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Abstract

This paper investigates Al washing — the exaggeration or misrepresentation of
corporate investment in artificial intelligence (AI). Using large language models, we
develop novel measures of forward-looking Al investment plans from earnings call tran-
scripts (“Al talk”) and Al-related workforce expertise from employee resumes (“Al
walk”) for U.S. public firms from 2016 to 2024. We validate these measures by demon-
strating that Al walk, but not Al talk, predicts subsequent Al patent quantity and
quality. Within firms, past Al talk does not forecast future Al walk, and Al wash-
ing incidents have surged since 2019, particularly among smaller, less capital-intensive
manufacturing firms. Market rewards talk in the short run but discounts it in the
long run, while walk earns large, persistent valuation gains only over longer horizons.
Institutional investors are more discerning than the broad market, allocating capital
toward high-walk firms early on. Finally, firms with strong managerial incentives are
more likely to raise talk without increasing walk, consistent with strategic hype. Over-
all, the results reveal a measurable and growing disconnect between Al rhetoric and real
investment, reflecting the tension between short-term market incentives and long-term
value creation.
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1 Introduction

Artificial intelligence (AI) has rapidly emerged as one of the most transformative technologies
of the modern era. Al’s capability to analyze big data, automate complex tasks, and improve
decision-making suggests that it has the potential to function as a general-purpose technology
for business across industries. Despite its potential, however, Al's economic impact remains
an open question. A critical challenge in assessing Al’s impact is that firms do not uniformly
disclose Al investments, making it difficult to differentiate between genuine Al-investing
firms and those who merely claim to be investing in it.

As investors and stakeholders increasingly recognize the value of Al capabilities, some
firms may be tempted to engage in Al washing — exaggerating or falsely claiming Al in-
vestment plans. Recent anecdotal evidence suggests that the Securities and Exchange Com-
mission (SEC) is scrutinizing firms’ claims about Al investment, highlighting the regulatory
importance of this issue.! Beyond regulatory concerns, Al washing can lead to capital mis-
allocation, diverting investment toward firms that merely signal Al investment rather than
those genuinely engaged in Al development.

In this study, we frame AI washing through the lens of agency conflict between man-
agers and shareholders, drawing on Stein (1988) model of managerial myopia. Managers,
pressured by short-term stock price expectations and performance-based compensation, may
engage in Al washing by prioritizing AI talk (i.e., public claims of Al investment) over Al
walk (i.e., tangible investments in Al). Given the information asymmetry between managers
and investors, firms may use cheap talk as a low-cost signal to exploit investor enthusiasm
for AI. This can create a divergence between market perceptions and firm fundamentals:
while AI talk may temporarily boost stock prices, only AI walk contributes to long-term
innovation and value creation. When firms overstate their Al engagement without follow-

through, shareholders ultimately bear the cost of misallocated capital and missed innovation

Thttps://www.bloomberg.com /news/articles/2024-06-20 /sec-s-ai-crackdown-signals-trickle-of-cases-will-
turn-to-flood7embedded-checkout=true



opportunities.

We provide the first systematic examination of Al washing among U.S. public firms
from 2016Q1 to 2024Q2. Specifically, we quantify the discrepancies between firms’ past Al
talk, as measured by forward-looking in-house Al investment claims in quarterly earnings
conference calls, and their future Al walk, as measured by Al-related human capital. While
regulatory filings (e.g., 10-K and 8-K reports) contain Al-related disclosures, we focus on
earnings conference calls, as they represent high-stakes, real-time communications where
managers articulate firm-specific information to investors and analysts with relatively greater
discretion. Over the sample period, Al talk has risen sharply: the percentage of firms
mentioning the word “AI” in conference calls increased from virtually zero in 2016 to about
20% by mid-2024 (Figure 1), raising questions about the credibility and consistency of these

claims.

[Insert Figure 1 here]

Given the rapid development of Al technology over the past few years, our analysis
accounts for evolving terminology and language change by constructing dynamic word em-
beddings based on conference call transcripts. We identify keywords that are most closely
associated with “AlI” for each year, which then allow us to quantify the extent to which
firm managers discuss their Al commitments. To refine our measurement of Al talk, we
apply large language models (LLMSs) to classify only those statements that describe active,
in-house Al investments requiring human capital and are framed in a forward-looking man-
ner. This approach yields a firm—quarter measure of Al talk that reflects active investment
claims rather than generic references to Al

We measure Al walk using detailed employee resume data that captures the composition
of firms’ Al-related human capital, following the approach of Babina et al. (2024). This
dataset allows us to identify active Al-related positions at the firm—quarter level and quantify

the share of the workforce engaged in Al activities. By construction, this measure captures



substantive workforce investment in Al and enables a direct comparison between firms’ stated
AT ambitions and their realized commitments.

We validate our measures by examining their relationship with subsequent Al innovation,
as captured by Al patent quantity, value, and citations. Al walk is a strong and robust pre-
dictor: a one-standard-deviation increase is associated with roughly 17% more Al patents,
25% higher patent value, and 33% more citations in the following period. These economi-
cally large and statistically significant relationships suggest that the walk measure reflects
substantive Al capabilities that translate into meaningful and higher-quality innovation. By
contrast, holding Al walk constant, Al talk has no significant association with any innovation
outcome, suggesting that rhetorical emphasis on Al, has limited technological impact.

Equipped with the granular firm-quarter level measures, we then examine the dynamic
relationship between AI talk and Al walk. Cross-sectionally, firms that talk more about
AT also tend to have larger Al-related workforces in subsequent periods. However, this re-
lationship is largely explained by time-invariant firm characteristics such as size, age, and
R&D intensity. Once we exploit within-firm variation by including firm fixed effects, the
predictive link between past Al talk and future Al walk disappears, indicating that manage-
rial rhetoric around Al investment generally does not translate into subsequent workforce
expansion. This disconnect has widened over time: before 2019, firms tended to “walk the
talk,” whereas in the post-2019 period, Al talk no longer predicts future Al walk.

This breakdown in the within-firm relationship between Al talk and subsequent AI walk
suggests that some firms use Al-related rhetoric without following through on substantive
investment. To examine this behavior systematically, we define Al washing incidents as cases
where a firm announces forward-looking Al investment plans but undertakes zero Al-related
workforce capacity within the subsequent two years. We identify 165 Al washing firms —
those with at least one incident over the sample period — and document a substantial rise in
such behavior since 2019, concentrated in manufacturing and more prevalent among smaller

and less capital-intensive firms. This pattern is consistent with the idea that resource-



constrained firms may use Al talk as a low-cost signaling strategy in place of substantive
investment.

We then examine how the stock market responds to such behavior. In the short run, Al
talk corresponds to a positive and statistically significant stock price reaction of approxi-
mately 1 basis point higher three-day cumulative abnormal returns (CARs) per 3 additional
Al-related keywords on average, controlling for the level of Al walk. However, this initial
enthusiasm fades over time: by the 360-day horizon, firms with higher AI talk experience sta-
tistically significant under-performance. In contrast, firms with higher Al walk show muted
short-run reactions but earn sustained and significant positive abnormal returns over longer
horizons — a one—standard-deviation higher Al walk is associated with 25 basis points higher
BHAR over the 360-day horizon. This divergence suggests that the market may initially re-
ward Al-related rhetoric, only to later recognize its lack of substance and penalize it, while
substantive Al investment yields slower but far greater long-term gains in market value.

On the other hand, institutional investors can better distinguish between rhetoric and
substance in firms’ Al investment disclosures. For Al-focused mutual funds and ETFs, a
one-standard-deviation increase in Al walk corresponds to roughly 0.3 additional fund hold-
ing the stock, while AT talk shows negative association within three quarters. In the broader
institutional fund universe, a one-standard-deviation increase in walk is associated with 12-
14 more funds holding the stock across the subsequent four quarters, whereas talk remains
insignificant throughout the horizon. These patterns indicate that institutional investors
specialized in Al tend to reward substantive Al investment and, within three quarters, re-
duce exposure to firms with elevated Al talk, while generalist funds largely ignore rhetorical
emphasis and respond primarily to tangible investment.

Finally, we investigate managerial incentives for Al washing. Using CEO delta, which is a
measure of the sensitivity of an executive’s wealth to the firm’s stock price, as a proxy for pay-
for-performance incentives, we compare changes in talk and walk before and after the launch

of ChatGPT for high- versus low-delta firms. A difference-in-differences design reveals that



high-delta rms increase Al talk sharply in the post-ChatGPT period, while showing only
small and statistically insigni cant changes in Al walk. Parallel-trend tests con rm that these

di erences emerge only after the event. These ndings suggest that when executives' personal
wealth is more tightly tied to stock price movements, they may have greater incentives to
strategically emphasize Al in public communications without committing commensurate
resources.

We nd similar patterns when we focus on seasoned equity o erings (SEOs), which cre-
ate strong short-term incentives to boost market sentiment. Al talk spikes sharply in the
SEO quarter, while coinciding with no observable increase in Al walk even after four quar-
ters. The market responds disproportionately: during SEO quarters, the return premium
to Al talk is more than seven times larger than in other periods, adding roughly 1.6 basis
points to three-day CARs for a one{standard-deviation increase in talk. These results are
consistent with opportunistic narrative management, where managers strategically amplify
Al-related rhetoric when they stand to bene t from a higher stock price, despite the absence
of substantive follow-through.

Together, these ndings provide novel evidence that Al washing is both increasingly
prevalent and strategically motivated, shaped by a tension between short-term market in-
centives and long-term value creation. By separately measuring Al talk and Al walk, we
uncover a clear disconnect between public communication and actual investment, with im-
portant implications for investors and regulators.

This paper contributes to the growing literature on the role of Al in rms. Prior research
has examined the impact of Al on rm growth and workforce composition (e.g., Acemoglu
and Restrepo (2018); Agrawal et al. (2019); Webb (2019); Acemoglu et al. (2022); Babina
et al. (2023a); Babina et al. (2023b); Eisfeldt et al. (2023); Babina et al. (2024); Hampole
et al. (2025)). However, to the best of our knowledge, we are the rst to systematically
investigate the gap between rms' Al claims and their actual investments up to 2024. By

leveraging granular textual data from conference calls and employee resumes, our study sheds



light on how rms strategically communicate Al engagement and the extent to which such
communication aligns with real technological development.

Our study also contributes to the broader literature on corporate disclosure and strategic
communication. Prior studies suggest that managers selectively shape rm narratives to
in uence investor perceptions and stock prices (e.g., Larcker and Zakolyukina (2012); Gow
et al. (2021); Flugum and Souther (2023)). Speci cally, there is a growing literature on
the phenomenon of greenwashing, where rms misreport on their environmental, social, and
governance (ESG) practices to appear more sustainable than they truely are (e.g., Chen
(2022); Bauer et al. (2024); He et al. (2024)). While greenwashing often relates to long-term
reputational positioning and is increasingly subject to regulatory scrutiny, Al washing is
distinct in that it centers on a fast-moving technological frontier where disclosure standards
are nascent, veri cation is more di cult, and market enthusiasm can produce rapid valuation
e ects.

From a methodological perspective, this study contributes to the burgeoning literature
that applies natural language processing (NLP) techniques in nance research (e.g., Jha
et al. (2022); Bandyopadhyay et al. (2023a,b); Bybee et al. (2024); Hirshleifer et al. (2023);
Jha et al. (2023); Lopez-Lira and Tang (2023); Sautner et al. (2023); Li et al. (2024); van
Binsbergen et al. (2024); Hirshleifer et al. (2025)). Early methodologies, such as Word2Vec
and BERT, exhibit limitations in fully interpreting context, particularly in complex corporate
disclosures. Recent developments in LLMs o er improvements in contextual understanding
but present challenges in terms of computational cost and scalability when applied to large
corpora of text. To address these challenges, this study proposes a novel hybrid approach
that combines dynamic word embeddings with LLM-based analysis.

There are a series of contemporaneous studies on rms' Al-related communication. Bar-
rios et al. (2025) examine U.S. public rms' Al disclosures in earnings calls from 2016{2023,
showing that cross-sectionally, the release of ChatGPT in late 2022 sparked a rapid shift to-

ward generative Al topics Jia et al. (2025) focus on a short window of two quarters after the



ChatGPT release, providing descriptive evidence that rms, on average, increase their dis-
cussions about generative Al. In a contemporaneous study on rms' Al disclosure and labor
investment, Liu (2025) nds that from 2010{2018, Al-exposed rms increased subsequent
Al-related hiring. Consistent with this, we nd that before 2019, Al talk signi cantly pre-
dicts Al walk. However, extending the sample through 2024 reveals that this link has largely
disappeared in recent years, suggesting a growing divergence between rms' Al narratives
and their actual investments.

Our study complements these papers while o ering four novel insights. First, by exploit-
ing within- rm variation over the recent 2016{2024 period, we provide a granular and timely
assessment of the credibility and consequences of corporate Al communication. Second, we
examine how the stock market responds di erently to Al talk and Al walk across horizons,
showing that initial enthusiasm for talk reverses over time, whereas walk delivers sustained
value creation. Third, we contrast institutional investors with the broader market, nd-
ing that institutions, particularly Al-focused funds, are better able to distinguish between
genuine investment and rhetorical signaling, and act on this information more quickly. Fi-
nally, we show that managerial incentives can trigger opportunistic spikes in Al talk without
corresponding investment, o ering direct evidence of managerial myopia in Al disclosure.

From a policy perspective, our results underscore the need for enhanced regulatory
scrutiny of Al-related corporate disclosures. The SEC's recent enforcement actions indicate
growing concerns about misleading Al claims, and our ndings provide empirical support
for such regulatory interventions. For investors, our study highlights the importance of
distinguishing between rms that genuinely invest in Al and those that merely engage in
Al-related rhetoric.

The remainder of the paper is organized as follows. Section 2 describes the data sources.
Section 3 outlines the methodology and presents key stylized facts. Section 4 validates the
Al talk and Al walk measures. Section 5 analyzes the dynamics of these measures and

documents descriptive patterns of Al washing rms. Section 6 examines nancial market



reactions to Al washing, and Section 7 investigates the role of managerial incentives. Section

8 concludes.

2 Data

2.1 Earnings Call Transcripts

To measure the intensity of rms' Al talk, we analyze quarterly earnings call transcripts
sourced from the Capital 1Q database. These transcripts provide a rich textual dataset
capturing how rms communicate their strategic priorities, technological initiatives, and
nancial performance to investors and analysts. Our focus is on U.S. public rms from 2016
to 2024.

Earnings calls represent a unique and informative venue for analyzing rms' Al-related
discourse. Unlike regulatory lings, which follow standardized reporting requirements, earn-
ings calls o er greater managerial discretion and exibility in shaping the narrative around
rm performance, competitive positioning, and innovation strategies. Importantly, these
calls are not subject to direct regulatory constraints, allowing managers to emphasize cer-
tain aspects of their operations, including Al investments, based on strategic considerations.

Our analysis speci cally focuses on the managerial presentation segment of the earnings
call, where executives deliver prepared remarks about their rms. This section is particularly
relevant because it re ects the rm's intentional messaging, rather than being driven by
external questioning. While the Q&A segment involves interactive discussions with analysts,
the presentation segment o ers a clearer and more controlled measure of the rm's Al-related

disclosures.

2.2 Employee Resume

To measure rms' actual investments in Al, we follow Babina et al. (2023a,b, 2024) and use

Al-related human capital as a proxy. We use employee resume data from the Revelio Labs,
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which compiles structured employment histories for professionals worldwide. For this study,
we restrict the sample to U.S. publicly traded rms. The dataset contains over 75 million job
position records for approximately 44 million unique employees from these rms, providing
detailed insights into workforce composition and skill distribution. Available information
includes company a liations, job titles and descriptions, tenure in speci c roles, listed skills,

and educational backgrounds.

2.3 Institutional Holdings

To examine institutional investors' exposure to Al-related rms, we utilize fund holdings
data from the CRSP Mutual Fund Database. This dataset provides comprehensive coverage
of U.S. mutual funds and ETFs, including their portfolio compositions, investment strategies,
and quarterly holdings.

Given the absence of a formal de nition of Al-focused funds in the existing literature,
we develop a novel classi cation approach based on fund prospectus using LLM. Out of all
the fund prospectuses that are led between 2016Q1 and 2024Q2 from the SEC website,
we rst require the presence of \Al," \arti cial intelligence,” or \technology" in the strategy
narrative section of the prospectus. Then, we feed the entire section to LLMs to classify each
fund to be Al-investing, Al-using, or neither? This procedure yields 98 unique Al-investing
fund portfolios, for which we obtain quarterly portfolio holdings from the CRSP Mutual

Fund Database.

2.4 Al Patents

We utilize the Arti cial Intelligence Patent Dataset developed by the United States Patent

and Trademark O ce (USPTO), which classi es Al patents into several categories, including

2The fund is classi ed as an Al-Investing fund if it explicitly states that it invests in rms that develop,
advance, or heavily utilize Al in their business models (e.g., Al research, Al infrastructure, machine learning
applications). The fund is classi ed as an Al-using fund if it applies Al in its own investment strategies (e.g.,
Al-driven algorithms for portfolio selection). The complete prompt can be found in Appendix



machine learning, evolutionary computation, natural language processing, vision, speech,
knowledge processing, planning and control, and Al hardware (Pairolero et al. (2025)). The
dataset includes rm identi ers, enabling us to track rms' technological innovation in Al
over time. To assess both theuantity and quality of Al innovation, we supplement this
dataset with measures of economic value and forward citations from Kogan et al. (2017),
which serve as proxies for the patents' economic and scienti ¢ signi cance.

The USPTO mandates that all patent applications led on or after November 29, 2000,
be made public 18 months after the initial ling date2 To account for truncation bias, we
limit our analysis on innovation outcomes to the end of 2022. To avoid truncation bias
from unpublished applications, we restrict our analysis of innovation outcomes to patents
issued by U.S. public rms through the end of 2022. Patenting activity is aggregated at
the rm-quarter level using the ling date, rather than the grant date, to better re ect
the timing of innovation given the typical lag between ling and grant. This approach
yields a rm{quarter measure of newly generated Al patents and provides a more accurate,

near{real-time indicator of rms' Al-related innovation output.

2.5 Al Inventors

We construct an alternative measure of rms' substantive engagement in Al based on the
hiring of Al inventors. Using data from the USPTO, we extract information on the ling
date, inventor name, and inventor location for each Al-related patent. We then match
inventors to employee pro les from Revelio Labs by performing exact name and location
matching, and requiring that the matched individual is employed at the rm at the time of
patent ling. This matching procedure enables us to track rms' recruitment of Al inventors
and aggregate this information to the rm-quarter level.

This alternative Al walk measure o ers a narrow but highly selective view of rms'

Al investment, focusing speci cally on those employees who have contributed to patented

Shttps://www.uspto.gov/web/offices/pac/mpep/s1120.html
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innovations. In contrast, our baseline walk measure captures a broader swath of the Al
workforce, including engineers, data scientists, and other Al-related professionals who may
not be directly involved in patenting. Later in the analysis, we show that this inventor-based

measure yields consistent evidence of Al washing, providing robustness to our main ndings

and reinforcing the distinction between symbolic Al talk and substantive Al walk.

2.6 Sample Summary Statistics

To obtain our nal sample, we impose two important lters. First, we exclude rms in the
information and technology industries, following Babina et al. (2024). This is because we are
interested in studying rms that invest in Al to bene t their business operations rather than
those who merely sell Al products. Second, we impose a minimum threshold of 100 active
employees per rm in the dataset. This criterion helps mitigate concerns related to rms with
limited workforce representation, which could otherwise distort our Al investment measure.
We focus on rms that have discussed Al-related topics at least once in their conference calls
from 2016Q1 to 2024Q2. Our nal sample includes 20,135 rm-quarter observations covering
721 unique U.S. public rms. The summary statistics of the nal sample are presented in

Table 1.

[Insert Table 1 here]

3 Methodology and Descriptive Evidence

3.1 Identifying Al-related Keywords

Given the rapid development of Al technology, it is important to account for the evolving
terminology used by rm managers. To this end, we use the skip-gram implementation of
the Word2Vec algorithm, a widely used natural language processing (NLP) technique that

generates vector representations of words based on the prediction of surrounding context
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words. Unlike traditional bag-of-words modelsWord2Vec captures semantic relationships
and contextual similarity. We follow the approach proposed by Houston et al. (2024) and
train separateWord2Vec models for each year in our sample using conference call transcripts,
thereby constructing a dynamic word embedding that re ects the evolution of Al-related
language over time.

When training our models, we identify bi-grams and tri-grams in the corpus to preserve
multi-word phrases? We use a vector dimension of 300 and a context window of 10 words,
and drop infrequent words that appear fewer than ve times. To improve model stability,
we run the skip-gram algorithm 20 times (rather than the default of 5). The resulting
embeddings are robust to alternative window sizes of 5 and 15.

From each yearly Word2Vec model, we identify the top 100 terms most closely associated
with \AI" based on cosine similarity scores. As shown in Figure 2, there has been substan-
tial change in the composition of the top-100 most similar words to \AI" over time. For
instance, generative Al terms begin to appear prominently in 2023, shortly after the launch

of ChatGPT at the end of 2022.

[Insert Figure 2 here]

3.2 Al Talk Measure

To construct our measurement of Al talk, we rst apply LLMs to further analyze rms' dis-
cussions containing any Al-related keywords. In particular, we classify the Al-related text

from conference call transcripts using the GPT-40-mini model with the following prompt

Instruction: Analyze the following manager presentation excerpt from a company's confer-
ence call transcript. Based solely on this source, determine whether the company is making

a clear commitment to Al-related activities that require human capital|such as hiring Al

4For example, \arti cial " and \ intelligence" are two separate words, but are frequently used together in
the bigram, \ arti cial _intelligence".

5As an alternative, we also use the gemini-2.0- ash model and the classi cation outputs are largely
identical.
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talent, expanding Al R&D teams, or building internal Al development capacity.

Classi cation Criteria:

" Al Investment Talk: The rm describes in-house Al activities involving human capi-
tal, including developing Al technology, expanding R&D sta , hiring Al specialists, or
creating dedicated Al teams.

" Not Al Investment Talk: No mention of in-house Al activities requiring human capital.

General remarks on Al's importance, reliance on external Al providers, or Al activities

limited to procurement of tools or infrastructure without internal sta ng should be

classi ed here.

Time Frame:

~ Backward-Looking: Al activities involving human capital that have already occurred
(e.g., \We hired...," \Last year, we built an Al team...").

" Forward-Looking: Planned Al activities involving human capital (e.g., \We will expand
our Al research team in 2025...").

~ If both backward- and forward-looking activities are present, report past and future time

frames separately.

Time Frame Detail:

" ldentify any speci c years, quarters, or relative time references mentioned.
Output Format:
1. Commitment Status: (Al Investment / Not Al Investment)
2. Time Frame: (Backward-Looking / Forward-Looking / NA)
3. Time Frame Detail: (Exact year/quarter or relative reference)
4. Supporting Evidence: (Quote key phrases from the transcript that justify the classi ca-
tion)
Based on the output, we further Iter the conference call text by requiringCommitment

Status = \Al Investment" and Timing = \Forward-Looking." This ensures that any remain-

ing discussions are truly related to on-going or future in-house Al investment that the rms
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are actively engaging in, which allows for comparison with real-time rm employee pro les.

After this step, we construct the Al talk measure as following:

*_, Similarity Score., Al-related Keyword Occurrenceg,,
Total Number of Words;,

Al Talk s = 100 (1)

wherei denotes rm, t denotes quarter, andk denotes keyword.

The term Al-related Keyword Occurrencerepresents the frequency of each Al-related
term in rm i's earnings call transcript during quartert. The term Total Number of Words
serves as a normalization factor to ensure that the Al talk measure re ects the relative
prominence of Al discussion rather than variations in transcript length. By incorporating
word similarity scores, our measure assigns greater weight to terms that are more closely
related to Al concepts in a given year, allowing for a more accurate representation of a rm's
Al discourse.

Of all forward-looking Al investment discussions, roughly 65% specify a clear time frame.
Among these, over 90% indicate that the investment is expected to occur within two years
of the statement. This pattern is important, as it informs the time horizon we adopt in our

subsequent analyses.

3.3 Al Walk Measure

We use Al-related human capital as a proxy for rms' actual walk in Al. For job positions
that span multiple quarters, we treat them asactive in each quarter. To identify Al-related
positions, we require at least one Al keyword from the corresponding yearly Al dictionary
to be present in the position description text. To ensure that a position containing Al key-
words is genuinely tied to the development of Al technology, we further Iter the remaining
descriptions using an LLM-based classi cation prompt. This additional step helps exclude
roles where Al mentions refer only to peripheral activities, such as adopting pre-built Al tools

in non-technical work ows or referencing Al tangentially without contributing to in-house
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Al development or infrastructure. We use the following prompt with GPT-40-mini:

Instruction: Analyze the following job description. Based solely on this description, deter-
mine whether the position is Al-related.
Classi cation Criteria:
" Al-Related: The role contributes to the rm's in-house Al development or infrastruc-
ture, indicating real Al investment. This can include building or deploying machine

learning models, researching Al algorithms, or developing tools and systems to support

Al work.

Not Al-Related: The role does not directly involve Al model development or infrastruc-

ture, such as generic IT or computer science roles.
Output Format:
1. Al Classi cation: (Al-Related / Not Al-Related)

2. Supporting Evidence: (Quote key phrases from the description that justify the classi -

cation)

With the Itered Al-related job positions, we construct the rm-quarter level Al walk

measure as following:

Number of Active Al-related Positions,

Al Walk;; = . — . —
"~ Number of All Active Positions with Descriptions,

10Q )

wherei denotes rm andt denotes quarter.

To account for di erences in rm employment size, we scale the number of Al-related
positions by the lagged total number of active positions with available job descriptions from
the previous quarter. This standardization also helps mitigate bias due to missing position
texts, particularly in later periods where more jobs may lack descriptions.

Figure 3 plots the time-series trends of the Al talk and Al walk measures. Both measures
have exhibited a steady upward trajectory since early 2016, re ecting the growing emphasis

on Al-related discussions and investments across rms.
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[Insert Figure 3 here]

We also nd substantial variation in both Al talk and Al walk across industries. Fig-
ure 4 plots the average talk and walk by industry, de ned using rms' two-digit NAICS
codes. Both measures are highest in the \Information" industry, consistent with the nd-
ings of Babina et al. (2024) over the sample period of 2010-2018. Several other industries
also exhibit elevated levels of Al-related discourse and investment, suggesting that Al is not

con ned to a single sector.

[Insert Figure 4 here]

For easier interpretation, we standardize Al talk and walk measures such that each mea-
sure has mean zero and standard deviation of one. We use the standardized measures in

remaining analyses.

3.4 Focus of Al Talk

To better understand the focus of rms' Al talk, we examine the prevalence of key topics
extracted from earnings conference call transcripts. Speci cally, we apply LLMs to identify
the focus of Al investment within rm-level Al talk, isolating themes mentioned in the
context of Al-related workforce commitments. Figure 5 presents the time-series frequency
of four selected themes | automation, generative Al, cloud, and a generic Al category.
Automation emerges as the dominant and most persistent focus, rising steadily from 2016
to a peak of nearly 12% of rms in the sample discussing it as the primary focus of Al
investment by 2022, before declining thereafter. Generative Al appears abruptly in late
2022, coinciding with the public release of ChatGPT, and quickly reaches almost 8% of rms
in 2023, underscoring the speed at which breakthrough technologies reshape investment
narratives. Cloud remains relatively stable at 2{3% across the sample period, re ecting its
role as enabling infrastructure rather than a shifting focal point. In contrast to these speci c

and well-de ned areas of Al investment, mentions of the generic Al category follow a similar
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post-2022 surge, suggesting that rms increasingly reference Al in broad, non-speci c terms
| possibly to signal engagement with Al without disclosing concrete investment goals or
focus areas. These trends highlight both the persistence of established Al investment themes
and the rapid adoption of new, less specic narratives in response to major technological
events, reinforcing that our Al talk measure e ectively captures the evolving content of rms’

Al investment discussions.

[Insert Figure 5 here]

4 Validation of Measures: Innovation Outcomes

To validate our Al Talk and Al Walk measures, we examine whether they are predictive
of subsequent innovation outcomes. If our measures are valid, we expect Al Walk to be
positively associated with innovation outcomes, as actual Al capability investments should
facilitate the development of novel technologies. Conversely, controlling for Al Walk, Al
Talk should have weaker association with innovation as it re ects symbolic signaling rather
than substantive action.
Speci cally, we use three di erent measures of Al innovation at the rm-quarter level:

(1) the number of Al patents granted, (2) the total economic value of those patents, and (3)
the number of forward citations to those patents. The following regression speci cation is

estimated:

Yi;t = 1Ta|ki;t 1t 2wa|ki;t 1t Xi;t 1t m T industry-quarter + IIi;t; (3)

whereY;; takes on one of the three dependent variables, and the key independent variables
are Talki; 1 and Walk;; 1, which measure the standardized levels of Al talk and Al walk
of rm i, respectively, lagged by one periotl. The vector X;; ; includes a set of lagged

control variables capturing rm characteristics and nancial indicators, including rm size,

8In distributed lag analysis, we lag independent variables for up to eight quarters.
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cash/assets, R&D intensity, age, and CAPEX. The speci cation also includes rm xed ef-
fects, m , and industry-quarter xed e ects, industry-quarter » t0 @ccount for time-invariant

rm characteristics and time-speci ¢ industry-level shocks.
[Insert Table 2 here]

Table 2 presents regression results examining the relationship between rms' Al engage-
ment and their subsequent Al innovation. Across all speci cations, Al walk\Walky, ) is a
strong and consistent predictor of subsequent innovation: a one{standard-deviation increase
in Walk in the previous quarter is associated with approximately 17% more Al patents, 25%
higher Al patent value, and 33% more citations in the following period. These economically
large and statistically signi cant relationships indicate that the Walk measure captures sub-
stantive Al-related capabilities that translate into meaningful and higher-quality innovation
outputs.

In contrast, Al Talk ( Talky: ) is not signi cantly associated with innovation outcomes,
suggesting that excessive Al-related language alone has limited and economically trivial
implications for actual innovation. Taken together, these results support the validity of the
talk-walk distinction: whereas Al Walk is meaningfully associated with tangible innovation
outputs, Al Talk may instead re ect hype, aspirational signaling, or strategic communication

without real technological follow-through.
[Insert Figure Al here]

Given the common time lag between technological investment and actual innovation
output, we perform distributed lag analysis by regressing patent outcomes on Al walk and Al
talk of various lags, along with control variables and xed e ects as in the main speci cation.
As illustrated in Figure Al, the predictive power of Al walk on future innovation outcomes
is robust and strong for 8 quarters ahead, whereas empty Al talk is trivially associated with

future innovation, even in the longer term.
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5 Al Talk-Walk Dynamics

5.1 Firm Characteristics of Al Talkers and Walkers

To study what type of rms tend to talk and walk on Al, we rst have to extend our sample

to include all rms, regardless of whether they have mentioned Al over our sample period or
not. This step leads to 54,639 rm-quarter observations covering 2,094 unique U.S. public
rms. Then we perform univariate analysis to compare several ex-ante rm characteristics
as of 2016Q1. Table 3 presents descriptive statistics that compare rms based on their
engagement with Al, distinguishing between rms that ever talk about Al (Panel A) and
those that ever walk the talk (Panel B).

Across several rm characteristics, rms that talk about Al at least once in our sample
period (i.e.,Ever Talk rms) are systematically larger with more resources. On average, Ever
Talk rms have signi cantly higher sales (6.08 vs. 5.43), more cash holdings (0.19 vs. 0.15),
and greater capital expenditures (3.01 vs. 2.43), all with statistically signi cant di erences.
These rms are also slightly older (26.9 vs. 25.3) and invest more in R&D (0.018 vs. 0.012).
In contrast, pro tability (ROA) is nearly identical across both groups, suggesting similar
nancial performance as of 2016. The magnitude and signi cance of the mean di erences
highlight that Ever Talk rms are, on average, more established and better positioned to
engage with and discuss emerging technologies like Al.

In comparison, rms that walk at least in one quarter in our sample period (i.e Ever Walk
rms) exhibit even stronger distinctions in rm characteristics. These rms are substantially
larger, with a mean log sales of 6.37 compared to 4.94 among non-walkers, and demonstrate
signi cantly greater investment capacity (3.31 vs. 1.95). They also tend to be older (29.9
vs. 22.7), indicating a more established corporate foundation. While cash holdings and
R&D intensity are moderately higher, pro tability (ROA) is notably better among Ever
Walk rms (-0.001 vs. {0.010). These patterns suggest that Al investment is more common

among mature, better-capitalized rms, reinforcing the notion that translating Al talk into
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action requires substantial organizational resources and capabilities.

5.2 Talk-Walk Gap in Al

With measures of Al talk and Al walk, we are now equipped to examine their dynamic

relationship with the following regression design:

Al Walk;; =+ hAl Talkit n+ Xit 1+ m +  industry-quater T+ "it; (4)
h=1

where Al Walk;; represents the level of Al investment for rmi in quarter t and the key in-
dependent variable Al Talk;; 1, captures the intensity of rm i's Al investment discussions

in its earnings call in quartert h. The coe cients  re ect the estimated predictability

of past Al talk at each of the past eight quarters on current Al walk. The vector Xy 1
includes lagged control variables such as size, cash/assets, R&D, age, and CAPEX. In the
rst set of regressions, we incorporate industry-quarter xed e ects inqustry-quarer {0 CONtrol

for time-speci c industry-level shocks. In another set of regressions, we further include rm
xed e ects ,, to control for time-invariant rm-speci c characteristics that may in uence

both the independent and dependent variables.
[Insert Table 4 here]

The results presented in Table 4 reveal two key ndings. First, in the absence of rm
xed e ects (columns 1 - 3), past Al talk exhibits strong predictive power for future Al
walk, suggesting that cross-sectionally, rms that discuss Al more extensively are also more
likely to expand their Al-related workforce. This is also consistent with our ndings in
Table 3, where more established and better capitalized rms engage in both Al talk and
Al walk more. In sharp contrast, however, once we control for spurious cross-sectional

variation by incorporating rm xed e ects (columns 4 - 6), this relationship disappears.

In deciding the number of lags to include, we have to balance the tradeo between examining a longer
time horizon and retaining more observations in the analysis. Given the fact that the vast majority of Al
investment talk is about plans within one to two years, we include lagged talk measures up to eight quarters.
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Speci cally, there is no signi cant association between Al talk over the past eight quarters
and current Al walk at the rm level, implying that much of the cross-sectional association
may be driven by time-invariant rm characteristics such as size, age, or R&D intensity.
These ndings underscore the importance of accounting for rm-level heterogeneity when
evaluating dynamic relationships between Al rhetoric and implementation.

These ndings support the notion that managerial discourse around Al investments often
fails to translate into actual organizational commitment, such as hiring Al talent. The
absence of a predictive relationship between past Al talk and future Al walk is consistent with
the practice of Al washing, where rms emphasize Al narratives in public communications

without backing them with substantive implementation later on.
[Insert Table 5 here]

In a contemporaneous working paper by Liu (2025), the author studies a sample period
from 2010 to 2018 and nds that Al-exposed rms subsequently increase their investments
in Al-related labor. Consistent with this nding, once we split the sample into pre-2019
and post-2019 periods, we nd that rms indeed \walk the talk" prior to 2019, with Al
talk signi cantly predicting subsequent Al walk, as shown in Table 5. However, in the
more recent period, this relationship weakens considerably, suggesting a growing disconnect

between rms' Al-related claims and their actual follow-through.

5.3 Firm-Level Determinants of Al Washing

The vast majority (over 90%) of forward-looking Al investment talk speci es that investments
will occur within the next two years. Therefore, if a rm makes such statements without
subsequently building substantive Al workforce capacity within this time frame, we classify
it as engaging in Al washing. Speci cally, we de ne amAl washing incident as an instance
where rm i discusses Al investment plans in quartetr but records zero Al walk from quarter

t + 1 through quarter t + 8. A rm is labeled as an Al Washing rm if it has at least one
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Al washing incident over the sample period. Based on this de nition, we identify 165 rms
that have engaged in at least one Al washing incident between 2016Q1 and 2024Q2.

Panel A of Figure 6 shows that Al washing incidents have become increasingly frequent
over the sample period. After uctuating at relatively low levels between 2016 and 2018,
the number of quarterly incidents began trending upward from 2019 onward, with a sharp
acceleration after 2020. The peak occurs in 2022Q1, when nearly 30 Al washing episodes
were identi ed in a single quarter. Panel B of Figure 6 highlights the industry distribution of
Al washing rms. Manufacturing dominates, accounting for more than half of all identi ed
rms, followed by Finance & Insurance and Real Estate. Other industries with notable
representation include Retail Trade, Administrative Support, and Wholesale. Incidents are
much less frequent in sectors such as Agriculture, Arts & Entertainment, and Construction,
suggesting that Al washing is concentrated in industries where Al narratives are both more
marketable and more plausibly integrated into rm operations.

We next investigate which ex-ante rm characteristics predict Al washing. Table 6 re-

ports results from estimating the following speci cation:

Al Washing, = + Firm Variable; 201601 + industy + "i; (5)

where Al Washing, represents whether or not rmi is identied as an Al washing rm.

All regressions control for industry xed e ects inqusty - Firm Variable;. 201601 denotes one
of the ex-ante rm characteristics as of 2016Q1, including log of sales in columnQash
cash/assets in column 2, leverage in column 3, age in column 4, R&D in column 5, log
of CAPEX in column 6, Tobin's Q in column 7, and ROA in column 8. A multivariate

speci cation with all variables are shown in column 10.
[Insert Table 6 here]

The results show that log sales is a strong and negative predictor of Al washing: larger

rms are signi cantly less likely to engage in Al washing. Higher R&D intensity and greater
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CAPEX are also associated with a lower likelihood of Al washing, consistent with these
variables capturing genuine investment capacity and innovation orientation. By contrast,
other variables, including cash holdings, leverage, rm age, Tobin's Q, and ROA, do not
consistently predict Al washing behavior.

Taken together, these results suggest that smaller rms and those with lower tangible
and intangible investment levels are more prone to Al washing. This aligns with the view
that Al washing may be used disproportionately by resource-constrained rms as a low-cost
signaling strategy, while better-capitalized rms are more likely to deliver on their stated Al

ambitions.

6 Market Reactions to Al Washing

6.1 Short-run and Long-run Stock Returns

We explore market reactions to Al talk and walk by analyzing both short-run and long-run

abnormal returns. Table 7 presents the results from estimating the following speci cation:

Abnormal Return; = + Al Talkit + LAl Walkiy 1+ Xit 1+ m + industry-quarter + "iit;

(6)
whereAbnormal Return represents either market-adjusted CARs, measured over the three-
day window surrounding earnings calls, or market-adjusted BHARS, measured over the sub-
sequent 180 days, 270 days, or 360 days from the earnings call dates for irnm quarter
t. We control for a comprehensive set of lagged rm variables (size, cash/assets, R&D, age,
CAPEX, earnings surprise, ROA, market-to-book ratio), along with rm xed e ects

and industry-quarter xed e ects industry-quarter -
[Insert Table 7 here]

In the short run, higher Al talk is associated a positive market response. In Columns

(2){(2), the coe cient on Talk is 0.196 and 0.212, respectively, both statistically signi cant at
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the 1% level, implying that a one-standard-deviation increase in Al-related communication
is associated with approximately 0.2 basis point higher CARs in the three-day event window,
controlling for other rm characteristics and xed e ects. Translating this into raw units,

a back-of-the-envelope calculation suggests that mentioning three additional Al-related key-
words in an earnings call corresponds to roughly 1 basis point higher CAR, holding all else
constant. By contrast, Al walk (lagged one quarter) is not related to CARs in a signi cant
way, implying that in the short term, market rewards talk rather than walk, consistent with
the idea that investor attention is disproportionately captured by rhetorical signaling over
substantive capability.

Over longer horizons, this relationship changes signi cantly. In the 180-day BHAR re-
gressions (Columns (3)-(4)), the coe cients on Talk remain positive (0.165 and 0.308) but
are statistically insigni cant, indicating that the initial market enthusiasm does not translate
into consistently higher medium-term returns. By the 270-day horizon (Columns (5)-(6)),
the coe cients on Talk turn negative and remain insigni cant, before becoming both eco-
nomically large and statistically signi cant in the 360-day BHAR regressions (-2.520 and
-1.704 in Columns (7)-(8), signi cant at the 1% and 5% levels, respectively). This rever-
sal suggests that rms relying on Al talk without corresponding action may face a market
correction within a year.

In contrast, while the market reaction to rms' Al walk is muted in the short run, it
becomes strongly and consistently positive across all long-horizon speci cations. For exam-
ple, the coe cient on Walk is 14.5 in the 180-day window (Column 4), rising to 24.8 in the
360-day window (Column 8), all signi cant at the 1% level, suggesting that a one-standard-
deviation higher Al walk is associated with 25 bps higher BHAR over the 360-day horizon, all
else being equal. These results indicate that substantive Al workforce investments generate
sustained positive abnormal returns, in sharp contrast to the eventual under-performance
following unsubstantiated Al talk.

Overall, the evidence points to a clear divergence in investor responses: the market reacts
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quickly and favorably to Al-related communications, but without real follow-through, this
initial optimism fades and eventually reverses. By contrast, tangible Al investment yields

slower but more durable and signi cant market rewards.

6.2 Institutional Ownership

Next, we want to understand whether and to what extent institutional investors can distin-

guish Al washing behavior. To answer this question, we estimate the following regression:

Yi;t = + 1Ta|ki;t Kkt Zwalki;t kKt ><i;t 1t m T industry-quarter + IIi;t; (7)

whereY;. is the number of funds holding a rm's stock. In separate regressions, we construct
the outcome variable for Al-focused mutual funds and ETFs and all all institutional funds,
respectively. The vectorX;; ; includes a set of lagged control variables capturing rm char-
acteristics and nancial indicators. The speci cation also includes rm xed e ects, y,
and industry-quarter xed e ects, ingustry-quarter » 10 @ccount for unobserved heterogeneity
across rms and industry-speci ¢ shocks over time. We estimate this equation separately for
four di erent lag structures of Al talk and Al walk, where k 2 f 1; 2; 3; 4g quarters, thereby
examining how the relationship between Al engagement and institutional ownership evolves
over time. In each regression, only one lag of talk and walk is included, allowing us to isolate

the timing of the relationship.
[Insert Table 8 here]

Panel A of Table 8 focuses on Al-focused mutual funds and ETFs. Columns (1){(4) show
a sharp split between walk and talk. Across all four lags, Al walk is strongly positive and
signi cant: a one{standard-deviation increase in walk is associated with roughly 0.24{0.30
additional Al-focused fund holding the stock. By contrast, Al talk shows no association with
Al-focused fund holdings at 1 ort 2, but turns negative and statistically signi cant with

longer lags. Taken together, Al-focused investors appear to reward substantive Al investment
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and within 3{4 quarters, actively reduce holdings in rms whose Al communication is not
backed by real investment.

The pattern generalizes to the broader fund universe, but with larger magnitudes and
slower adjustment. As shown in Panel B of Table 8, Al walk predicts meaningfully higher
institutional ownership at all lags, with coe cients of 12.6{14.3, all statistically signi cant
at the 5% level. In contrast, Al talk is statistically insigni cant at every lag, indicating that
generalist funds largely ignore narrative emphasis but instead, focus on rms' substantive
investment.

Compared to the overall market, which reacts strongly to Al talk in the short run before
eventually penalizing unsubstantiated claims, institutional investors, especially Al-focused
ones, see through Al washing both more quickly and more decisively. They reward walk
immediately and begin to punish talk within three quarters, while generalist funds respond
more slowly and only to concrete Al investment. This suggests that specialized institutional
investors are better equipped to evaluate the credibility of Al-related claims and adjust
portfolios accordingly, making them an early and sharper detector of Al washing than the

market as a whole.

7  Why Do Firms Al Wash?

7.1 Managerial Incentives and ChatGPT Release

To investigate managerial incentives behind Al washing, we explore whether managers with
higher pay-for-performance sensitivity are more likely to in ate Al talk in response to the
launch of ChatGPT. We focus on delta, a widely used measure of executive compensation
sensitivity, which captures how much the dollar value of a CEQO's wealth changes in response
to a 1% increase in the rm's stock price (Coles et al. (2006), Core and Guay (2002)). High-
delta executives have strong incentives to in uence short-term stock prices and may thus

be more prone to using strategic disclosures, such as emphasizing Al capabilities, to shape
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investor perceptions.

We implement a di erence-in-di erences (DID) approach that compares changes in Al
talk and Al walk, respectively, before and after the ChatGPT launch between rms with high-
delta managers and those with low-delta managers. Speci cally, we estimate the following

regression:

Yi;t = + 1P05tt HighDelta"' Xi;t 1+ m t industry-quarter + IIi;t; (8)

whereY;; is the outcome variable for rmi in quarter t, and can be either Al talk or Al walk.
The variable Post; is an indicator for the post-ChatGPT period, andHighDelta is a dummy
variable equal to one for rms in the top quintile of CEO delta and zero for rms in the bot-
tom quintile. The interaction term Post  HighDeltg, hence, identi es whether high-delta
rms exhibit di erential changes in behavior after ChatGPT's release. The model also in-
cludes a vector of lagged rm-level control variableX;; ;, as well as rm xed e ects, .,
and industry-quarter xed e ects, ingustry-quarter , t0 account for unobserved heterogeneity

across rms and industry-speci ¢ shocks over time.
[Insert Table 9 here]

The results, presented in Table 9, reveal a striking pattern. Columns (1) and (2) show
that high-delta rms signi cantly increase their Al talk in the post-ChatGPT period, with
coe cients of 0.946 and 0.878, respectively, both statistically signi cant at the 1% level.
In contrast, columns (3) and (4) show only modest or statistically insigni cant increases in
actual Al walk among high-delta rms (coe cients of 0.070 and 0.035), indicating that the
increase in Al talk among high-delta rms is not matched by a corresponding increase in Al

implementation.
[Insert Figure 7 here]

The key identifying assumption in our DID model is that the high- and low-delta rms

would have exhibited similar behavior in the absence of the ChatGPT launch. To illustrate
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parallel trends in the pre-event period, we regress talk and walk, respectively, on yearly
indicator variables, interacted with the HighDelta indicator, and plot the coe cients along
with their 95% con dence intervals in Figure 7. The one quarter prior to the ChatGPT
launch is set as the baseline period. Consistent with our main results, we observe positive
coe cients immediately after the event, with high statistical signi cance starting 2 quarters
after. Noticeably, none of the pre-event coe cients is signi cant, suggesting that the control
and treated rms do not exhibit any meaningful di erences prior to the ChatGPT launch.
Overall, this evidence suggests that managerial incentives play a key role in driving gaps
between what rms say and what they do regarding Al investment. When nancial gains
can be realized through talk alone, and especially when executives stand to bene t directly

from stock price increase, rms may have stronger motives to engage in strategic disclosure.

7.2 Managerial Myopia and Seasoned Equity O erings

Seasoned equity o erings (SEOs) create strong incentives for managers to in uence investor
perceptions in the short run, as favorable market sentiment can facilitate higher o ering
prices and more successful capital raising. If Al talk spikes in the SEO quarter without a
corresponding increase in Al walk, this may signal opportunistic communication rather than
substantive investment.

We examine this hypothesis by retaining only the rst SEO for each rm in our sample,
provided it is not followed by a second SEO within two years, and restricting the sample to
SEOs occurring within a week of the quarterly earnings conference calls. This ensures that
our measure of Al talk re ects information managers disclose in the same quarter as the
capital raising decision. After applying these lIters, our sample consists of 92 SEO events.

An event study regression reveals a striking divergence between talk and walk patterns.
Figure 8 plots the estimated coe cients from regressions of Al talk and Al walk on relative-
guarter indicators, with the SEO quarter normalized to zero. Al Talk exhibits a pronounced

spike in the SEO quarter, indicating that managers substantially increase Al-related com-
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munication when approaching an equity issuance. In contrast, Al Walk remains essentially
at throughout the event window, with no discernible increase in substantive Al workforce
investment even up to four quarters after the SEO. This divergence between rhetoric and
action raises the possibility that managers strategically deploy Al-related communication to
in uence short-term investor sentiment rather than to signal genuine technological commit-
ment.

We test this directly by estimating CAR regressions with an interaction between Al
talk and an SEO-quarter indicator. The results in Table 10 show that Al talk in non-SEO
periods is associated with modest but signi cant positive CARs | about 0.2 basis point
per one{standard-deviation increase in talk. SEOs themselves are met with slightly negative
market reactions (-2.46 to -2.06 bps), consistent with prior literature that equity issuance
can be interpreted as a negative signal (e.g., Loughran and Ritter (1995); Loughran and
Ritter (1997); Baker and Wurgler (2000); Baker and Wurgler (2002); Dittmar et al. (2020)).

Noticeably, the interaction term is both economically and statistically signi cant | in
SEO quarters, the market reward to Al talk is ampli ed by roughly 1.4 bps. This implies
that a one{standard-deviation increase in Al talk during an SEO is associated with about
1.6 bps higher CARs, over seven times the e ect in non-SEO periods. Coupled with the
absence of any contemporaneous rise in Al walk, this nding supports the view that Al talk
during SEOs re ects short-term narrative management, allowing managers to temporarily
boost market sentiment at the time of equity issuance.

Taken together, the event-study and CAR results are consistent with managerial myopia:
managers appear to strategically amplify Al discussions in the short term to in uence investor
sentiment during capital raising events, even when substantive Al investment does not follow
through. This opportunistic timing underscores the importance of distinguishing between
rhetorical and substantive Al engagement, particularly when rms face heightened incentives

to manage market perceptions.
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8 Conclusion

This paper provides systematic evidence on Al washing | the strategic overstatement of Al
engagement in public communications without matching real investment. Using LLMs to
analyze earnings call transcripts and detailed resume data, we construct novel rm-quarter
level measures of Al talk and Al walk. These measures separately capture rhetorical em-
phasis and substantive investment, allowing us to examine their distinct roles in rms' Al
engagement. We rst validate the measures by linking them to future Al innovation. Al walk

is a strong predictor of subsequent Al-related patent volume, value, and quality, whereas Al
talk shows no such association. This con rms that our measures successfully distinguish
between rhetoric and substance.

We then document a pronounced within- rm gap between past talk and future walk:
increases in Al talk are not systematically followed by corresponding growth in Al-related
employment, consistent with rms overstating Al engagement in their communications. This
gap has widened over time, and is concentrated in manufacturing industry and more prevalent
among smaller and less capital-intensive rms.

Turning to market reactions, we nd that the short-term stock price response to Al talk
is positive and signi cant, but dissipates over longer horizons and reverses within a year. In
contrast, Al walk corresponds to muted short-term reactions but sustained and economically
meaningful abnormal returns over the long run. Institutional ownership patterns reinforce
this divergence. Al-focused mutual funds and ETFs allocate more capital to high-walk rms
and begin scaling back exposure to high-talk rms within three quarters. Generalist funds
respond more slowly but ultimately exhibit the same preference for substantive investment
over rhetoric.

Finally, we show that managerial myopia serves as an incentive for Al washing. Managers
with high pay-for-performance sensitivity and those conducting seasoned equity o erings
signi cantly increase Al talk without commensurate increases in walk. During SEO quatrters,

the short-term return premium to Al talk is more than seven times larger than in other
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periods, consistent with opportunistic narrative management aimed at in uencing issuance
valuations.

Together, these ndings provide novel evidence that Al washing is both measurable
and strategically motivated. The increasing prevalence of this behavior, particularly among
smaller rms and in settings with strong short-term market incentives, highlights the need for
investors and regulators to distinguish between rhetorical signaling and genuine technological

commitment in corporate disclosures.

31



References

Acemoglu, D., Autor, D., Hazell, J., and Restrepo, P. (2022). Arti cial intelligence and jobs:
Evidence from online vacanciesJournal of Labor Economics 40(S1):S293{S340.

Acemoglu, D. and Restrepo, P. (2018). The race between man and machine: Implications
of technology for growth, factor shares, and employmentAmerican Economic Review
108(6):1488{1542.

Agrawal, A., Gans, J. S., and Goldfarb, A. (2019). Arti cial intelligence: the ambiguous labor
market impact of automating prediction. Journal of Economic Perspectives33(2):31{50.

Babina, T., Fedyk, A., He, A., and Hodson, J. (2024). Arti cial intelligence, rm growth,
and product innovation. Journal of Financial Economics 151:103745.

Babina, T., Fedyk, A., He, A. X., and Hodson, J. (2023a). Arti cial intelligence and rms’
systematic risk. Available at SSRN

Babina, T., Fedyk, A., He, A. X., and Hodson, J. (2023b). Firm investments in arti -
cial intelligence technologies and changes in workforce compositioNBER Volume on
Technology, Productivity, and Economic Growth, forthcoming

Baker, M. and Wurgler, J. (2000). The equity share in new issues and aggregate stock
returns. the Journal of Finance 55(5):2219{2257.

Baker, M. and Wurgler, J. (2002). Market timing and capital structure. The journal of
nance, 57(1):1{32.

Bandyopadhyay, A., Mai, D., and Pukthuanthong, K. (2023a). Ai narrative and stock
mispricing. Available at SSRN

Bandyopadhyay, A., Mai, D., and Pukthuanthong, K. (2023b). Diversity narrative and equity
in rm leadership. Available at SSRN

Barrios, J. M., Hochberg, Y. V., and Moshary, S. (2025). Signals or smoke? the boom in
corporate ai disclosuresAvailable at SSRN 5133107

Bauer, M., Huber, D., O ner, E., Renkel, M., and Wilms, O. (2024). Corporate green
pledges. Technical report, IMFS Working Paper Series.

Bybee, L., Kelly, B., Manela, A., and Xiu, D. (2024). Business news and business cycles.
The Journal of Finance, forthcoming

Chen, S. (2022). Green investors and green transition e orts: talk the talk or walk the walk?
Available at SSRN 4254894

Coles, J. L., Daniel, N. D., and Naveen, L. (2006). Managerial incentives and risk-taking.
Journal of nancial Economics, 79(2):431{468.

32



Core, J. and Guay, W. (2002). Estimating the value of employee stock option portfolios and
their sensitivities to price and volatility. Journal of Accounting research40(3):613{630.

Dittmar, A., Duchin, R., and Zhang, S. (2020). The timing and consequences of seasoned
equity o erings: A regression discontinuity approach. Journal of Financial Economics
138(1):254{276.

Eisfeldt, A. L., Schubert, G., and Zhang, M. B. (2023). Generative ai and rm values.
Technical report, National Bureau of Economic Research.

Flugum, R. and Souther, M. E. (2023). Stakeholder value: A convenient excuse for under-
performing managers?Journal of Financial and Quantitative Analysis pages 1{34.

Gow, I. D., Larcker, D. F., and Zakolyukina, A. A. (2021). Non-answers during conference
calls. Journal of Accounting Research59(4):1349{1384.

Hampole, M., Papanikolaou, D., Schmidt, L. D., and Seegmiller, B. (2025). Arti cial intel-
ligence and the labor market. Technical report, National Bureau of Economic Research.

He, Q., Marshall, B. R., Nguyen, J. H., Nguyen, N. H., Qiu, B., and Visaltanachoti, N.
(2024). Greenwashing: Measurement and implicationgvailable at SSRN

Hirshleifer, D., Mai, D., and Pukthuanthong, K. (2023). War discourse and the cross section
of expected stock returns. Technical report, National Bureau of Economic Research.

Hirshleifer, D., Mai, D., and Pukthuanthong, K. (2025). War discourse and disaster premium:
160 years of evidence from the stock markethe Review of Financial Studies38(2):457{
506.

Houston, J. F., Kim, S., and Li, B. (2024). One hundred and thirty years of corporate
responsibility.

Jha, M., Liu, H., and Manela, A. (2022). Does nance bene t society? a language embedding
approach. A Language Embedding Approach (June 1, 2022)

Jha, M., Qian, J., Weber, M., and Yang, B. (2023). Chatgpt and corporate policies. chicago
booth research paper no. 23-15; fama-miller working paper, becker friedman institute for
economics working paper no. 2023-103.

Jia, N., Li, N., Ma, G., and Xu, D. (2025). Corporate responses to generative ai: Early
evidence from conference call®keview of Accounting Studies, forthcoming

Kogan, L., Papanikolaou, D., Seru, A., and Sto man, N. (2017). Technological innovation,
resource allocation, and growth.The Quarterly Journal of Economics 132(2):665{712.

Larcker, D. F. and Zakolyukina, A. A. (2012). Detecting deceptive discussions in conference
calls. Journal of Accounting Research50(2):495{540.

Li, Q., Shan, H., Tang, Y., and Yao, V. (2024). Corporate climate risk: Measurements and
responsesThe Review of Financial Studies37(6):1778{1830.

33



Liu, J. (2025). Ai exposure without labor data: Measuring ai's impact through rms.Avail-
able at SSRN 3482150

Lopez-Lira, A. and Tang, Y. (2023). Can chatgpt forecast stock price movements? return
predictability and large language modelsarXiv preprint arXiv:2304.07619

Loughran, T. and Ritter, J. R. (1995). The new issues puzzleThe Journal of nance,
50(1):23{51.

Loughran, T. and Ritter, J. R. (1997). The operating performance of rms conducting
seasoned equity o erings.The journal of nance, 52(5):1823{1850.

Pairolero, N. A., Giczy, A. V., Torres, G., Islam Erana, T., Finlayson, M. A., and Toole,
A. A. (2025). The arti cial intelligence patent dataset (aipd) 2023 update. The Journal
of Technology Transfer pages 1{24.

Sautner, Z., Van Lent, L., Vilkov, G., and Zhang, R. (2023). Firm-level climate change
exposure.The Journal of Finance 78(3):1449{1498.

Stein, J. C. (1988). Takeover threats and managerial myopialournal of Political Economy,
96(1):61{80.

van Binsbergen, J. H., Bryzgalova, S., Mukhopadhyay, M., and Sharma, V. (2024). (al-
most) 200 years of news-based economic sentiment. Technical report, National Bureau of
Economic Research.

Webb, M. (2019). The impact of arti cial intelligence on the labor market. Available at
SSRN 3482150

34



Figure 1. Percent of U.S. Public Firms Talking about Al

This gure plots the percent of U.S. public rms that mention \Al" in their quarterly earnings conference
calls from 2016Q1 to 2024Q2.
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Figure 2. Word Clouds of Al Talk

This gure presents word clouds for each year from 2019 to 2024 depicting the top 100 keywords in terms of
cosine similarity scores with respect to \Al" in conference calls.

(a) 2019 (b) 2020
(c) 2021 (d) 2022
(e) 2023 (f) 2024
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Figure 3. Time Series of AI Talk and AT Walk

This figure plots the quarterly average AI Talk (Panel A) and Al Walk (Panel B) as in percentage terms
from 2016Q1 to 2024Q2.
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Figure 4. AI Talk and AI Walk by Industry

This figure plots the average AI Talk (Panel A) and AT Walk (Panel B) by industry, defined using firms’
two-digit NAICS codes, from 2016Q1 to 2024Q2.
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Figure 5. Time Series of Topics in AI Talk

This figure illustrates the time-series evolution of selected Al investment topics extracted from firms’ earnings
call discussions, 2016Q1 — 2024Q2. The y-axis reports the percentage of conference call transcripts at each
quarter in the sample that cover each selected topic — Al, automation, generative AI, and cloud.
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Figure 6. AI Washing

This figure presents descriptive patterns of firms’ Al washing behavior, as defined by having AI talk in a
given quarter with zero Al walk in the subsequent eight quarters. Panel A plots the time series of number
of AI washing incidents from 2016Q1 to 2022Q2. Panel B plots the industry distribution of the number of
firms that experience at least one Al washing incident over the sample period.
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Figure 7. Pre- and Post-Event Differences Between High- and Low-Delta Firms

This figure presents results from the event-study regression using the release of ChatGPT in 2022Q4 as an
exogenous shock. The estimated coefficients from past 4 quarters to future 4 quarters are plotted, along
with their 95% confidence intervals. The quarter prior to ChatGPT release is omitted. Standard errors are
clustered at the firm level.
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