Perception”, “Conversation”, interacted with pre- and post-period dummies to allow for differential
effects of writing style in either period. See Boyd et al. (2022) for further details on these style
categories. Outcome variables standardized to express effects in terms of standard deviation shifts
in quality. * = 5% significance, ** = 1% significance, *** = 0.1% significance.

.
Results are presented in Table A10. In line with our hypothesis, we find that

including writing style controls does meaningfully attenuate the pre-period positive
association. The post-period effect remains highly significant and negative but is also
attenuated. We do not include these controls in our main regression out of concerns
that writing style is a “bad control” in our setting, much more so that the other
controls that we include in our baseline model, since we posit that writing style is the
primary mechanism by which readers determine perceptions of AI usage, which we
identify as the main channel of effects, based on the evidence from our experiments.
Nonetheless, we suggest that this pattern of results is reassuring that the positive
association between detected-GPT reviews and quality in the pre-period is driven
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by a “well-written” writing style that later becomes associated with GPT writing,
reinforcing our interpretation that the post-period effects may be best interpreted as
conservative lower-bounds.
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A5 Details on Experiments

Example Stimulus and Instruction Details for Experiments 1 and 2

We here present screenshot examples of the specific stimuli displayed to online survey
participants in each condition for Experiment 1. Each participant was shown two such
stimuli out of a list of 25 reviews, and asked to rate each of the two reviews on a Likert
scale of 1-7 across five pre-registered quality dimensions: authenticity, helpfulness,
usefulness, persuasiveness, and sincerity. Participants were also instructed on the
following before they read the reviews and based on the communicated writing agent
(AI vs. human) conditions they were assigned to: "Please read the following review
that is written by ChatGPT" or "Please read the following review that is written by
the customer herself."

Full details of every text stimulus used in this experiment are available in our
online supplemental files.

54



Figure A1: Experiment 1: Example Stimuli

(a) "AI-written" x "informed-AI" condition (b) "Human-written" x "informed-AI" condition

(c) "AI-written" x "informed-human" condition
(d) "Human-written" x "informed-human" con-
dition

Notes: Example stimuli for experiment 1, informed AI (a and b) and informed human (c and d)
conditions. Stimuli text is written by AI in AI-written conditions (a and c), and written by human
in human-written conditions (b and d). Survey drawn from field data sample of Yelp.com reviews.

For experiment 2, we used the same text stimulus as in experiment 1, but amended
the instructions before presenting the stimuli. Participants were also instructed on
the following before they read the reviews and based on the communicated writing
agent (AI vs. human) conditions and the verification conditions they were assigned
to: (1) communicated agent: "Please read the following review that is written by
ChatGPT" or "Please read the following review that is written by the customer
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herself" or "Please read the following review that is written by the customer herself
and edited by ChatGPT"; followed by (2) verification: "based on a verified customer
experience" or no information on verification. We here present screenshot examples
of the specific stimuli displayed in each condition for Experiment 2. Full details of
every text stimulus used in this experiment are available in our online supplemental
files.
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Figure A2: Experiment 2: Example Stimuli for All Conditions

(a) "AI-written" condition (b) "Human-written" condition

(c) "AI-edit" condition (d) Verified "AI-written"

(e) Verified "human-written" (f) Verified "AI-edit"

Notes: Example stimuli for all Experiment 2 conditions. Survey drawn from field data sample of
Yelp.com reviews.

Example Stimulus for Experiment 3

We here present a screenshot example of the specific stimuli displayed to online survey
participants for Experiment 3. Each participant was shown six such stimuli and
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asked to rate it on a Likert scale of 1-7 across five pre-registered quality dimensions:
authenticity, helpfulness, usefulness, persuasiveness, and sincerity, as well as the % of
the review that they perceived to involve AI usage. The regression analysis, including
the regression with the interaction with majority-perceived-AI-usage, were all pre-
registered. Full details of every text stimulus used in this experiment are available in
our online supplemental files.

Figure A3: Experiment 3: Example Stimulus

Notes: Example stimulus for experiment 3. Survey drawn from field data sample of Yelp.com
reviews.
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Additional Analysis in Experiment 2

As pre-registered, we reported results that excluded participants in the "verified"
conditions who did not believe our verification. Next, we report results that include
these participants in the analysis.

Results are presented in Table A11. Compared to the reviews that were communi-
cated as written by humans, conditions that communicated AI usage, either written
by AI or edited by AI, were rated as lower-quality across all the dimensions. We also
found the effects being attenuated in the AI-edit condition: compared to reviews that
were not verified and involved AI usage, reviews that were verified showed smaller
negative effects across the dimensions. The negative effects in the "verified" condi-
tions were more significant than the results reported in 9, which is expected as those
who were not influenced by the verification interventions are likely to show a similar
level of negative effects on AI-written reviews even in the "verified" conditions.
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Table A11: Effect of Communicated AI Usage and Verified Experience on Review
Quality Perceptions (No Exclusion)

Authentic Helpful Useful Persuasive Sincere

βCommunicatedAI X V erify −0.778∗∗∗ −0.360∗ −0.252 −0.463∗∗ −0.606∗∗∗

(0.161) (0.167) (0.161) (0.174) (0.157)

βCommunicatedAI X NoV erify −1.348∗∗∗ −0.843∗∗∗ −0.758∗∗∗ −0.884∗∗∗ −1.045∗∗∗

(0.160) (0.166) (0.160) (0.173) (0.156)

βCommunicatedAIEdit X V erify −0.603∗∗∗ −0.422∗ −0.417∗ −0.550∗∗ −0.492∗∗

(0.161) (0.167) (0.161) (0.174) (0.157)

βCommunicatedAIEdit X NoV erify −0.708∗∗∗ −0.641∗∗∗ −0.620∗∗∗ −0.703∗∗∗ −0.696∗∗∗

(0.160) (0.166) (0.160) (0.172) (0.156)

βCommunicatedHuman X V erify −0.089 −0.019 −0.004 −0.287† 0.042
(0.162) (0.168) (0.162) (0.175) (0.158)

βCommunicatedHuman X NoV erify . . . . .
(Excluded Category) (.) (.) (.) (.) (.)

N 1,174 1,174 1,174 1,174 1,174

Notes: Effect of different combinations of communicated AI usage and verification of experiences on
review quality perceptions. Sample drawn from Prolific and stimuli drawn from field data (Yelp.com)
reviews that were detected to involve no GPT use, with GPT use detected using ZeroGPT. Usage
was communicated explicitly to be either "written by the customer herself", "written by the cus-
tomer herself and edited by ChatGpt", or "written by ChatGPT". Verification of experience was
communicated by explicitly to be "based on a verified in-person experience".† = 10% significance, *
= 5% significance, ** = 1% significance, *** = 0.1% significance.
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Deviation from Pre-Analysis Plan: Additional Analysis in Experiment 3

While our primary analyses of review quality were pre-registered, we added one anal-
ysis, based on pre-registered variables, that was not in our original pre-analysis plan.
Specifically, for Experiment 3, while we noted that we would collect participant per-
ceptions of majority-AI usage as part of a pre-registered interaction term specification,
we did not pre-register the analysis of participant perceptions of majority AI-usage
and percentage of AI usage against detected AI usage using ZeroGPT, presented in
Table 10. After running the experiment, this regression was easily accomplished with
our collected data and filled an important gap in our examination, and so we included
this analysis in addition to the pre-registered regressions of quality perceptions both
with and without interactions.
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A6 Additional Tables and Figures
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Table A12: Effect of Detected AI Use on
Yelp.com Review Log("Useful" Votes)

βGPT−pre -0.048 -0.027
(0.042) (0.040)

βGPT−post -0.184∗∗∗ -0.212∗∗∗
(0.047) (0.045)

Controls X

N 33562 33562

Table A13: Effect of Detected AI Use on
Amazon.com Review Log("Helpful" Votes)

βGPT−pre 0.339∗∗∗ 0.253∗∗∗
(0.027) (0.024)

βGPT−post -0.440∗∗∗ -0.375∗∗∗
(0.034) (0.029)

Controls X

N 72985 72985

Notes: Effect of adoption of ChatGPT in review production on review quality, using log(x) functional
form. Sample based on Yelp reviews for restaurants in San Francisco area and reviews for products in
"Camera, Photo and Video" category of Amazon, with GPT use detected using ZeroGPT. Controls
include star rating of review, wordcount of review, average valence of review, price level dummies,
and for Yelp restaurants, restaurant type dummies. * = 5% significance, ** = 1% significance, ***
= 0.1% significance.
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Table A14: Effect of Detected AI Use on Review "Funny"-ness: Yelp.com

βGPT−pre -0.035 -0.036
(0.038) (0.037)

βGPT−post -0.080∗ -0.134∗∗∗
(0.032) (0.032)

Controls X

N 79233 79233

Table A15: Effect of Detected AI Use on Review "Cool"-ness: Yelp.com

βGPT−pre -0.023 -0.029
(0.038) (0.037)

βGPT−post -0.085∗∗ -0.148∗∗∗
(0.032) (0.032)

Controls X

N 79233 79233

Notes: Effect of adoption of ChatGPT review production on review quality for alternative quality
measurements. Sample based on Yelp reviews for restaurants in San Francisco area and reviews
for products in "Camera, Photo and Video" category of Amazon, with GPT use detected using Ze-
roGPT. Controls include star rating of review, wordcount of review, average valence of review, price
level dummies, and for Yelp restaurants, restaurant type dummies. Outcome variables standardized
to express effects in terms of standard deviation shifts in quality. * = 5% significance, ** = 1%
significance, *** = 0.1% significance.
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Table A16: Effect of Detected AI Use on
Yelp.com Review "Useful" Votes:

"Elite" vs. non-"Elite"

"Elite" Non-"Elite"

βGPT−pre -0.031 -0.020 0.039 0.038
(0.061) (0.059) (0.047) (0.047)

βGPT−post -0.171∗∗∗ -0.203∗∗∗ -0.060 -0.091∗
(0.048) (0.047) (0.044) (0.043)

Controls X X

N 30733 30733 48500 48500

Table A17: Effect of Detected AI Use on
Amazon.com Review "Helpful" Votes:

"Vine Voice" vs. non-"Vine Voice"

"Vine Voice" Non-"Vine Voice"

βGPT−pre 0.168∗∗∗ 0.078 0.161∗∗∗ 0.077∗∗∗
(0.051) (0.047) (0.021) (0.021)

βGPT−post -0.096∗∗ -0.064∗ -0.146∗∗∗ -0.133∗∗∗
(0.029) (0.027) (0.022) (0.020)

Controls X X

N 15529 15529 108984 108984

Notes: Effect of adoption of ChatGPT in review production on review quality, stratified by reviewer
category. Sample based on Yelp reviews for restaurants in San Francisco area and reviews for prod-
ucts in "Camera, Photo and Video" category of Amazon, with GPT use detected using ZeroGPT.
Controls include star rating of review, wordcount of review, average valence of review, price level
dummies, and for Yelp restaurants, restaurant type dummies. Outcome variables and covariates
standardized to express effects in terms of standard deviation shifts. * = 5% significance, ** = 1%
significance, *** = 0.1% significance.
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Figure A4: Valence Distribution:
Human versus AI

(a) Yelp.com
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(b) Amazon.com
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Notes: Valence distribution of reviews, stratified by detected AI usage. Y-axis of each panel shows
the fraction of reviews at each valence, while X-axis shows the associated valence. Use of
generative AI scored using ZeroGPT.com. Sample based on 79,233 reviews gathered from
Yelp.com for the universe of restaurants in San Francisco, and 124,513 reviews gathered from
Amazon.com for the "Camera, Photo and Video" category.
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Figure A5: Wordcount Distribution:
Human versus AI
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(b) Amazon.com
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Notes: Wordcount distribution of reviews, stratified by detected AI usage. Y-axis of each panel
shows the fraction of reviews at each wordcount, while X-axis shows the associated wordcount. Use
of generative AI scored using ZeroGPT.com. Sample based on 79,233 reviews gathered from
Yelp.com for the universe of restaurants in San Francisco, and 124,513 reviews gathered from
Amazon.com for the "Camera, Photo and Video" category.
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