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tion. The model predicts a non-monotonic relationship between accuracy and informativeness. At the high

accuracy levels achieved by LLMs, strategic tailoring dominates processing gains and informativeness de-

clines. Using U.S. earnings conference calls, I construct a measure of standardized textual surprise and

validate that markets react significantly to unexpected textual content. I document that following Chat-

GPT’s release in November 2022, managerial tailoring increased, while textual informativeness declined.

The decline concentrates in prepared speeches where optimization is feasible, not in spontaneous Q&A.

Validating the theoretical mechanism, I show that the earlier, less accurate Loughran-McDonald dictionary

generated opposite effects: tailoring increased but informativeness rose. Robustness tests rule out compo-

sitional shifts in call content and declining investor attention. The findings demonstrate that algorithmic

advances create a fundamental trade-off: improved processing can degrade disclosure quality when accu-

racy enables reliable gaming.
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1 Introduction

Over the past decade, algorithms have migrated from hedge-fund back offices to mainstream

asset management, sell-side research, and even retail trading platforms (Bartram, Branke, and Mo-

tahari (2020), BlackRock (2024), and Reuters (2024))1. Machine learning models now outperform

humans in stock return prediction and portfolio selection (Rossi and Utkus (2020), Van Binsber-

gen, Han, and Lopez-Lira (2023), and Cao, Jiang, J. Wang, et al. (2024)); sentiment classification

algorithms have achieved human-level accuracy and are employed to generate profitable strate-

gies (Ke, Kelly, and Xiu (2019) and Loughran and McDonald (2020)); and advanced detection

models have become leading tools for uncovering financial fraud (Bao et al. (2020) and Bertomeu

et al. (2021)). As a result, algorithmic trading is now estimated to account for more than 60% of

U.S. equity volume.2

A large empirical literature documents this algorithmic supremacy, with the implicit premise

of monotonicity. As algorithms become more accurate, capital markets should become better in-

formed and more efficient. This view, however, overlooks an important equilibrium consequence.

As investors increasingly rely on algorithms to interpret corporate disclosures, managers have

growing incentives to tailor their language and exploit algorithmic predictability. In practice, this

adaptation, or tailoring, involves choosing words and phrases that leverage known patterns in

algorithmic classification. Tailoring means making lexical choices to influence an algorithm’s out-

put. For example:

“Smartphone revenue for the quarter was $77.5 million on shipments of 330,000 units, a decline with

respect to our November quarter revenue of $171.0 million and shipments of 556,000 units.”

A simple word-dictionary algorithm would classify this sentence as negative solely due to “de-

cline”. A minor rewrite, however, can shift the classification without altering the facts:

“Smartphone revenue for the quarter was $77.5 million on shipments of 330,000 units versus smartphone

revenue of $171.0 million and shipments of 556,000 units in our November quarter.”

1According to an AI talent report by Evident, 40% of hiring within the banking industry from October 2022 to March
2023 were for AI-related job functions.

2Goldman Sachs Global Marco Research
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Here, replacing “decline” with “versus” renders the sentence neutral under the same algorithm,

even though the underlying message is unchanged. More sophisticated models, such as Large

Language Models (LLMs), are not as easily misled by a single word substitution. However, these

tools can also be used strategically in production. Rather than simply avoiding negative words,

managers can use LLMs to reframe disclosures more positively. The NIRI 2023 Fall Report docu-

ments investor relations departments prompting models with requests such as:

“What specific recommended language changes would you have for the neutral sentiment expressed in

pages 2 through 5 in order to make it more positive? Identify the original neutral language and then your

corresponding recommendation.”

Applied to the earlier example, it yields:

“Smartphone revenue for the quarter reached $77.5 million on shipments of 330,000 units, following a

strong November quarter with $171.0 million in revenue and 556,000 units shipped.”

Factually equivalent, this version would likely be classified as positive even by early LLMs (Can

Turetken and Leippold (2024)). Thus, the same tools that improve the consumption of disclosure

also enable its strategic production.

This example illustrates the mechanism at the heart of this paper: algorithmic advances boost

investors’ ability to process complex text but also create new incentives for manipulation. The very

models designed to enhance precision become targets of strategic tailoring. Whether disclosure

informativeness rises or falls with better technology depends on which force dominates: efficiency

gains from improved processing, or losses from increased managerial obfuscation. This ambigu-

ity motivates the paper’s central question: Does technological progress ultimately strengthen or

weaken the informational role of corporate disclosure? And more specifically, has the advent

of Large Language Models (LLMs) and generative AI (GenAI) improved or worsened corporate

communication?

To formalize this tradeoff, I develop a simple model of disclosure under limited investor at-

tention (see Blankespoor, deHaan, and Marinovic (2020) for a review of processing costs and dis-

closure). In the model, a manager communicates with an investor who relies on an algorithm to

extract information from the report. Greater algorithmic accuracy improves the investor’s ability
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to process text, but it also makes the algorithm itself a target of strategic tailoring. Informativeness

therefore follows a non-linear path: it initially rises with accuracy, but beyond a threshold, excess

tailoring by managers erodes the gains from more precise classification.

This mechanism is particularly salient in the setting of accounting and narrative disclosure,

where language is inherently malleable. Recent evidence shows that managers adapt to machine

readers by embedding machine-readable tags (e.g., XBRL), avoiding accounting treatments that

trigger fraud alerts, and rephrasing negative content to misdirect sentiment models (Allee, DeAn-

gelis, and Moon Jr (2018), Cao, Jiang, Yang, et al. (2023), and Cao, Liang, and Moon (2023)). Mod-

ern disclosure is written not only for human investors, but increasingly for algorithms, making it

a natural laboratory for studying the consequences of algorithmic progress.

The model yields a sharp prediction. Informativeness should decline following the introduc-

tion of large language models (LLMs), as their human-level sophistication amplifies incentives

for strategic reframing. By contrast, earlier technologies such as dictionary-based sentiment mod-

els should exhibit the opposite pattern: informativeness increases because improved processing

outpaces managerial manipulation. Therefore, the model predicts different outcomes depending

on the level of technological sophistication, providing both a primary test (LLMs) and a natural

validation exercise (dictionary-based technology).

I examine this prediction in the setting of earnings conference calls, which include both pre-

pared narrative disclosure and real-time Q&A portion. My primary focus is the release of GPT-

3.5-class models in November 2022, which represents a salient, plausibly exogenous shock to the

accuracy of natural language processing (NLP). Technological progress in this domain is cumula-

tive and directional: successive innovations tend to deliver performance improvements.3 I there-

fore treat the diffusion of LLMs as a technological shock that materially improves the accuracy of

machine reading.

A first empirical challenge is measuring the informativeness of textual disclosure. To do that,

I introduce the absolute textual response coefficient (TRC), which quantifies the sensitivity of abso-

lute returns to textual surprise, in the spirit of the earnings response coefficient (ERC, Ball and P.

Brown (1968), Beaver (1968), Kormendi and Lipe (1987), Collins and Kothari (1989), and Easton

3R. Frankel, J. Jennings, and J. Lee (2022) find that machine-learning approaches outperform dictionary-based rou-
tines in sentiment detection.
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and Zmijewski (1989) and see Kothari (2001) and Dechow, Ge, and Schrand (2010) for reviews).

Because textual expectations are not directly observable, I construct a measure of standardized

textual surprise (SUT) in two steps. First, I measure linguistic dissimilarity between the current

earnings call and the firm’s prior four calls using the TF-IDF approach validated by S. V. Brown

and Tucker (2011). Second, I residualize this dissimilarity against observable information events

(management guidance, 8-K filings, and macroeconomic conditions) to isolate unexpected textual

content. I validate the measure by showing that absolute cumulative abnormal returns increase

significantly with textual surprise, with a baseline TRC of 33 basis points at the mean earnings

surprise, robust to comprehensive controls and fixed effects. In this way, I can directly trace how

the informativeness of disclosures changes around the ChatGPT shock.

My hypothesis assumes algorithmic tailoring by managers. I validate this channel by con-

structing a tailorability index measuring the extent to which disclosures are phrased to exploit

known algorithmic weaknesses. For Large Language Models (LLMs), the index leverages their

limitations in numerical and comparative reasoning (Can Turetken and Leippold (2024)), calcu-

lated as the fraction of sentences containing neutral comparative statements (e.g., “compared to,”

“relative to”) but lacking explicit directional negatives (e.g., “decline,” “decrease”). Importantly,

I exploit the structure of earnings calls: prepared speeches, written in advance, are more suit-

able for tailoring, while the Q&A segment, driven by analysts, provides a natural control group.4

This within-firm-quarter design enables separation of strategic adaptation from baseline linguistic

drift. I find that tailorability increases by approximately 1 percentage point in prepared speeches

relative to analysts’ questions after the release of ChatGPT-3.5, representing a 1% increase rela-

tive to the pre-period mean. This provides direct evidence of strategic adaptation concentrated

precisely where managers control language choices.

Having validated the tailoring channel, I move to the main test. I find that following the release

of ChatGPT-3.5, the TRC declines by 21 basis points at the mean earnings surprise, representing

a 3.2% decrease in the market’s response to textual information. This effect emerges gradually

through 2023 and becomes pronounced in 2024, consistent with the diffusion of LLM adoption

across investors. Pre-trend tests confirm the absence of differential trends in the 2020-2021 period,

supporting the notion that the effect reflects the introduction of LLMs rather than pre-existing pat-

4Bushee, Gow, and Taylor (2018) provide a similar argument for managerial obfuscation.
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terns. The simultaneous increase in tailorability and decline in textual informativeness suggests

that the success of LLMs in parsing text creates new incentives for obfuscation, and that improved

technology can reduce the informativeness of corporate communication.

To further validate the strategic manipulation mechanism, I exploit the internal structure of

conference calls and re-estimate the TRC separately for prepared speeches and Q&A segments.

Tailoring involves an iterative process of drafting and evaluating algorithmic responses, which

is feasible only for prepared remarks written days in advance, not for the spontaneous Q&A di-

alogue. Consistent with this prediction, I find that the informativeness decline is concentrated

entirely in prepared speeches (6 basis points decline, statistically significant), while the Q&A por-

tion shows no significant change. This stark asymmetry provides additional evidence that the

aggregate informativeness decline reflects strategic tailoring enabled by LLMs, concentrated pre-

cisely where such optimization is feasible.

I provide a second identification strategy to validate the theoretical mechanism by examin-

ing the earlier and less sophisticated Loughran and McDonald (2011) (LM) dictionary. My model

suggests that moderate accuracy should increase informativeness (processing gains dominate ma-

nipulation incentives), while high accuracy should decrease informativeness (manipulation incen-

tives dominate). I find that managers tailored for the LM dictionary just as they later tailored for

ChatGPT, but the effect on informativeness operates in the opposite direction. Following the LM

dictionary’s 2011 introduction, textual informativeness increased by 33 basis points (+6.0%), com-

pared to the 21 basis point decline (-3.2%) following ChatGPT. This asymmetry is consistent with

the mechanism operating through algorithmic accuracy rather than coincidental trends or omit-

ted shocks, providing within-framework confirmation of the non-monotonic relationship between

algorithmic precision and disclosure quality.

I subject these findings to additional robustness tests and rule out alternative explanations.

First, I examine whether the declining market response reflects compositional shifts in call content

rather than strategic manipulation. Using inverse document frequency (IDF) analysis of core fi-

nancial terms, I show that the vocabulary of earnings calls remained stable throughout 2019-2024,

with no discontinuity around ChatGPT’s release. Second, I test whether the effect stems from

declining investor attention as passive ownership increased. I find that the market’s response to

numerical earnings surprises actually increased slightly post-LLMs, and the informativeness de-
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cline concentrates among firms with high transient (active) investor ownership rather than high

quasi-indexer (passive) ownership. These patterns rule out declining attention and confirm that

sophisticated investors rationally discounted textual content following the introduction of strate-

gic tailoring opportunities.

Finally, I decompose textual surprise into five categories using FinBERT embeddings and K-

Means clustering: Boilerplate, Forward-looking, Fundamentals, Pricing, and Strategy. The aggre-

gate decline in informativeness masks substantial heterogeneity across content types. Informa-

tiveness declined for discussions of Fundamentals topics (quantitative financial metrics). Instead,

the categories that might be considered inherently less informative (Boilerplate, Forward-looking)

show no significant changes, ruling out compositional shift interpretations and validating that

the decline concentrates in content types that are both valuable when credible and targetable for

strategic optimization.

This paper contributes to several strands of literature. First, it extends the literature on strate-

gic textual disclosure and obfuscation in financial reporting (F. Li (2008), Larcker and Zakolyukina

(2012), X. Huang, Teoh, and Zhang (2014), Allee and DeAngelis (2015), J. Lee (2016), and Bushee,

Gow, and Taylor (2018)) to a modern setting in which algorithms rather than humans increasingly

interpret disclosures. Building on Cao, Liang, and Moon (2023), who first documented positifi-

cation in mandatory filings toward earlier algorithms (word dictionaries and BERT technology),

I extend this phenomenon to conference calls and LLMs. However, whereas prior studies es-

tablish partial equilibrium effects, showing either that algorithms reduce processing costs or that

managers tailor disclosures strategically, this paper is to my knowledge the first to examine the

general equilibrium question of whether communication quality ultimately improved or wors-

ened. By documenting that the same technology triggers both increased tailoring and declining

informativeness, and by validating the mechanism through cross-technology comparison (LM vs.

LLMs), I show that the net effect depends critically on algorithmic accuracy in a non-monotonic

fashion. My work complements recent work on artificial intelligence and disclosure (Cao, Jiang,

Yang, et al. (2023) and Blankespoor, deHaan, and Q. Li (2026)) by emphasizing how algorithm

design reshapes the strategic environment in which managers operate.

Second, I build on the classical ERC framework and propose a refined methodology to measure

the informativeness of textual disclosure. While the idea of examining textual informativeness is
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not new (Kothari, X. Li, and Short (2009), S. V. Brown and Tucker (2011), Price et al. (2012), and

R. M. Frankel, J. N. Jennings, and J. A. Lee (2017)), I construct textual surprise by residualizing

dissimilarity against observable information events and introduce the absolute textual response

coefficient (TRC) as a direct measure of how markets react to unexpected textual content. The

two-step construction, linguistic dissimilarity followed by residualization against the information

environment, may prove useful in other applications where researchers seek to isolate textual

surprise from predictable disclosure patterns.

Finally, the paper speaks to the literature on earnings conference calls (Tasker (1997), R. Frankel,

Johnson, and Skinner (1999), Matsumoto, Pronk, and Roelofsen (2011), Allee and DeAngelis (2015),

and Gow, Larcker, and Zakolyukina (2021)) by quantifying the relative informativeness of pre-

pared remarks and Q&A segments and tracing how these dynamics evolve in response to techno-

logical shocks. The finding that informativeness declines concentrate in prepared speeches while

Q&A remains stable provides direct evidence that managers strategically optimize the compo-

nents they control while spontaneous dialogue retains its informational value.

The remainder of the paper is organized as follows. Section 2 develops the theoretical frame-

work and testable predictions. Section 3 describes the data and the construction of empirical mea-

sures. Section 4 presents the main results on tailoring and informativeness. Section 5 provides

robustness tests and rules out alternative explanations. Section 6 examines heterogeneity across

discussion topics. Section 7 concludes.

2 Hypothesis Development

2.1 Algorithmic Processing and Strategic Disclosure

The adoption of algorithms has increased in financial markets over the past decade. Machine

learning models now routinely process corporate disclosures at scale, extracting sentiment, identi-

fying topics, and generating trading signals, extending the information set to any available textual

document without the processing limitations that constrain human readers. However, this pro-

cessing gain comes at a cost: algorithms introduce classification noise that human readers would

not make. As algorithms improve and become central informational intermediaries, managers

face growing incentives to tailor their language strategically. Recent empirical evidence has shown
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that firms adapt disclosure practices in response to algorithmic readers. Cao, Liang, and Moon

(2023) document systematic positification of mandatory filings following the adoption of sentiment

analysis tools. Managers systematically increase positive language and reduce negative language

in ways that influence algorithmic classifications without altering the underlying message. They

document tailoring across multiple technologies, from simple word dictionaries (Loughran and

McDonald (2011)) to BERT-based models (Araci (2019)) to vocal tone analysis. The consistent pat-

tern across technologies indicates that when algorithmic output influences investment decisions,

managers invest in understanding and exploiting the classification rules that govern those out-

puts, even as algorithms become more refined.

This pattern raises a fundamental question: as algorithms become more accurate, does dis-

closure informativeness improve or deteriorate? Improved processing efficiency should increase

informativeness, but strategic adaptation may reduce it. The net effect is theoretically ambiguous.

To examine this question, I develop a simple model of disclosure in which investors cannot

perfectly process all the information they receive. Instead, they rely on an algorithm that extracts

signals from managers’ reports. The algorithm is valuable because it allows investors to process

large volumes of disclosure at low cost, but it is not flawless: it sometimes misclassifies reports,

with the frequency of mistakes depending on the accuracy of the technology. In the model, man-

agers also have access to the technology and can exploit it by tailoring their reports to the algo-

rithm. In practice, this means rewriting a report until it conveys the same underlying facts but is

interpreted more favorably by the algorithm, even if a human reader would not see any differ-

ence.5 This implies that a manager who has invested in learning the technology, keep rewriting

until she finds a version the algorithm classifies favorably. Appendix D contains the model in its

entirety.

2.2 The Model

My model connects several strands of the information economics literature. First, following

Krishna and Morgan (2004) and Blume, Board, and Kawamura (2007), it shows how stochastic

message reception can affect communication. Second, it extends the literature on disclosure under

5For example, “Sampo Bank’s market share of lending was 13.6%, down from 14.4% in Q1 2008” is factually equiva-
lent to “Compared with 14.4% in Q1 2008, Sampo Bank’s current lending market share is 13.6%.” Yet, a financial-specific
generative AI algorithm, FinGPT, classifies the first as negative and the second as neutral.
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agency frictions (Verrecchia 2001) by introducing algorithmic parsing as a new channel through

which managers transmit and potentially manipulate information. Third, similar to A. Frankel

and Kartik (2019), Samuels, Taylor, and Verrecchia (2021), and Fang, A. H. Huang, and W. Wang

(2017), the model links informational stakes to manipulation incentives: as algorithms become

more precise, the payoff to tailoring increases, amplifying strategic distortion.

2.2.1 Setup

A manager (M) communicates with an investor (I) who relies on an algorithm to process a

corporate report. Nature draws three independent variables: the firm’s fundamental news i ∈

{1,−1} with equal probability, the algorithm’s processing outcome j ∈ {1,−1} with prior Pr(j =

1|i) = 1 − κ and Pr(j = −1|i) = κ, and a private tailoring cost c ∼ U[0, 2]. The parameter κ

captures the algorithm’s error rate: higher κ corresponds to lower accuracy.

After observing (i, c), the manager decides whether to invest in learning how the algorithm

works at cost c. If she invests, she can craft a report that guarantees the interpretation m = 1. If

she does not invest, she reports truthfully, submitting i to the investor. In this case, the algorithm

processes the report with outcome j, and the investor observes m = i × j. When j = −1, which

occurs with probability κ, the truthful report is misclassified.

Not all managers are equally willing or able to engage in this kind of tailoring. I capture

this heterogeneity through the cost of tailoring c, which is assumed to be uniformly distributed

between zero and 2.6 For some managers, the cost may be small, reflecting an ability to easily learn

and deploy the technology. For others it may be high, either because their news is so negative that

“positification” is infeasible, or because of reputational and legal risks.

Managers will choose the costly tailoring action (T = 1) only if it yields a higher expected pay-

off than reporting truthfully. A tailored report is designed with knowledge of the algorithm, so its

outcome is anticipated and guaranteed to be classified as good news. A truthful report (T = 0), by

contrast, is subject to the algorithm’s processing step: the accuracy of the technology determines

the likelihood that it is classified correctly or incorrectly. Among managers facing different costs

but observing the same news, there will be a pivotal manager who is indifferent between tailor-

6The maximum cost is assumed large enough that a manager facing the maximum cost and negative news is never
willing to tailor.
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ing and not tailoring. Any manager with the same news but a lower cost will tailor, while any

manager with a higher cost will not. This creates an equilibrium with distinct pools for each type

of news. While it is intuitive that managers with bad news will want to tailor, the choice is not

limited to them. Managers with good news may also tailor, since tailoring guarantees a positive

classification while truth-telling leaves a risk of being misclassified as bad. As expected, however,

the fraction of managers willing to tailor is always higher among those observing negative news

than among those observing positive news.

The investor observes m and sets a price p. The manager seeks to maximize UM(p) = p − cT,

while the investor minimizes quadratic loss U I(p, i) = −(p − i)2. Because the tailoring cost c

is private information, investors form conjectures about how many managers with good or bad

news will choose to tailor, and they set prices for good and bad reports accordingly.

2.2.2 Equilibrium

The price of a good report must reflect that it can be submitted by four types of managers:

good-news managers who tailor, good-news managers who do not tailor and are correctly classi-

fied as positive, bad-news managers who tailor, and bad-news managers who do not tailor but are

misclassified as positive. By contrast, a negative report can only come from managers who do not

tailor. This pool7 is made up of truthful bad-news managers correctly classified by the algorithm

and truthful good-news managers misclassified as bad.

In equilibrium, investors’ conjectures are confirmed: managers’ choices validate their expecta-

tions. The fixed point problem delivers a unique equilibrium with two prices, one for the good re-

port and one for the bad report, and with two threshold costs that determine which managers tai-

lor. There exists a unique perfect Bayesian equilibrium in pure strategies characterized by thresh-

old costs c∗1(κ) for good-news managers and c∗−1(κ) for bad-news managers, and prices p∗(1) for

positive reports and p∗(−1) for negative reports. One cutoff applies to bad-news managers, below

which they prefer to tailor and appear as good. The other (smaller) cutoff applies to good-news

managers, below which they also find it worthwhile to tailor: c∗−1(κ) > c∗1(κ). Equilibrium prices

satisfy rational expectations: given the tailoring thresholds, investors price each report based on

7This is not a fully separating equilibrium, since both types can appear in the good-report pool, but rather a cutoff
equilibrium with distinct pools defined by tailoring choices.
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its average quality using Bayes’ rule, and given these prices, managers optimally choose whether

to tailor by comparing the expected benefit to the cost c. The resulting fixed-point system yields

unique values for c∗1 , c∗−1, p∗(1), and p∗(−1).

2.2.3 Comparative Statics

The comparative statics show that the spread in prices for good and bad news increases mono-

tonically with accuracy. While the price of bad news is monotone in κ, the price for good news,

p∗(1), is unimodal in κ: it rises with accuracy when tailoring is rare, peaks when algorithmic

tailoring becomes widespread, and declines when strategic reporting dominates. In the model,

informativeness is the expected payoff of the receiver. Simulation of the relationship between

informativeness of the report and algorithmic accuracy shows the predicted hump-shape.

2.3 Empirical Prediction

Having established the theoretical foundation for a non-monotonic effect, I now examine whether

the data reflect this pattern. Note that the model mechanics rely on the assumption that managers

are tailoring for algorithms. I will want to validate this assumption in the data.

A1. Tailoring To The Algorithm: When a more accurate algorithm is released and adopted by

investors, managers have incentives to understand the algorithm and tailor their messages to

obtain more favorable inferences. In my data, I will look for empirical support that:

Prediction 2.3.1. Following the release of an algorithm with sentiment detection capabilities,

textual disclosure will adopt language that exploits the algorithm’s weaknesses to get more

positive inferences.

After validating the tailoring channel, I can move to the comparative statics of my model, and

formulate predictions for my main tests.

H1. Inverted-U Informativeness: First, the informativeness of the report in the model displays

a hump-shaped relation with algorithm accuracy. At low levels of accuracy, report informative-

ness increases when a more accurate algorithm becomes available; at high levels, informativeness

decreases. Since my focus is on the effect of the introduction of LLM and GenAI technology on

corporate communication, my first prediction is:
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Prediction 2.3.2. The informativeness of textual corporate communication decreases follow-

ing the release of LLM technology.

The same result also suggests that the opposite is true for simpler and less accurate technolo-

gies. The second prediction arising from my theory then is:

Prediction 2.3.3. Informativeness of textual corporate communication increases following the

release of a less accurate technology, the Loughran and McDonald (2011) sentiment dictionary.

Finally, because the model builds on a rational inattention assumption, the predicted dynamics

should be found among disclosures that are prone to processing error, and therefore the effect is

to be expected among text-rich disclosures.

Having laid out the economic theory motivating the predictions, I now examine whether the

data exhibit the predicted patterns.

3 Data

3.1 Sample

I start with the universe of earnings conference call transcripts from firms listed on the NYSE

and NASDAQ available on Capital IQ, held from January 1, 2006, to December 31, 2024, total-

ing 231,687 unique transcripts. For every earnings conference call, I collect the latest version of

the transcript.8 The structure of conference calls is typically a Prepared (or Presenter) Speech led

by executives, followed by a Questions and Answers (Q&A) section where security analysts ask

questions. Capital IQ tags each conference portion (Presenter Speech, Question, Answer, or Oper-

ator) and speaker (Exec, Analysts, Operator). I drop calls without both a tagged Presenter Speech

and a Questions and Answers section. I require that every company host at least four conference

calls in the previous year and a half. This drops the sample to 187,557.

I collect from I/B/E/S the “street” measure of earnings and analysts’ estimates. I compute

analysts’ expectations as the median of the latest individual analysts’ forecasts issued within the

8Note that the transcript creation date and time do not coincide with the event date and time. I use creation times-
tamps to retrieve the most recent transcripts, which should coincide with the most accurate version.

12



90 days prior to the earnings announcement date (EAD). If management issues guidance within

such window, I restrict the median estimates to only forecasts between the latest guidance and the

EAD. Following Payne and Thomas 2003, I use unadjusted values, and apply CRSP adjustment

factor to put both the forecast and the actual values on a comparable per-share basis, and avoid

look-ahead bias9 using four-digit precision in computing the median estimate10. I find I/B/E/S

data for 187,557 unique transcripts.

Following Anilowski, Feng, and Skinner (2007), I also collect management guidance that pre-

cedes the earnings announcement and conference call. I/B/E/S stores guidance for fourteen mea-

sures (capex, dividend-per-share, EBITDA, EBITDA-per-share, funds from operations-per-share,

fully reported earnings-per-share, gross margin, net income, operating profits, pre-tax income,

ROA, ROE, and sales). Guidance can be a point estimate or range guidance, and differs on fore-

cast period (quarter or yearly). For every event, I compute the total number of guidance items,

the fraction of range guidance, whether EPS guidance is provided, and what fraction of guidance

pertains to EPS or sales. All guidance metrics capture issuances in the 90 days prior to the event

date. I set the guidance metrics to zero if I can find a company in I/B/E/S but there is no guid-

ance data in the Guidance Detail History database, and to missing otherwise. The dataset size

drops to 174,288 observations with I/B/E/S EPS information, but a smaller fraction (55%) has

also guidance information.

Next, I construct Cumulative Abnormal returns using CRSP daily stock data. The daily abnor-

mal return is the difference between the daily stock return and the CRSP market return over the

same period. I compute Cumulative Abnormal Return, CARCC(−1, 1), as the sum of three daily

abnormal returns centered at the conference call date.11 I center the window on the first trading

day of the call: that is, if the event is after hour, t = 0 is the day after the event, while if the event

is before or during hours, date t = 0 is the day of the event.

I collect standard ERC controls to improve its estimate. I estimate Market Beta and Earnings

Persistence, and compute Size, Market-to-Book, and Earnings Loss. Earnings Persistence is the

coefficient of the basic earnings per share excluding extraordinary items of its lagged value, on

9Stock splits can be problematic when comparing EPS at different dates (i.e. at the announcement date vs the
estimate date). Adjusted values in I/B/E/S use recent adjustment factor.

10Pre-compute median estimates in I/B/E/S summary stats are rounded at the decimal level.
11I also compute CARCC(0, 2) for robustness.
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at least three years of data, and up to ten. Lastly, I follow Gipper, Leuz, and Maffett (2020), and

truncate the continuous financial variables in the response coefficient regressions at 1 and 99%.

Since standardized earnings surprise (SUE) suffers from measurement error, I drop observations

with earnings surprises below -1 and greater than 1, and observations with price two days before

EAD lower than 1.

Table 1 illustrates data coverage, and Table 2 the summary statistics for the main variables.

3.2 Textual Metrics

In my empirical analysis, I use textual metrics to validate the tailoring channel and to mea-

sure the informativeness of the transcript of the earnings conference calls. I describe them in this

subsection.

3.2.1 Standardized Textual Surprise (SUT)

To measure textual informativeness, I propose the absolute Textual Response Coefficient (TRC).

The TRC is analogous to the Earnings Response Coefficient (ERC), and captures how strongly mar-

kets react to textual surprise. As with the ERC, the key challenge lies in defining the information

set against which to construct the surprise.12 I construct textual surprise in two steps. First, I

measure linguistic dissimilarity between the current earnings call and the firm’s recent disclosure

history using the approach introduced and validated by S. V. Brown and Tucker (2011), largely

adopted in the literature (Bochkay et al. (2023)). Second, I residualize this dissimilarity against

observable information events to isolate truly unexpected textual content.

Step 1: Textual Dissimilarity Following S. V. Brown and Tucker (2011), I compute the cosine

similarity between the term-frequency–inverse-document-frequency (TF-IDF) representation of

the current call and a benchmark composed of the four most recent transcripts from the same

firm.13 The TF-IDF vectorizer is trained on a 20,000-transcript subsample to ensure representative

12Previous research examined the relation between textual content and capital market outcomes Kothari, X. Li, and
Short (2009), S. V. Brown and Tucker (2011), and R. M. Frankel, J. N. Jennings, and J. A. Lee (2017). My approach differs
in focusing on textual surprise, unexpected language relative to observable information, rather than textual dissimilarity
alone.

13Transcripts are preprocessed by converting to lowercase, removing numeric and non-alphabetic characters, and
applying the Porter stemming algorithm. The TF-IDF weighting inherently downweights common terms, eliminating
the need to manually drop stopwords as in simpler word-count approaches.
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weighting of terms common in conference calls. The dissimilarity score equals one minus the co-

sine similarity. Because longer transcripts naturally exhibit greater linguistic variation, I follow

S. V. Brown and Tucker (2011) and regress the raw dissimilarity score on a fifth-degree polyno-

mial of transcript length. The residual from this regression provides a length-adjusted measure of

abnormal textual content, denoted Abnormal Text.

Step 2: Residualization Against Information Environment Conference calls are not the only

disclosure channel. Information that appears new in a conference call may have already been dis-

closed through other channels, such as press releases or SEC filings. To isolate textual surprise, I

residualize the abnormal text measure against a comprehensive information set. Following Cao,

Jiang, J. Wang, et al. (2024), who construct an AI analyst using publicly available information to

forecast stock prices, I define the information environment to include: (1) Guidance: the number,

type (EPS vs non-EPS), and range of management guidance issued during the quarter; (2) Filings:

the recency and frequency of Form 8-K filings, which may reveal information discussed in calls; (3)

Text characteristics: readability (Flesch-Kincaid grade level) and sentiment (Loughran-McDonald

negative words) of recent regulatory filings; and (4) Macroeconomic conditions: industrial produc-

tion, inflation, crude oil prices, short-term and long-term interest rates, term spreads, and credit

spreads.14

I regress the abnormal text measure on these information environment variables:

Abnormal Textit = γ0 + γ · InfoSetit + νit (3.1)

where InfoSetit includes the guidance, filing, text characteristic, and macro variables described

above. The residual, ν̂it, represents textual content that cannot be explained by observable in-

formation events. Table C.1 reports the results of this residualization for the full sample. The

information environment variables collectively explain only 2.56% of the variation in textual dis-

similarity. This low R-squared is a desirable feature: it indicates that most textual variation is not

predictable from observable information events, validating that the residual captures genuinely

14These variables capture systematic factors that may influence both what firms disclose and how they discuss it. For
example, guidance events may lead to more detailed call explanations, while macroeconomic conditions may affect the
topics managers emphasize.
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surprising content rather than managers simply discussing guidance, filings, or macro conditions.

Finally, since the measure is unsigned15, I apply a min-max transformation to normalize this

residual to [0, 1] and denote the result as Textual Surprise (SUT):

SUTit =
ν̂it − min(ν̂)

max(ν̂)− min(ν̂)
(3.2)

My measure is additive in reported news, irrespective of sign. For this reason, I inspect the relation

between textual news and absolute returns, so as to capture information content regardless of

direction. An important caveat is that such absolute additivity can attenuate the relation with

|CAR|. For example, a call reporting three positive items and a call reporting two negative and

one positive item could have similar SUT values, but the first call may generate larger |CAR| due

to the consistent positive tone. This measurement challenge is inherent to unsigned dissimilarity

measures.

Binary Indicator: HSUT Since algorithmic tools are especially valuable for processing com-

plex or novel disclosures, I create an indicator for high textual surprise, HSUTit = 1{SUTit >

median(SUTt)}, where the median is computed within each year16. This binary transformation

serves two purposes. First, it focuses on calls where textual processing costs are particularly high.

Second, it mitigates the influence of outliers and measurement noise inherent to the TF-IDF metric.

Section-Specific Measures The textual surprise construction can be applied to any component

of the earnings call. For robustness tests examining where manipulation concentrates (Section

4.3), I compute SUT and HSUT separately for prepared speech and Q&A sections. Specifically,

I measure abnormal text dissimilarity for each section, residualize against the same information

environment controls,17 and create section-specific indicators HSUT(PS)it and HSUT(QA)it us-

ing within-section, within-year median cutoffs. This approach allows prepared speech and Q&A

to have different baseline informativeness levels (Matsumoto, Pronk, and Roelofsen 2011) while

15Since my study investigates investors’ skepticism toward textual reports due to managerial positification, I use the
unsigned measure of textual dissimilarity of S. V. Brown and Tucker (2011). Kothari (2001) and R. M. Frankel, J. N.
Jennings, and J. A. Lee (2017) add the tone dimension to their analysis, which I intentionally stay away from.

16The results are qualitatively robust if I construct HSUT pooling the entire sample together
17For Q&A, I additionally control for the length of the preceding section, the presenter speech, to account for variation

in the number of questions asked due more or less informative or opaque prepared remarks.
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ensuring that the surprising content is measured consistently using the same control framework.

3.3 Validation: Textual Response Coefficient

I validate the textual surprise measure by testing whether it predicts market reactions. If

HSUT captures relevant information, absolute cumulative abnormal returns around earnings calls

should increase with textual surprise. Since HSUT does not distinguish positive from negative

news, I use absolute returns. Additionally, because textual and earnings information are con-

sumed jointly, I interact textual surprise with the decile rank of absolute unexpected earnings,

D|SUE|.18.

I estimate the following specification:

|CAR(−1, 1)|it = β0 + β1D|SUE|it + β2HSUTit + β3D|SUE|it × HSUTit + ΓXit + ε it (3.3)

The control variables Xit fall into two categories. First, I include controls standard in the ERC

literature to better estimate the earnings response coefficient: Earnings Loss, Size, Earnings Per-

sistence, Market-to-Book, and Market Beta. These metrics are deeply related to the ERC construct

(Collins and Kothari (1989)). Since bad news is typically preemptively disclosed, the coefficient

estimated on positive surprises is typically higher than the one estimated on negative surprises.

Earnings Loss captures the non-linearity in the ERC regression. Size proxies for the informational

environment, while Market-to-Book and Market Beta proxy for growth opportunities. Earnings Per-

sistence captures the stickiness of earnings, which is associated with higher ERC.

Second, I include controls specific to textual informativeness. I control for the length of the

transcript, since longer transcripts may be harder to process and could mechanically generate

higher dissimilarity scores. I add controls that measure other informational events that can make

prices already reflect information discussed in the call: the number of guidance events in the

previous quarter, whether the guidance included EPS forecasts, and the distance in days between

the earnings announcement and the conference call,19 captures characteristics of the disclosure

18I follow Zhu (2019) and use the decile rank of the absolute earnings surprise to account for the skewness of the
surprises

19Almost 80% of calls in my sample are held the same day as the earnings announcement, and over 99% within one
day. Results are robust to restricting the sample to calls held the same day as the announcement.
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process. The number of analysts following the stock and the standard deviation of the median

analyst estimate capture the attention and uncertainty related to the earnings announcement and

earnings call. These controls ensure that the textual response coefficient captures market reactions

to unexpected textual content rather than variation in other information channels or processing

costs.

Table 4 reports the results across six specifications with progressively richer controls and fixed

effects. Column (1) includes no controls. Both the earnings surprise effect (β̂1 = 0.0041, p < 0.001)

and the base textual effect (β̂2 = 0.0058, p < 0.001) are positive and highly significant. The

interaction is negative (β̂3 = −0.0007, p < 0.001), indicating that textual informativeness varies

with earnings surprise magnitude. Columns (2)-(6) add controls designed to improve coefficient

estimation. Column (2) adds the ERC controls described above. Column (3) adds the TRC-specific

controls. Columns (4) and (6) add quarter-year fixed effects, while Columns (5) and (6) add firm

fixed effects. The pattern remains consistent across all specifications: the base textual effect is

positive and significant, while the interaction with earnings surprise is small and negative.

In Column (3), which includes both ERC and TRC controls and matches the control structure

of my main event study tests, the coefficients are: β̂1 = 0.0028, β̂2 = 0.0061, and β̂3 = −0.0005

(all p < 0.001). At the mean earnings surprise decile (D|SUE| = 5.5), the total textual response

coefficient is 33 basis points. This effect confirms that textual surprise is economically meaningful

for the typical firm. The negative interaction indicates that textual and earnings information are

partial substitutes: when earnings surprises are large, investors rely more on the numerical sig-

nal, reducing the marginal value of textual information. The textual effect remains positive across

the entire sample distribution, confirming that HSUT captures relevant information throughout

the earnings surprise distribution. Even in the most stringent specification with firm and quarter-

year fixed effects (Column 6), the base textual effect remains positive and significant (β̂2 = 0.0043,

p < 0.001), and the total effect at the mean earnings surprise is 16 basis points. The consistency

of results across specifications, including those that absorb all time-invariant firm characteristics

and common time trends, validates that HSUT captures time-varying, firm-specific textual infor-

mation that moves markets.

This validation confirms that HSUT measures information content: markets react more strongly

to earnings calls with high textual surprise, and this reaction is robust to comprehensive controls
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and fixed effects.

3.4 Tailorability Indexes

I construct a transcript-level proxy that captures lexical choices explicitly designed to exploit

weaknesses in Large Language Models (LLMs) identified by Can Turetken and Leippold (2024).

This index enables direct testing of the tailoring channel: if managers strategically adapt disclosure

language to elicit more favorable algorithmic inferences, the index should increase following LLM

adoption, particularly in prepared remarks where pre-scripting is feasible.

LLM–based tailoring. Transformer models such as GPT-3.5 demonstrate contextual “under-

standing” of language but are less adept at numerical reasoning (Leippold (2023) and Can Turetken

and Leippold (2024)). In each sentence of the transcript, I look for (i) comparator terms (e.g.,

“relative to”, “compared with”) and (ii) directional negatives (e.g., “decrease”, “decline”). I list

comparators terms and directional negatives in Panel B of Table 3.

Denote by numericalit the number of sentences containing a comparator without a directional

negative, and by comparatorit the number of sentences containing any comparator. The LLM–tailorability

index is

TailorabilityLLM
it =

numericalit

comparatorit + 10−9 ,

High values indicate that managers rewrite potentially negative comparisons in linguistically neu-

tral terms that LLMs underweight.

I add an infinitesimal term, 10−9, to the denominator, to avoid division by zero when no match

is found. The index is computed at the transcript level for the entire call and for different segments

(presenter speech, Q&A, and questions only).

4 Results

This section presents the main empirical results. I begin by testing whether managers strate-

gically tailor their disclosure language for algorithmic readers (Prediction 2.3.1). I then examine

whether this adaptation affected textual informativeness (Prediction 2.3.2). Finally, I decompose
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the informativeness effect by exploiting the internal structure of conference calls to show that the

decline concentrates in prepared remarks, where pre-optimization is feasible.

4.1 Tailoring for the algorithm

When algorithms are used to evaluate disclosures, managers have incentives to understand

how they work, so they can write with the algorithm in mind, i.e. tailoring to the algorithm.

Sentiment-detection algorithms are among the most widely used NLP techniques in finance. Al-

though they can identify tone with high levels of accuracy, they are not perfect. The high-dimensional

nature of language means that two differently worded sentences, despite carrying the same infor-

mation, can still receive different sentiment scores from the very same model. Cao, Liang, and

Moon (2023) document systematic positification of mandatory filings following the adoption of

sentiment analysis tools, showing that managers strategically adapt disclosure language in re-

sponse to algorithmic readers. I extend this evidence to Large Language Models in the context of

earnings conference calls.

I leverage the structure of earnings conference calls to obtain a cleaner estimate of tailorability.

Tailoring is a complex exercise involving iterative drafting and evaluation, and should therefore be

most evident in prepared remarks rather than in spontaneous Q&A responses. Because analysts

do not face the same reporting incentives as managers, I treat the language in analysts’ questions

as a control group, while presenters’ prepared speeches serve as the treated group.

LLMs are robust to simple synonym substitution but have limited numerical reasoning capac-

ity (Leippold (2023) and Can Turetken and Leippold (2024)). I exploit this weakness to construct

the tailorability index defined in Section 3.4. The index measures the fraction of sentences contain-

ing comparative terms (e.g., “with respect to,” “relative to,” “versus”) without explicit directional

negatives (e.g., “decrease,” “loss,” “decline”). Such constructions convey factually accurate in-

formation but are systematically underweighted by LLMs that struggle with implicit negatives

in comparative contexts. The full list of comparative terms and directional negatives appears in

Panel B of Table 3.

The average tailorability score is 0.82 for prepared speeches and 0.72 for analysts’ questions,

indicating that managers already use more neutral comparative language than analysts. To test
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whether this gap widened post-ChatGPT, I estimate the following specification:

Tailorabilityit = α0 + α1Postt + α2Sectionit + α3Postt × Sectionit + ψt + ϕi + ε it (4.1)

The dependent variable is the LLM-tailorability index computed separately for prepared speech

and analysts’ questions within each call. Post equals one for calls held on or after November 30,

2022 (ChatGPT-3’s public release). Section equals one for prepared speech and zero for analysts’

questions. I restrict the sample to a two-year window on either side of the release date (November

2020 through November 2024). The coefficient of interest, α3, captures the differential change in

tailorability for prepared speeches relative to analysts’ questions following ChatGPT’s release.

Because the Q&A portion serves as a within-call control, I can include firm and quarter-year

fixed effects to absorb time-invariant firm characteristics and common temporal trends. Table

3 reports the results. The interaction coefficient α̂3 remains positive across specifications and is

statistically significant with the inclusion of industry firm and quarter-year fixed effects. This

estimate indicates that following ChatGPT-3’s release, the share of sentences using neutral com-

parative language increased by approximately one percentage point more in prepared speeches

than in analysts’ questions. Relative to the pre-period mean of 0.82, this represents a 1% increase

in tailorability concentrated precisely where managers have control over language choices.

This differential increase in tailorability provides direct evidence for Prediction 2.3.1: man-

agers strategically adapt their disclosure language to exploit known limitations of Large Language

Models, and this adaptation is concentrated in prepared remarks where pre-scripting is feasible.

Having established this mechanism, I now examine whether this strategic adaptation affected dis-

closure informativeness.

4.2 Textual Informativeness Declines with the Advent of LLMs

Having established that managers strategically adapted their disclosure language following

ChatGPT’s release, I now test whether tailoring affected disclosure informativeness. My main

prediction (Prediction 2.3.2) is that when algorithmic accuracy becomes very high, the constraint

on strategic manipulation weakens, leading to a decline in disclosure informativeness. If man-

agers successfully adapted their language to mislead LLMs, investors should rationally discount
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textual information, reducing the market response to textual surprise.

To test this prediction, I compare the absolute market response to textual surprise in conference

calls before and after the ChatGPT-3 release date. I use the binary indicator HSUT (defined in

Section 3.2.1) to identify calls with high textual surprise, where algorithmic processing is most

valuable. I estimate the following specification:

|CAR(−1, 1)|it =α0 + α1D|SUE|it + α2HSUTit + α3HSUT × D|SUE|it + α4Postt+ (4.2)

α5D|SUE| × Postit + α6HSUT × Postit + α7HSUT × D|SUE| × Postit+

ΓXit + ψt + ϕi + ε it

The dependent variable is the absolute value of cumulative abnormal returns over a three-day

window centered on the trading day of the conference call. I use the decile ranking of absolute

unexpected earnings, D|SUE|, following Zhu (2019). The control variables Xit include the ERC

controls (Earnings Loss, Size, Earnings Persistence, Market-to-Book, and Market Beta) and TRC

controls (Length, Number of Guidance Events, Indicator of EPS Guidance, Distance from Earn-

ings Announcement, Number of Analysts Covering the Stock, Standard Deviation of Analysts

Estimates) described in Section 3.3. Post equals one for calls held on or after January 1, 2023.

My coefficients of interest are α̂6 and α̂7. The coefficient α6 captures the base change in market

response to textual surprise for firms independently of the earnings surprise (the constant term in

the response function). The coefficient α7 captures how this change varies with earnings surprise

magnitude. If textual informativeness declined post-ChatGPT, I expect the mean effect, α6 + α7 ×

D|SUE| to be negative (mean earnings surprise, D|SUE| = 5.5).

Table 5 reports the estimated parameters. The base post-LLM effect (α̂6) is positive but only

marginally significant. The triple interaction coefficient (α̂7) is negative and significant at the 5%

level across all specifications. The estimates are robust to the inclusion of both control sets and in-

dustry and year or industry and quarter-year fixed effects.20 At the sample mean earnings surprise

decile rank (D|SUE| = 5.5), the net effect is 0.0051 − 0.0013 × 5.5 = −0.0021, or −21 basis points,

indicating that for the average firm, the absolute market response to textual surprise decreased

20Table C.2 shows that the estimates are qualitatively and quantitatively robust when substituting D|SUE| with the
continuous absolute earnings surprise, |SUE|.
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following the introduction of LLMs.

To understand the temporal evolution of this effect, Table C.3 replaces the Post indicator with

year-specific effects (2020, 2021, 2023, 2024), using 2022 as the baseline. The triple interaction

strengthens over time, becoming economically and statistically significant in 2024 (α̂7 = −0.0020,

se = 0.0008). This temporal pattern is consistent with gradual adoption of the technology, with

effects building as usage increased throughout 2023 and becoming pronounced in 2024. A joint

test of the base post-LLM effects (Year×HSUT coefficients for 2023-2024) fails to reject the null

hypothesis (F = 1.65, p = 0.193), indicating no change in market response for firms with zero

earnings surprise. In contrast, the triple interactions (Year×D|SUE| × HSUT for 2023 and 2024)

are jointly significant (F = 4.32, p = 0.013), confirming that the effect operates through the earn-

ings surprise channel. Inspection of the coefficients for the years 2020 and 2021 shows a stable

TRC prior to advent of LLM. In fact, the joint tests of the base effects (Year × HSUT for 2020 and

2021) and triple interactions (Year × D|SUE| × HSUT for 2020 and 2021) both fail to reject the null

of no difference from the 2022 baseline (F = 0.40, p = 0.671 and F = 0.07, p = 0.934, respec-

tively), confirming the absence of differential trends prior to ChatGPT’s release. This validates

that the post-period effects reflect the introduction of LLMs rather than pre-existing trends. The

concentration of effects in 2024 is consistent with a one-year adoption period following ChatGPT’s

November 2022 release.

To assess economic magnitude, I evaluate the coefficients at sample means. In the sample pe-

riod (January 2020 through December 2024), the mean absolute cumulative abnormal return is

6.6%, and the mean earnings surprise decile is, by construction, 5.5. Using the Column (3) esti-

mates from Table 5, the decline in market response to text-rich disclosures is 20.5 basis points. This

represents a 3.11% decrease in the textual component of the absolute market response (−0.00205/(0.066) =

−0.0311). Using the more conservative Column (4) estimates with quarter-year fixed effects, de-

cline in the mean absolute CAR is 1.74%.

One concern with the parsimonious specification in Table 5 is that the base post-LLM effect

(α̂6) is positive and marginally significant, suggesting textual informativeness may have increased

for firms with small earnings surprises. The significant triple interaction indicates the effect varies

with earnings surprise magnitude. However, earnings surprise magnitude is likely correlated

with other firm and disclosure characteristics, raising the possibility that the heterogeneity re-
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flects omitted interactions rather than a moderating role for earnings surprises. Following Gipper,

Leuz, and Maffett (2020), I allow the effects to vary with firm characteristics by interacting both

D|SUE| and HSUT with control variables and fixed effects. Table C.4 implements this approach.

Column (1) reproduces the baseline specification from Column (3) of Table 5. Column (2) interacts

D|SUE| with ERC controls (Loss, Size, Persistence, MTB, Beta) and industry and year fixed effects,

and interacts HSUT with textual controls (Length, Number Guidance, EPS Guidance, Number of

Analyst, Std. of Estimates) and industry and year fixed effects. This specification allows the

earnings response and textual response to vary flexibly with firm and disclosure characteristics.

Because year fixed effects interacted with HSUT subsume the base effect in the Post LLM, I test

the base effect as a joint hypothesis that HSUT × 2023 and HSUT × 2024 equal zero; this test

fails to reject (F = 1.65, p = 0.193), consistent with no change in textual informativeness for the

average firm conditional on controls. The triple interaction remains negative and significant (co-

efficient = −0.0013, p = 0.011), confirming that the decline in textual informativeness is robust

to controlling for heterogeneous treatment effects. Column (3) provides an even more stringent

test by fully saturating the model: both D|SUE| and HSUT are interacted with each other and

with all controls and fixed effects. This specification allows every firm characteristic to moderate

both the earnings response and the textual response, and allows these moderating effects to differ

in the post-LLM period. Since both the base effect and the triple interaction are estimated using

year-specific variation (2023, 2024) rather than a pooled Post indicator, I test both effects as joint

hypotheses over 2023-2024. The base effect remains insignificant (F = 1.63, p = 0.196), while the

triple interaction remains marginally significant (F = 2.45, p = 0.087). The persistence of the triple

interaction effect in this fully saturated specification provides strong evidence that the decline in

textual informativeness is not driven by heterogeneous treatment effects or omitted interactions

with firm characteristics.

Collectively, the evidence in Table 5 supports Prediction 2.3.2: textual informativeness declined

following the introduction of ChatGPT-3. This decline is robust to comprehensive controls, het-

erogeneous treatment effects, and alternative specifications. The temporal pattern, effects build-

ing gradually through 2023 and becoming pronounced in 2024, is consistent with the diffusion of

LLM adoption across investors. Combined with the tailorability evidence in Table 3, these find-

ings suggest that the advent of Large Language Models created a strategic environment in which
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managers adapted their disclosure language, and this adaptation reduced the informational value

of corporate communication.

In the next subsection, I provide additional evidence for this interpretation by exploiting the

structure of earnings calls to show that the informativeness decline concentrates precisely where

strategic optimization is more feasible.

4.3 Decomposition: Prepared Speech versus Q&A

The evidence in Tables 3 and 5 establishes that managerial tailoring increased and textual in-

formativeness declined following ChatGPT’s release. To further validate that these patterns re-

flect strategic manipulation rather than general changes in disclosure quality, I exploit the internal

structure of earnings conference calls. If the informativeness decline stems from managers op-

timizing disclosure language for algorithmic readers, the effect should concentrate in prepared

remarks, where managers draft speeches in advance and can iterate with LLM-based evaluation

tools. In contrast, Q&A responses must be delivered in real-time in response to analyst questions,

making pre-optimization infeasible.21 As described in Section 3.2.1, I compute HSUT(PS) and

HSUT(QA) using the same residualization framework applied separately to each section. This

approach ensures that both measures capture unexpected textual content using a consistent con-

trol set, while respecting that prepared speech and Q&A have different baseline informativeness

levels (Matsumoto, Pronk, and Roelofsen (2011)). I estimate the following specification:

|CAR(−1, 1)|it = α0 + α1D|SUE|it + α2HSUT(PS)it + α3HSUT(QA)it (4.3)

+ α4D|SUE|it × HSUT(PS)it + α5D|SUE|it × HSUT(QA)it + α6Postt

+ α7D|SUE|it × Postt + α8HSUT(PS)it × Postt + α9HSUT(QA)it × Postt

+ α10D|SUE|it × HSUT(PS)it × Postt

+ α11D|SUE|it × HSUT(QA)it × Postt + ΓXit + ψt + ϕi + ε it

21Moreover, the questions posed by analysts do not reflect managers’ reporting incentives, making the question
portion of Q&A even less susceptible to strategic tailoring (a similar argument is provided by Bushee, Gow, and Taylor
(2018)).
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The coefficients of interest are α8, α9 (prepared speech and Q&A base effect) and α10, α11 (pre-

pared speech and Q&A triple interaction). Together, they capture the change in textual infor-

mativeness for the two sections, following ChatGPT’s release. If strategic manipulation drives

the informativeness decline, I expect prepared speech becomes less informative for the aver-

age surprise, α8 + α10 ∗ D|SUE| < 0, and Q&A informativeness to be unchanged or positive,

α9 + α11 ∗ D|SUE| ≥ 0. Table 6 reports the results. First note that, consistent with Matsumoto,

Pronk, and Roelofsen (2011), both pre- and post- period, the Q&A is more informative.22 The pre-

pared speech triple interaction is negative and highly significant across all specifications (α̂10 =

−0.0017, p < 0.001 in Column 4), while the Q&A triple interaction is smaller in magnitude and

insignificant (α̂11 = −0.0003, p > 0.10). At the mean earnings surprise (D|SUE| = 5.5), the net ef-

fect for prepared speech is 0.0088− 0.0017× 5.5 = −0.0006 (6 basis points decline), while for Q&A

it is 0.0007 − 0.0003 × 5.5 = −0.0009 (9 basis points decline). However, only the prepared speech

effect is statistically distinguishable from zero. This pattern indicates that the informativeness de-

cline documented in Table 5 is driven entirely by changes in the component managers can tailor.

One important caveat is that the coefficients on HSUT(PS) and HSUT(QA) terms are likely to

be jointly determined. Markets consume prepared speech and Q&A jointly, and the interpretation

of Q&A responses may depend on what was revealed (or obscured) in prepared remarks.23 If

managers strategically withhold information from prepared speeches, analysts may compensate

by extracting it during Q&A, mechanically preserving Q&A informativeness. Nevertheless, the

stark asymmetry in triple interactions, significant decline for prepared speech, and null effect for

Q&A, provides additional evidence that the aggregate informativeness decline reflects strategic

tailoring enabled by LLMs, concentrated precisely where such optimization is feasible.

This decomposition supports the notion that the findings in Section 4.2 reflect strategic tai-

loring. The informativeness decline concentrates in the call component where managers have

control over language choices and time to iterate with algorithmic evaluation tools, while the

spontaneous, analyst-driven Q&A section remains unaffected. Combined with the tailorability

evidence in Section 4.1, this pattern validates the mechanism underlying Predictions 2.3.1 and

2.3.2: managers adapted their language for algorithmic readers, and this adaptation reduced dis-

22In fact, pre-LLM, α3 + α5 × 5.5 = .0047 (Q&A) > .0033 = α2 + α4 × 5.5 (PS), and post-LLM .0047 > 0.0028 =

.0033 + α9 + α11D|SUE|.
23Recall that the length of the presenter speech is part of the controls used to estimate SUT(QA).
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closure informativeness.

In Section 5, I subject these findings to additional robustness tests and rule out alternative

explanations.

5 Robustness and Alternative Explanations

Section 4 establishes that managerial tailoring increased and textual informativeness declined

following ChatGPT’s release. In this section, I subject these findings to additional tests and rule

out alternative explanations.

I begin by validating the theoretical mechanism: if the effect operates through algorithmic ac-

curacy, an earlier, less accurate technology should exhibit the opposite pattern (Section 5.1). I then

address two demand-side alternative explanations. First, I test whether the declining market re-

sponse reflects compositional shifts in call content rather than strategic manipulation (Section 5.2).

Second, I examine whether the effect stems from declining investor attention as passive owner-

ship increased (Section 5.3). The evidence supports the strategic manipulation interpretation while

ruling out these alternatives.

5.1 Cross-Technology Validation: The Loughran-McDonald Dictionary

The theoretical framework predicts that the relationship between algorithmic accuracy and

disclosure informativeness is non-monotonic. When accuracy is moderate, introducing algorithms

should increase informativeness by reducing processing costs while remaining imperfect enough

that strategic gaming yields limited benefits. Only when accuracy becomes very high, as with

LLMs, should manipulation incentives dominate, causing informativeness to decline. This pre-

diction provides a natural validation test (2.3.3): if the mechanism operates through algorithmic

accuracy, an earlier, less accurate technology should exhibit the opposite pattern from ChatGPT.

The Loughran and McDonald (2011) (LM) sentiment dictionary, published in the Journal of

Finance in January 2011, provides an ideal setting for this test. The LM dictionary identifies 2,303

words with financially negative tone. This approach introduces substantial noise, misclassifying

nuanced statements and failing to account for context, negation, or industry-specific terminology.

Leippold (2023) and R. Frankel, J. Jennings, and J. Lee (2022) both find that LM is outperformed
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by machine learning techniques in financial tone detection. If moderate algorithmic noise disci-

plines strategic manipulation, textual informativeness should have increased following the LM

dictionary’s introduction, the opposite of the LLM effect.

To test whether managers tailored for the LM dictionary, I construct a tailorability index build-

ing on Cao, Liang, and Moon (2023), who document systematic positification of mandatory filings

after the dictionary’s release. My approach differs slightly: I identify negative synonyms from

WordNet24 that are not in the LM list to capture substitution patterns more precisely. Starting

from the 2,303 negative words in the LM vocabulary (excluding “question(s)”), I collect all pos-

sible synonyms from WordNet and retain only those deemed negative by the Harvard General

Inquirer dictionary. This yields 1,438 negative synonyms not in the LM list. For each transcript

section, I count flagged words (those in the LM list) and unflagged words (negative synonyms

not in the list). The LM-tailorability index is the share of negative language that evades the dictio-

nary: TailorabilityLM
it = unflaggedit/(flaggedit + unflaggedit + 10−9), where high values indicate

managers substitute canonical LM words with semantically equivalent but unindexed synonyms.

I estimate the tailorability specification (equation 4.1) using the two-year window around the

LM dictionary’s publication (January 2009 through January 2013), comparing prepared speeches

to analysts’ questions.25 The average LM-tailorability is 0.70 in prepared speeches and 0.78 in

analysts’ questions. Table C.5 reports the results. The interaction coefficient is 0.027 and statis-

tically significant (p < 0.01), indicating that following the dictionary’s publication, the share of

unlisted negative synonyms in prepared speeches increased by 2.7 percentage points relative to

analysts’ questions, a 3.9% increase concentrated in prepared remarks. This replicates Cao, Liang,

and Moon (2023)’s evidence of strategic adaptation in earnings conference calls, establishing that

managers tailored for the LM dictionary just as they later tailored for LLMs.

Having established tailoring, I now test whether this adaptation affected informativeness. I

re-estimate the informativeness specification (equation 4.2) using the 2010-2013 sample period,

centered around the dictionary’s January 2011 publication.26 Table 7 reports strikingly different

24WordNet is a large lexical database of English. Nouns, verbs, adjectives and adverbs are grouped into sets of
cognitive synonyms (Christiane and K. Brown (2005)).

25Following Cao, Liang, and Moon (2023), I use the Journal of Finance publication date (January 6, 2011) rather than
the first working paper posting, as the dictionary did not gain widespread adoption until after formal publication.

26I restrict the sample to 2010-2013 to avoid contamination from the 2008-2009 financial crisis, which generated ex-
treme earnings and return volatility and unusual disclosure patterns.
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results from the LLM case. The base post-LM effect is positive and highly significant (0.0082,

p < 0.01), while the triple interaction is negative but smaller in magnitude (−0.0009, p < 0.10).

At the mean earnings surprise decile, the net effect is 0.0082 − 0.0009 × 5.5 = 0.0033, or +33 basis

points. This represents a 6.0% increase in market response to textual surprise (|CAR| = 0.053

during 2010-2013). Textual informativeness increased following the LM dictionary’s introduction,

the opposite of the LLM effect.

This asymmetry validates the theoretical mechanism. Despite both technologies triggering

managerial tailoring, their effects on informativeness operate in opposite directions: the mod-

erately accurate LM dictionary increased informativeness by 33 basis points (+6.0%), while the

highly accurate ChatGPT decreased informativeness by 21 basis points (-3.2%). The pattern is

consistent with Prediction 2.3.3: when algorithmic accuracy is moderate, the direct effect (reduced

processing costs) dominates the strategic effect (increased manipulation), improving disclosure

quality. The LM dictionary enabled investors to process sentiment more efficiently without being

accurate enough to enable sophisticated gaming.

The findings are inconsistent with several alternative explanations. If managers simply be-

came more sophisticated over time, the LM-era effect should be weaker than the ChatGPT effect,

not opposite in sign. The fact that the same empirical strategy yields opposite results for different

accuracy levels constitutes within-framework validation of the non-monotonic relationship be-

tween algorithmic accuracy and disclosure informativeness. One caveat is that the LM and Chat-

GPT tests examine different time periods (2010-2013 vs. 2020-2024), and other factors may have

changed. However, the theoretical prediction is specific: moderate noise should increase informa-

tiveness while minimal noise should decrease it. The fact that the empirical pattern aligns pre-

cisely with this prediction, despite the temporal separation, strengthens rather than weakens the

inference. Alternative explanations would need to explain not just why informativeness declined

post-LLM, but why it increased post-LM, and why these opposing effects align with algorithmic

accuracy levels.

The LM test supports that the mechanism operates through algorithmic accuracy rather than

coincidental trends or alternative channels. However, one remaining concern is whether the de-

clining market response reflects changes in what firms discuss rather than how investors interpret

managerial language. I address this compositional shift alternative in the next subsection.
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5.2 Compositional Shift in Call Content

An alternative explanation for the declining market response to textual surprise is that the

composition of earnings call content shifted over time. If calls increasingly discussed non-fundamental

topics (e.g., COVID-19, ESG initiatives, macroeconomic conditions), then textual surprise would

capture these compositional shifts rather than fundamental news. The declining market response

would reflect not investor skepticism of strategic tailoring, but rather that calls contain less fun-

damental information.

I address this concern by examining whether the vocabulary of earnings calls changed system-

atically over my sample period. If calls shifted from discussing fundamentals (revenue, earnings,

margins) to discussing other topics (pandemic, sustainability, politics), this would appear as changes

in how frequently different words appear across calls. To measure vocabulary stability, I use In-

verse Document Frequency (IDF), a standard natural language processing metric. The logic is

straightforward: common words receive low scores, rare words receive high scores. For exam-

ple, quarter appears in almost every earnings call and receives a low IDF weight (close to 1.0). In

contrast, acquisition appears only when firms announce deals and receives a higher IDF weight

(around 1.5). If vocabulary composition shifted, for instance, if firms stopped discussing margins

as frequently, the IDF weight for margins would increase because the word became rarer.

I compute IDF weights for 21 core financial terms earnings, profit, loss, revenue, sales, growth,

dividend, guidance, outlook, margin, eps, debt, cash, cost, quarter, expect, forecast, segment, acquisition,

risk, uncertainty, and investment for each year from 2019 to 2024. I compare these yearly weights to

the IDF weights from a pooled sample of 20,000 transcripts spanning 2007-2025 used to construct

the textual surprise measure in Section 3.2.1. If vocabulary remained stable, each term’s yearly IDF

weight should closely match its long-run average. If vocabulary shifted substantially, we would

observe large deviations.

Table 8 reports the results. Each row shows a financial term, and the columns show its IDF

weight in each year. The “Pct. Change from Pooled” column summarizes stability by measuring

the average percentage difference between yearly weights and the long-run benchmark. Small

percentages indicate stable vocabulary; large percentages would indicate shifting composition.

Panel A examines seven high-frequency fundamental terms, words that appear in virtually every
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earnings call. These terms show remarkable stability. The word quarter has an IDF weight between

1.004 and 1.006 across all years, with only 0.09% average deviation from the benchmark. Similarly,

expect (0.09% deviation), growth (0.02%), cash (0.00%), and revenue (0.32%) show minimal variation.

Even earnings and cost, which vary slightly more (0.70% and 1.02%), remain extremely stable. This

stability persists through the COVID-19 pandemic (2020-2021) and ChatGPT’s release (late 2022),

indicating that fundamental discussions remain central to earnings calls despite major external

shocks. Panel B reports six additional core fundamental terms. Terms like guidance (0.37% devia-

tion), segment (1.24%), and margin (1.69%) continue to show high stability. Even sales and debt, with

the highest deviations in this panel (2.62% and 2.30%), vary far less than would be expected under

substantial compositional shift. Panel C reports three terms with somewhat higher variation: loss

(3.09%), forecast (3.34%), and acquisition (5.01%). Notably, these terms appear less frequently than

Panel A terms (IDF weights around 1.5-1.8 compared to 1.0-1.3), meaning they contribute less to

typical textual dissimilarity scores. Panel D examines stability for the entire vocabulary, not just

these 21 terms. “Year-over-Year Drift” measures what percentage of all words show large (> 10%)

IDF changes from one year to the next. This metric declined from 9.33% in 2020-2021 to 7.78% in

2023-2024, indicating vocabulary became more stable over time. Critically, there is no disconti-

nuity or spike around ChatGPT’s release in November 2022. If compositional shift explained my

results, drift should increase sharply after 2022 as firms began discussing AI, automation, or other

new topics. Instead, drift continues its steady decline. “Correlation with Pooled” measures how

similar each year’s vocabulary is to the long-run benchmark. Correlations range from 0.86 to 0.88,

indicating very high similarity. “Cosine Distance” provides another similarity metric, with values

near zero indicating nearly identical vocabularies. The distances (0.0035 to 0.0041) are extremely

small, confirming minimal vocabulary drift.

These results demonstrate that earnings calls in 2024 use essentially the same financial vocab-

ulary as calls in 2021. Firms discuss the same fundamental topics (earnings, revenue, margins,

guidance, cash) with the same frequency. There is no evidence of systematic compositional shift

toward non-fundamental topics.

Three additional features of my textual surprise measure further mitigate compositional shift

concerns. First, by construction, SUT compares each call to the firm’s own past four calls (span-

ning approximately one to two years). Persistent discussion of any topic, whether fundamental
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or not, appears in both current and historical TF-IDF vectors, generating low dissimilarity. Only

changes in discussion topics drive high SUT scores. If a firm begins discussing COVID in 2020

and continues through 2024, this creates low dissimilarity after the initial shift. High SUT requires

new topics not discussed in recent calls. Second, the residualization in equation (3.1) controls for

information environment variables that could drive compositional shifts. For example, if firms

issue more guidance during uncertain periods, leading to more detailed guidance discussions in

calls, this is absorbed by the guidance control variables. The residual captures textual content

orthogonal to these observable drivers. Third, my main specifications include quarter-year fixed

effects, which absorb any common temporal shifts in vocabulary composition. For example, if

all firms discussed supply chain issues in 2021-2022, this would increase average dissimilarity in

those years, but quarter-year fixed effects capture this aggregate shift.

Collectively, these tests rule out compositional shift as an alternative explanation for the de-

clining market response to textual surprise. The vocabulary of earnings calls remained stable

throughout 2021-2024, and the textual surprise measure is specifically designed to capture unex-

pected content relative to firm history and the information environment, not compositional shifts

in what topics firms discuss.

Having addressed compositional shift, I now address a second demand-side alternative: whether

the declining market response reflects changes in investor attention rather than rational skepticism

of strategic tailoring.

5.3 Investor Attention and Passive Ownership

A second alternative explanation concerns changes in investor attention. If the proportion of

passive investors increased over time, fewer sophisticated investors would be actively processing

information from earnings calls. This could lead to weaker price responses to all fundamental in-

formation, not just textual disclosures, because there are simply fewer investors paying attention.

I address this concern in two ways. First, Table 5 directly tests whether the market’s overall

responsiveness to fundamental information declined. The coefficient on Post × D|SUE| captures

how the market response to earnings surprises changed post-LLMs. This coefficient is positive

across all specifications (ranging from +0.0011 to +0.0016) and statistically significant in Columns
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(1)-(3), indicating that the market’s response to numerical earnings surprises, if anything, in-

creased slightly post-LLMs. The declining market response emerges only in the triple interac-

tion (Post × D|SUE| × HSUT), which is negative and significant (−0.0011 to −0.0013, p < 0.05).

This pattern shows that prices became less responsive specifically when textual information is

surprising, while continuing to respond normally, or even more strongly, to numerical earnings

surprises. This finding is inconsistent with declining investor attention. If passive ownership had

increased, reducing overall attention to earnings calls, I would observe a declining response to all

information from calls, both textual and numerical.

Second, I examine cross-sectional variation in investor base composition. I supplement my

dataset with institutional ownership data from Thomson Reuters 13F filings and investor classifi-

cations from Brian Bushee’s website.27 I use Bushee (2001) classification of institutional investors

based on their investment strategies: quasi-indexers are passive, buy-and-hold investors with low

portfolio turnover; transient investors are active traders with high portfolio turnover who actively

respond to information. If declining investor attention drives my findings, the effect should be

strongest among firms with high quasi-indexer ownership, where passive investing is most preva-

lent. Table 9 tests this prediction. I create subsamples for above-median quasi-indexer ownership

(Columns 1-3) and for above-median transient investor ownership (Columns 4-6). For firms with

high quasi-indexer ownership (Columns 1-3), the triple interaction is small and statistically in-

significant (−0.0005, p > 0.10), indicating no change in how these firms’ prices respond to textual

information post-LLMs. In contrast, for firms with high transient investor ownership (Column 4-

6), the triple interaction is negative and marginally significant (−0.0014, p < 0.10), consistent with

my main findings. The declining response to textual information occurs precisely among firms

held by active, sophisticated investors, the group that should continue to incorporate information

if its fundamental content remained unchanged. If the investor base had become more passive, I

would observe the opposite: stronger effects among quasi-indexer heavy firms (where attention

declined) and weaker effects among transient-heavy firms (where active investors still pay atten-

tion). The concentration of effects among actively traded firms supports my interpretation. So-

phisticated, active investors, who likely adopted language processing tools earliest, became more

skeptical of managerial textual disclosures. Passive investors, who pay less attention to earnings

27https://accounting-faculty.wharton.upenn.edu/bushee/
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calls in general, showed no change in behavior because they were not processing textual content

carefully either before or after LLMs.

The stable (or slightly increased) response to numerical earnings surprises (Table 5) and the

concentration of effects among actively traded firms (Table 9) rule out declining investor attention

as an explanation for the declining market response to textual information.

Collectively, the tests in this section strengthen the interpretation that textual informativeness

declined because managers strategically optimized disclosure language for algorithmic readers,

and sophisticated investors rationally discounted this manipulated content. The LM validation

supports that the mechanism operates through algorithmic accuracy (Section 5.1). The vocabulary

stability tests rule out compositional shift (Section 5.2). The ownership heterogeneity tests rule out

declining attention (Section 5.3).

In Section 6, I explore heterogeneity in the informativeness decline across different types of

discussion topics.

6 Heterogeneity by Discussion Topic

The aggregate informativeness decline documented in Section 4 masks potential heterogeneity

across different types of discussion content. Language models may enable more sophisticated

manipulation of some topics than others. For instance, qualitative forward-looking statements

may be easier to optimize linguistically than quantitative financial metrics, which must ultimately

reconcile with audited financial statements. To explore this heterogeneity, I decompose textual

surprise into five conceptual categories and test whether the informativeness effect varies across

content types.

6.1 Topic Category Construction

I classify earnings call content into semantic topics using FinBERT embeddings and K-Means

clustering. FinBERT Araci (2019) is a BERT-based language model fine-tuned on financial text that

generates semantic representations of sentences. Unlike the bag-of-words TF-IDF approach used

in Section 3.2.1, semantic embeddings capture meaning rather than lexical overlap, enabling iden-

tification of topically similar content even when different words are used. I extract sentence-level
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embeddings from earnings call transcripts and apply K-Means clustering to group semantically

similar sentences into 30 topics. The clustering algorithm identifies natural groupings in the em-

bedding space, with topics spanning procedural language (call openings, operator instructions),

forward-looking discussions (guidance, outlook), fundamental financial metrics (margins, cash

flows, revenue), pricing and cost strategy, and substantive business narratives (growth initiatives,

competitive positioning). Full methodological details, including embedding layer selection and

cluster quality validation, appear in Appendix B.

To facilitate statistical inference and reduce multiple testing concerns, I aggregate the 30 fine-

grained topics into five conceptually coherent categories based on semantic similarity and infor-

mational content. I inspect representative sentences and top TF-IDF terms for each topic to guide

the classification, grouping topics by disclosure function and information type. The first category,

Boilerplate, comprises 14 topics containing procedural language such as call openings, closings,

operator instructions, analyst introductions, and confirmations. The second category, Forward-

looking, comprises 4 topics including guidance metrics, outlook discussions, and forward-looking

cost and margin projections. The third category, Fundamentals, comprises 6 topics covering quan-

titative financial metrics such as quarterly margins, cash flows, revenue discussions, financial re-

sults presentations, business segment metrics, and capital allocation. The fourth category, Pricing,

comprises 2 topics on pricing strategy and cost pressures. The fifth category, Strategy, comprises

4 topics including business growth initiatives, customer relationships, performance drivers, and

competitive positioning.

For each category, I compute topic-specific textual dissimilarity as follows. For each sentence in

the current call, I identify all sentences from the firm’s previous four calls that belong to the same

FinBERT topic (of the 30 topics). I compute the cosine similarity between the current sentence em-

bedding and each prior sentence embedding from the same topic, and take the maximum similar-

ity to identify the most similar prior sentence. Sentence novelty is one minus this maximum cosine

similarity. I then aggregate to the topic level by averaging sentence novelty across all sentences

in the current call belonging to each topic, yielding novelty measures for all 30 topics. Finally, I

aggregate to the category level by averaging topic novelties across all topics within each category

(e.g., the Fundamentals category averages novelty across its 6 constituent topics). This approach

ensures that novelty reflects semantic departure from topically relevant prior discussions rather
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than irrelevant content.

I then residualize each category-specific measure against the information environment con-

trols from Section 3.2.1 (guidance, filings, text characteristics, macroeconomic conditions), control-

ling for category-specific length using log transformation rather than polynomials to avoid mul-

ticollinearity.28 The residuals are normalized to [0,1] and converted to binary indicators HSUTc

using within-year median cutoffs, where c indexes the category. Appendix B provides complete

details on embedding extraction, clustering methodology, and category construction.

FinBERT-based topic decomposition captures meaningful variation related to the aggregate

Brown-Tucker textual dissimilarity measure. In fact, while the correlation between FinBERT nov-

elty and Brown-Tucker dissimilarity is near zero (ρ = −0.04), suggesting the measures capture

entirely different constructs, this low correlation masks an important confound. FinBERT novelty

is mechanically correlated with call length (ρ = 1.00), while Brown-Tucker dissimilarity is nega-

tively correlated with length (ρ = −0.42). This opposing relationship with length suppresses the

underlying association between the two dissimilarity measures.

To isolate the semantic relationship, I regress the Brown-Tucker dissimilarity measure (before

length adjustment) on all five category-specific FinBERT novelty measures and their correspond-

ing length controls. Table C.6 reports the results. The five categories jointly explain 20.87% of the

variation in Brown-Tucker dissimilarity (R2 = 0.209), indicating that semantic embeddings cap-

ture substantial common variation with lexical bag-of-words approaches once length is controlled.

This validates that both measures capture textual dissimilarity. Critically, the R2 is neither too low

(suggesting orthogonal constructs) nor too high (suggesting redundancy), confirming that Fin-

BERT embeddings add meaningful information beyond lexical novelty while measuring a related

underlying concept.

The coefficient estimates reveal striking heterogeneity across categories. Fundamentals exhibits

the largest coefficient (0.391, p < 0.001), indicating that semantic novelty in quantitative financial

discussions generates substantial lexical dissimilarity—consistent with firms reporting different

numbers and discussing new line items. Pricing shows a large coefficient (0.218, p < 0.001), re-

flecting that pricing discussions involve both semantic and lexical variation when firms adjust

28Topic-specific lengths exhibit less variation than full-call lengths, making polynomial terms highly correlated (cor-
relations exceeding 0.90). The log transformation captures non-linear length effects while avoiding multicollinearity.
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strategies or face new cost pressures. Boilerplate exhibits a moderate positive coefficient (0.088,

p < 0.001), suggesting that even procedural language shows correlated semantic and lexical vari-

ation. Forward-looking shows a small insignificant coefficient (0.012, p = 0.242), indicating seman-

tic novelty in forward-looking discussions can occur with minimal lexical change—for example,

when firms discuss the same outlook topics using similar vocabulary but with different emphasis

or framing. Remarkably, Strategy exhibits a small negative coefficient (−0.037, p = 0.019), suggest-

ing that strategic narratives can be semantically novel while using familiar vocabulary, perhaps

reflecting managers reframing competitive positioning or operational execution using established

terminology.

The length controls are all negative and highly significant, confirming that longer sections me-

chanically reduce Brown-Tucker dissimilarity (consistent with S. V. Brown and Tucker (2011)’s

polynomial length adjustment), while increasing FinBERT novelty. This opposing relationship

with length explains why the raw correlation between the measures is near zero despite capturing

related constructs. Once length is controlled, the measures share substantial variation, validat-

ing that semantic embeddings complement rather than replace lexical approaches for measuring

textual dissimilarity.

6.2 Informativeness Change by Topic

Having validated that category-specific measures capture meaningful semantic variation re-

lated to but distinct from lexical dissimilarity, I now test whether the informativeness decline

documented in Section 4 varies across content types. I estimate the following specification to test

for differential effects across categories:

|CAR(−1, 1)|it = α0 + α1D|SUE|it + α2PostLLMt + α3D|SUE| × PostLLMit

+ ∑
c
[βcHSUTc,it + γcHSUT × D|SUE|c,it]

+ ∑
c
[θcHSUT × PostLLMc,it + ζcHSUT × D|SUE| × PostLLMc,it]

+ ΓXit + ψi + ϕt + ε it

(6.1)
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The coefficients of interest, θc and ζc, measure whether category-specific textual informative-

ness changed differentially post-LLM. A negative sum θc + 5.5× ζc (evaluated at the median earn-

ings surprise decile) indicates that category c experienced an informativeness decline, while a

positive sum suggests improvement. The triple interaction ζc captures how this effect varies with

earnings surprise magnitude. Table C.7 reports the results. Column (1) presents estimates with-

out controls, Column (2) adds ERC and TRC controls, Column (3) adds industry and year fixed

effects, and Column (4) refines time fixed effects to the quarter-year level. I focus on Column (3) as

the primary specification, which includes both cross-sectional controls and industry-year fixed ef-

fects to absorb common temporal trends while preserving the identifying variation from the LLM

introduction.

Two categories exhibit statistically significant changes in informativeness following LLM adop-

tion. For Fundamentals, the triple interaction coefficient is positive and significant (ζFund = 0.0010,

p = 0.040). At the mean earnings surprise decile (D|SUE| = 5.5), fundamental financial dis-

cussions generate an additional 0.55 basis points of absolute abnormal returns post-LLM. This

positive effect operates against a negative base effect (θFund = −0.0062, p = 0.016), revealing that

for the average earnings surprise the net effect is again negative, of about 7 basis points. While the

signs flip with respect to the overall informativeness estimated in Table 5, the effect for the mean

surprise is similar in sign and magnitude. Strategy, exhibits a similar pattern: a positive triple

interaction (ζStrat = 0.0008, p = 0.044) with a negative but statistically insignificant base effect.

This suggests that informativeness increases for discussion related to business growth initiatives,

customer relationships, performance drivers, and competitive positioning.

The remaining categories show small, statistically insignificant changes. Boilerplate, Forward-

looking, and Pricing discussions exhibit neither significant base effects nor significant triple inter-

actions, suggesting their informational content remained stable post-LLM. To account for multiple

hypothesis testing, I apply the Benjamini-Hochberg procedure to control the false discovery rate

at 10% across the five category tests. Both Fundamentals and Strategy survive this correction, pro-

viding confidence that these patterns are unlikely to reflect random variation.

This additional granularity sheds light on the aggregate informativeness decline documented

in Table 5. Rather than uniform deterioration across all content types, the aggregate effect is

driven primarily by sharp informativeness declines in the discussion of Fundamentals topics. The
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Boilerplate category, which might be considered inherently less informative, shows no significant

changes in informativeness, while topics related to Strategy generate larger absolute returns, indi-

cating increased informativeness.

7 Conclusion

This paper studies how the growing reliance on algorithms to interpret corporate disclosure

reshapes managerial incentives and, ultimately, disclosure quality. I develop a disclosure model

that trades off the processing gains from algorithmic accuracy against the manipulation incentives

it creates. The model predicts a non-monotonic relationship between algorithmic accuracy and

disclosure informativeness. When algorithms improve from low accuracy, they reduce investor

processing costs and improve informativeness. However, when accuracy becomes very high, the

gains are offset by widespread manipulation. Managers can reliably engineer favorable classifica-

tions, and investors rationally discount the resulting disclosures. Informativeness declines.

Using a large panel of U.S. earnings conference calls from 2007 to 2024, I document evidence

consistent with this prediction. I construct a measure of standardized textual surprise (SUT) by

residualizing linguistic dissimilarity against observable information events. I validate the mea-

sure by showing that absolute cumulative abnormal returns increase significantly with textual

surprise, with a baseline textual response coefficient (TRC) of 33 basis points at the median earn-

ings surprise, robust to comprehensive controls and fixed effects.

Following the release of ChatGPT in November 2022, I find that managerial tailoring increased

by approximately 1 percentage point in prepared speeches relative to analysts’ questions, repre-

senting strategic adaptation concentrated precisely where managers control language choices. Si-

multaneously, textual informativeness declined by 21 basis points at the median earnings surprise,

representing a 3.2% decrease in the market’s response to textual information. This effect emerges

gradually through 2023 and becomes pronounced in 2024, consistent with diffusion of LLM adop-

tion across investors. To further validate the strategic manipulation mechanism, I exploit the inter-

nal structure of conference calls and show that the informativeness decline concentrates entirely

in prepared speeches, where managers can iterate and optimize language, while the spontaneous

Q&A dialogue shows no significant change.
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I provide within-framework validation by examining the earlier and less sophisticated Loughran-

McDonald (LM) dictionary. Consistent with the theory’s prediction of asymmetric effects across

accuracy levels, I find that managers tailored for the LM dictionary just as they later tailored for

ChatGPT, but the effect on informativeness operates in the opposite direction. Following the LM

dictionary’s 2011 introduction, textual informativeness increased by 33 basis points (+6.0%), com-

pared to the 21 basis point decline (-3.2%) following ChatGPT.

I subject these findings to additional robustness tests and rule out alternative explanations.

Vocabulary stability analysis shows that earnings calls in 2024 use essentially the same financial

terminology as calls in 2019, with no discontinuity around ChatGPT’s release, ruling out compo-

sitional shift interpretations. The market’s response to numerical earnings surprises actually in-

creased slightly post-LLMs, and the informativeness decline concentrates among firms with high

transient (active) investor ownership rather than high quasi-indexer (passive) ownership, ruling

out declining investor attention and confirming that sophisticated investors rationally discounted

strategically tailored content.

Finally, I decompose textual surprise into five topics: Boilerplate, Forward-looking, Funda-

mentals, Pricing, and Strategy. The aggregate informativeness decline masks substantial hetero-

geneity. Informativeness declined for discussions of Fundamentals (quantitative financial met-

rics), yet the categories that might be considered inherently less informative (Boilerplate, Forward-

looking, Pricing) show no significant changes. Discussion of Strategy, instead increases it’s corre-

lation with absolute market returns.

The findings highlight a fundamental tension in modern disclosure: as algorithms become

more sophisticated, they enhance information processing but simultaneously strengthen incen-

tives for managers to game their classifications. The net effect is non-monotonic. Better algorithms

do not always lead to better disclosures.
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Tables

Table 1: Sample Construction and Coverage
This table presents the sample selection procedure for the full sample of conference call transcripts
obtained from Capital IQ. The sample is constructed using the universe of earnings call transcripts
from the Capital IQ between January 1, 2004 to December 31, 2024. In order to construct the main
measure, SUT, I require data regarding informational events, like management guidance type
and amount, characteristics of previous disclosure, and macro variable. I collect such information
from I/B/E/S, CRSP, WRDS SEC Analytics and FRED St. Louis. In the last step of the sample
construction, I perform truncation at 1-99% of relevant continuous variables and 2.5-97.5% of
earning surprise, as is common practice for ERC studies.

Data Source / Filter Observations Coverage

Capital IQ transcripts 231,687 100%

with Brown–Tucker measures 187,557 81%

with Presenter Speech and Q&A tagged correctly: 187,557 81%

with key I/B/E/S metrics 174,288 75%

with key CRSP metrics 173,386 75%

with key Compustat metrics 154,907 67%

with guidance metrics 104,816 45%

with 8-K metrics 96,827 42%

with readability metrics 93,207 40%

with truncation at 1-99% and clipping of UE and P(−2) 77,157 33%

Table 2: Descriptive Statistics of Key Variables
This table presents the distribution of key variables used in my analysis. All variables are defined
in Appendix A. Observations with stock price lower than $1, unexpected earnings lower than -1
and greater than 1, conference call of zero characters, and distance in days between the earnings
announcement and the earnings call greater than 90 days are dropped. Cumulative Abnormal
Returns, Size, Market-to-Book, Leverage, Market Beta, Earnings Persistence, and Brown Tucker
dissimilarity measures are truncated at 1 and 99%.

Variable N Mean SD Min Q1 Median Q3 Max

—CAR(-1,1)— 77,157 0.06 0.05 0.00 0.02 0.04 0.08 0.36

Absolute UE 77,157 0.0066 0.0240 0.0000 0.0006 0.0017 0.0048 0.9342

SUT 77,157 0.35 0.09 0.00 0.29 0.33 0.39 1.00

Loss 77,157 0.26 0.44 0.00 0.00 0.00 1.00 1.00

Size 77,157 7.90 1.60 2.48 6.78 7.87 9.01 12.29

Persistence 77,157 0.34 0.48 -2.54 0.03 0.32 0.63 5.92

MTB 77,157 3.43 4.82 -33.23 1.44 2.32 3.99 66.01

Leverage 77,157 1.77 2.94 -22.50 0.65 1.21 2.17 39.32

Beta 77,157 1.13 0.42 0.03 0.85 1.10 1.39 3.13

Dist. Conf. 77,157 0.40 3.61 0.00 0.00 0.00 0.00 90.00

Len. Comp. 77,157 10.51 0.31 8.56 10.32 10.57 10.73 11.93

Tot. Guidance 77,157 18.65 22.78 1.00 5.00 12.00 24.00 506.00

EPS Guidance 77,157 0.54 0.50 0.00 0.00 1.00 1.00 1.00
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Table 3: Tailorability ChatGPT
Panel A reports regression estimates of the LLM–tailorability index for U.S. earnings-call tran-
scripts, exploiting the weaknesses documented in Leippold (2023) and Can Turetken and Leip-
pold (2024). For transcript i in quarter t I parse each sentence and detect (i) comparator expres-
sions such as relative to or versus, and (ii) directional negatives such as decrease, decline, drop. Let
numericalit denote the number of sentences that contain at least one comparator but no direc-
tional negative, and let comparatorit be the total number of sentences that contain a comparator.
The LLM–tailorability index is TailorabilityLLM

it = numericalit
comparatorit+10−9 where a small constant 10−9

avoids division-by-zero. Higher values imply that managers reframe potentially unfavourable
comparisons in linguistically neutral terms that large language models tend to under-weight. I
compute the index separately for the prepared remarks (Presenter Speech = 1) and the Q&A section
(Presenter Speech = 0). The dummy Post ChatGPT equals 1 for calls held on or after 30 November
2022 (the public release date of GPT-3.5/ChatGPT) and 0 otherwise. The sample comprises U.S.
conference calls from 30 November 2020 to 30 November 2024. Standard errors are in parenthe-
ses.

Panel A. Tailorability for LLMs

LLM Tailorability LLM Tailorability

Post ChatGPT=1 -0.035∗∗∗ 0.014

(0.003) (0.015)

Post ChatGPT=1 × Presenter Speech=1 0.006 0.008∗∗

(0.004) (0.004)

CompanyFE NO YES

QYearFE NO YES

Observations 124474 124434

Adjusted R-squared 0.019 0.121

Panel B. Dictionaries Used to Construct the Index

Comparator expressions Directional-negative stems

relative to; compared with; compared to; ver-
sus; vs; in comparison with; in comparison to;
instead of; as opposed to; year over year; quar-
ter over quarter; with respect to; on a year-over-
year basis; against; in contrast to; over the prior
year; over the previous quarter; on a quarterly
basis; on an annual basis; from last year; from
the prior period; from the previous year; from
the same period last year; on a comparable ba-
sis; relative change; change from prior; change
from previous; comparison with last year; com-
parison to last quarter

decreas; declin; drop; fall; deteriorat; worsen;
reduc; shrink; weaken; compress; dip; plung;
tumbl; sink; sunk; slip; lower; diminish; recede;
collaps; decelerat

47



Table 4: TRC Coefficient - Validation
This table presents the baseline regression to validate the TRC measure. The ERC Controls are
Size, Loss, Market-to-Book, Leverage, Earnings Persistence, and Market Beta. TRC-specific con-
trols are Distance in days from the Earnings Announcement, Transcript Length, Total Guidance,
and an Indicator of EPS Guidance issued throughout the Quarter. SUT is the residuals from re-
gressing the Brown Tucker textual difference metric on informational events: guidance (total, if
EPS guidance, if range guidance), other filings (readability, sentiment, timing), and macro vari-
ables (industrial and consumer indexes, treasury and bond spreads). The residual are then nor-
malized with Min-Max transformation to ensure scores are between 0 and 1.

|CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)|

D|SUE| 0.0041∗∗∗ 0.0028∗∗∗ 0.0028∗∗∗ 0.0027∗∗∗ 0.0028∗∗∗ 0.0026∗∗∗

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

HSUT 0.0058∗∗∗ 0.0044∗∗∗ 0.0061∗∗∗ 0.0055∗∗∗ 0.0046∗∗∗ 0.0043∗∗∗

(0.0008) (0.0007) (0.0008) (0.0007) (0.0007) (0.0007)

D|SUE| × HSUT -0.0007∗∗∗ -0.0007∗∗∗ -0.0005∗∗∗ -0.0006∗∗∗ -0.0005∗∗∗ -0.0005∗∗∗

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

ControlsERC NO YES YES YES YES YES

ControlsTRC NO NO YES YES YES YES

QYearFE NO NO NO YES NO YES

FirmFE NO NO NO NO YES YES

Observations 118511 118511 91452 91451 91055 91054

Adjusted R-squared 0.037 0.085 0.098 0.136 0.196 0.218
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Table 5: Market Response to Textual Disclosure Post-ChatGPT
This table estimates equation (4.2) around ChatGPT-3 introduction. The dependent variable
(|CAR(−1, 1)|) is the absolute cumulative abnormal return over three days window. D|SUE|
are the decile ranking of the absolute value of unexpected earnings, calculated based on the IBES
median analyst forecast. HSUT: indicator for above-median textual surprise. Post LLM: calls
on/after January 1, 2023. Column (1): no controls. Column (2): adds ERC controls (Loss, Size, Per-
sistence, MTB, Beta) and TRC controls (Length, Guidance, Analyst Coverage). Column (3): adds
industry FE. Column (4): adds quarter-year FE. Standard errors clustered by firm. *** p<0.01, **
p<0.05, * p<0.1.

|CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)|

D|SUE| 0.0036∗∗∗ 0.0021∗∗∗ 0.0021∗∗∗ 0.0022∗∗

(0.0003) (0.0003) (0.0003) (0.0005)

HSUT 0.0059∗∗∗ 0.0039∗∗ 0.0041∗∗ 0.0043∗∗

(0.0018) (0.0018) (0.0018) (0.0012)

D|SUE| × HSUT -0.0002 0.0001 0.0001 -0.0000

(0.0003) (0.0003) (0.0003) (0.0003)

PostLLM -0.0012 0.0029 0.0025

(0.0021) (0.0020) (0.0020)

PostLLM × D|SUE| 0.0016∗∗∗ 0.0011∗∗∗ 0.0012∗∗∗ 0.0011

(0.0004) (0.0004) (0.0004) (0.0007)

PostLLM × HSUT 0.0049∗ 0.0059∗∗ 0.0051∗ 0.0049∗

(0.0026) (0.0027) (0.0027) (0.0020)

PostLLM × D|SUE| × HSUT -0.0010∗∗ -0.0012∗∗ -0.0013∗∗ -0.0011∗∗

(0.0005) (0.0005) (0.0005) (0.0004)

Controls NO YES YES YES

IndustryFE NO NO YES YES

QYearFE NO NO NO YES

Observations 39675 30385 29895 29895

Adjusted R-squared 0.040 0.115 0.139 0.151
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Table 6: ChatGPT Event Study: Prepared Speech vs Q&A
This table decomposes textual surprise into prepared speech and Q&A components to test where
the decline in informativeness concentrates. The dependent variable is |CAR(−1, 1)|, the absolute
cumulative abnormal stock return from one trading day before to one trading day after the earn-
ings call. D|SUE| is the decile ranking of the absolute value of unexpected earnings. HSUT(PS):
indicator for above-median textual surprise within prepared speech. HSUT(QA): indicator for
above-median textual surprise within Q&A. Post LLM equals 1 for calls on or after January 1,
2023. Column (1): no controls. Column (2): adds ERC controls (Loss, Size, Persistence, MTB,
Beta) and TRC controls (Length, Guidance, Analyst Coverage). Column (3): adds industry FE.
Column (4): adds quarter-year FE. Standard errors clustered by firm. *** p<0.01, ** p<0.05, *
p<0.1.

|CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)|

D|SUE| 0.0035∗∗∗ 0.0018∗∗∗ 0.0020∗∗∗ 0.0021∗∗∗

(0.0003) (0.0003) (0.0003) (0.0003)

HSUT(PS) -0.0027 -0.0026 -0.0017 -0.0021

(0.0020) (0.0019) (0.0019) (0.0019)

HSUT(QA) 0.0069∗∗∗ 0.0047∗∗ 0.0050∗∗∗ 0.0055∗∗∗

(0.0019) (0.0019) (0.0019) (0.0019)

D|SUE| × HSUT(PS) 0.0005 0.0006∗ 0.0006∗ 0.0006∗

(0.0004) (0.0004) (0.0004) (0.0004)

D|SUE| × HSUT(QA) -0.0005 -0.0001 -0.0002 -0.0004

(0.0004) (0.0004) (0.0004) (0.0004)

PostLLM -0.0039 -0.0008 -0.0007

(0.0024) (0.0024) (0.0024)

Post LLM× D|SUE| 0.0021∗∗∗ 0.0018∗∗∗ 0.0018∗∗∗ 0.0017∗∗∗

(0.0005) (0.0005) (0.0005) (0.0005)

Post LLM× HSUT(PS) 0.0063∗∗ 0.0089∗∗∗ 0.0085∗∗∗ 0.0088∗∗∗

(0.0029) (0.0029) (0.0029) (0.0029)

Post LLM× HSUT(QA) 0.0022 0.0023 0.0011 0.0007

(0.0029) (0.0029) (0.0029) (0.0029)

Post LLM× D|SUE| × HSUT(PS) -0.0012∗∗ -0.0016∗∗∗ -0.0017∗∗∗ -0.0017∗∗∗

(0.0006) (0.0006) (0.0006) (0.0006)

Post LLM× D|SUE| × HSUT(QA) -0.0005 -0.0005 -0.0005 -0.0003

(0.0006) (0.0006) (0.0006) (0.0006)

Controls NO YES YES YES

IndustryFE NO NO YES YES

QYearFE NO NO NO YES

Observations 39567 30287 29797 29797

Adjusted R-squared 0.040 0.115 0.139 0.151
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Table 7: Market Response to Textual Disclosure Post-Loughran-McDonald
Dictionary
This table estimates the effect of the Loughran-McDonald sentiment dictionary introduction on
textual informativeness. The sample spans 2010-2013, centered around the dictionary’s publica-
tion in January 2011. The dependent variable is |CAR(−1, 1)|, the absolute cumulative abnormal
return. D|SUE| is the decile ranking of absolute unexpected earnings. HSUT is an indicator for
above-median textual surprise. Post LM equals 1 for calls on/after January 1, 2011. Column (1):
no controls. Column (2): adds ERC and TRC controls. Column (3): adds industry FE. Column (4):
adds quarter-year FE. At median D|SUE| = 5.5, the net effect is 0.0082 − 0.0009 × 5.5 = 0.0033
(33 basis points increase). Standard errors clustered by firm. *** p<0.01, ** p<0.05, * p<0.1.

|CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)|

D|SUE| 0.0030∗∗∗ 0.0019∗∗∗ 0.0018∗∗∗ 0.0018∗∗∗

(0.0004) (0.0004) (0.0004) (0.0004)

HSUT -0.0026 -0.0012 -0.0005 -0.0004

(0.0025) (0.0026) (0.0025) (0.0025)

D|SUE| × HSUT 0.0000 -0.0000 -0.0000 -0.0001

(0.0005) (0.0005) (0.0005) (0.0005)

PostLM -0.0048∗∗ -0.0042∗ -0.0037∗

(0.0023) (0.0022) (0.0022)

PostLM × D|SUE| 0.0010∗∗ 0.0011∗∗∗ 0.0011∗∗∗ 0.0011∗∗∗

(0.0004) (0.0004) (0.0004) (0.0004)

PostLM × HSUT 0.0089∗∗∗ 0.0082∗∗∗ 0.0078∗∗∗ 0.0082∗∗∗

(0.0029) (0.0031) (0.0030) (0.0030)

PostLM × D|SUE| × HSUT -0.0013∗∗ -0.0010∗ -0.0009∗ -0.0009∗

(0.0005) (0.0006) (0.0006) (0.0006)

Controls NO YES YES YES

IndustryFE NO NO YES YES

QYearFE NO NO NO YES

Observations 20396 16150 16000 16009

Adjusted R-squared 0.037 0.119 0.146 0.152
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Table 8: Stability of Earnings Call Vocabulary Over Time
This table examines whether the topics discussed in earnings calls shifted systematically over
2019-2024. I compute IDF (Inverse Document Frequency) weights for core financial terms, where
lower values indicate common words (e.g., quarter appears in almost every call) and higher values
indicate rare words (e.g., acquisition appears only when firms announce deals). Panels A-C report
IDF weights for 21 financial terms across years. The “Pct. Change from Pooled” column shows
average percentage deviation from long-run (2007-2025) weights—small values indicate stable
vocabulary. Panel D reports stability metrics for all words in the vocabulary: “YoY Drift” shows
what percentage of words changed substantially (> 10%) from one year to the next; “Correlation
with Pooled” measures overall vocabulary similarity (1.0 = identical); “Cosine Distance” provides
another similarity metric (0 = identical). Results show fundamental terms are extremely stable
(< 1% deviation), overall vocabulary drift is declining (from 9.33% to 7.78%), and there is no
discontinuity around ChatGPT’s release (November 2022). This rules out compositional shift as
an explanation for declining market responses to textual surprise.

Term
IDF Weight by Year Pooled Pct. Change

2021 2022 2023 2024 (2007-2025) from Pooled

Panel A: High-Frequency Fundamental Terms

quarter 1.004 1.005 1.006 1.005 1.004 0.09%

expect 1.006 1.006 1.008 1.007 1.006 0.09%

growth 1.053 1.055 1.058 1.050 1.058 0.02%

cash 1.050 1.048 1.044 1.048 1.050 0.00%

revenue 1.128 1.123 1.129 1.130 1.126 0.32%

earnings 1.083 1.078 1.074 1.071 1.069 0.70%

cost 1.056 1.046 1.049 1.056 1.041 1.02%

Panel B: Core Fundamental Terms

guidance 1.276 1.255 1.253 1.250 1.251 0.37%

segment 1.469 1.480 1.476 1.455 1.446 1.24%

margin 1.187 1.177 1.166 1.166 1.156 1.69%

profit 1.350 1.322 1.300 1.295 1.301 1.81%

debt 1.458 1.474 1.440 1.455 1.406 2.30%

sales 1.133 1.132 1.139 1.150 1.109 2.62%

Panel C: Selective/Episodic Terms

loss 1.491 1.504 1.517 1.543 1.455 3.09%

forecast 1.803 1.778 1.807 1.834 1.743 3.34%

acquisition 1.467 1.485 1.552 1.572 1.447 5.01%

Panel D: Full Vocabulary Stability

YoY Drift (% Terms >10% ∆) 9.33 8.63 8.22 7.78

Correlation with Pooled 0.876 0.870 0.863 0.860

Cosine Distance from Pooled 0.00353 0.00367 0.00380 0.00405
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Table 9: Heterogeneity by Investor Base CompositionThis table examines hetero-
geneity in the market response to textual surprise based on investor base composition.
The sample includes earnings calls from 2020-2024. Column (1-3) restricts to firms with
above-median quasi-indexer ownership; Column (4-6) restricts to firms with above-
median transient investor ownership. Institutional ownership data are from Thomson
Reuters 13F filings; investor classifications follow Bushee (2001). All specifications in-
clude the controls from Table 5 Column (3).

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

|CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)|

D|SUE| 0.0041∗∗∗ 0.0024∗∗∗ 0.0023∗∗∗ 0.0031∗∗∗ 0.0020∗∗∗ 0.0021∗∗∗

(0.0004) (0.0004) (0.0004) (0.0004) (0.0004) (0.0004)

HSUT 0.0074∗∗ 0.0043 0.0046 0.0028 0.0028 0.0033

(0.0030) (0.0029) (0.0030) (0.0024) (0.0024) (0.0025)

D|SUE| × HSUT -0.0005 -0.0000 0.0000 0.0005 0.0004 0.0004

(0.0005) (0.0005) (0.0005) (0.0005) (0.0005) (0.0005)

PostLLM 0.0052 0.0098∗ 0.0089 -0.0028 -0.0003 -0.0004

(0.0060) (0.0055) (0.0056) (0.0027) (0.0026) (0.0027)

PostLLM × D|SUE| 0.0017∗ 0.0010 0.0009 0.0021∗∗∗ 0.0018∗∗∗ 0.0017∗∗

(0.0009) (0.0009) (0.0009) (0.0007) (0.0007) (0.0007)

PostLLM × HSUT 0.0047 0.0003 -0.0014 0.0040 0.0056 0.0049

(0.0066) (0.0064) (0.0065) (0.0034) (0.0035) (0.0035)

PostLLM × D|SUE| × HSUT -0.0009 -0.0008 -0.0005 -0.0009 -0.0014∗ -0.0014∗

(0.0010) (0.0010) (0.0010) (0.0008) (0.0008) (0.0008)

Controls NO YES YES NO YES YES

IndustryFE NO NO YES NO NO YES

Observations 16218 12180 12054 16218 12555 12406

Adjusted R-squared 0.051 0.110 0.127 0.050 0.120 0.141
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Table 10: Appendix A: Variable Definitions

Variable Name Description Source

Text Similarity & Transcript Measures. Each metric in evaluated on five transcript subsets: entire call, presenter speech, Q&A, Q, A)

Textual Dissimilarity Base dissimilarity is computed as 1 minus the cosine similarity between the

vectorized current transcript’s processed text and the vectorized document re-

sulting from concatenating the prior four transcripts of the same firm. Textual

vectors are computed using TF-IDF vectorization. Textual Dissimilarity is the

residual of the base dissimilarity regressed on the five-degree polynomial of the

transcript length.

Capital IQ,

S. V. Brown

and Tucker

(2011)

SUT The residual from regressing Textual Dissimilarity on a set of characteristics of

the information distribution process. Management guidance in previous 90 days:

both number of estimates, which fraction is range rather than point guidance,

and which fraction is EPS guidance. 8-K issuance: distance in days between the

most recent 8-K and the conference call, the number of 8-K issued in the previ-

ous 90 days, readability (Flesch Kincaid grade level) and sentiment (frequency

of LM negative words) of the most recent filing. Macro variables: industrial prod-

uct index (IP), consumer price index, crude oil future, three month treasury,

spread between 10 years and 3 month treasury bill, spread between BAA and

AAA. The residual is them passed through the min-max transformation to get

values between 0 and 1.

Capital IQ,

S. V. Brown

and Tucker

(2011)

HSUT Indicator: 1 if SUT > median(SUT), 0 otherwise. Computed

Length Logarithm of character count of the processed transcript text in each subset,

after tokenization and stemming. Proxy for transcript length by section.

Computed
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Variable Name Description Source

Earnings Forecasts & Guidance

Abs UE Absolute value of the unexpected earnings (UE) . UE are computed as in Gipper,

Leuz, and Maffett (2020) as the actual EPS (unadjusted, quarterly) as reported

by IBES minus the median estimate divided by the stock price two days before

the earnings announcement.

IBES, CRSP

LOSS Indicator: 1 if any UE < 0 , 0 otherwise. IBES

MEDEST Median analyst EPS forecast. For each analysts, retain the closest forecast within

90 days before earnings announcement.

IBES

STDEV Standard deviation of analyst EPS forecasts in window; proxy for uncer-

tainty/dispersion.

IBES

MEDESTG Analyst median estimate, but filtering to only those forecasts issued after the

latest management guidance within prior 90 days (if any).

IBES, TR IBES

Guidance

GUIDANCE Indicator: 1 if any prior management guidance exists in the 90-day window, 0

otherwise.

IBES, TR IBES

Guidance

LATEST GUID Timestamp of most recent management earnings guidance prior to the an-

nouncement, within 90 days.

TR IBES

Guidance

TOT GUIDANCE number of management guidance datapoints in the 90-day window, 0 other-

wise.

IBES, TR IBES

Guidance

EPS GUIDANCE Indicator: 1 if any prior management guidance is EPS guidance, 0 otherwise. IBES, TR IBES

Guidance
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Variable Name Description Source

NUM ANALYSTS Number of unique analysts issuing forecasts 3 to 360 days before earnings an-

nouncement.

IBES

Market-Based Variables (Event Windows)

CAR(−1, 1)event Cumulative abnormal return (CAR), sum of abnormal returns from day -1 to

+1 surrounding the conference call (cc) or earnings announcement (ea). Bench-

mark: S&P 500 daily returns.

CRSP +

S&P500

AbnVOL(−1, 3)event Abnormal trading volume, sum over days -1, 0, +1, +2, +3, normalized by pre-

vious 41-day baseline; centered at conference call date (cc) and earnings an-

nouncement date (ea).

CRSP

P(−2)event Stock price two trading days prior to conference call or earnings announcement. CRSP

(WRDS)

iVOLevent Idiosyncratic volatility, estimated two trading days before event using rolling

one-year Fama-French regression.

CRSP + FF

Factors

BETAevent Beta with respect to market excess return, estimated over rolling one-year re-

gressions up to the event date.

CRSP + FF

Factors

timelinessevent Timeliness/price efficiency measured as average negative absolute log-price

change versus last pre-event price, over days -82 to -2. Higher values indicate

more informative price discovery.

CRSP

Firm Characteristics
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Variable Name Description Source

SIZE log(Market Value), measured as the natural logarithm of the market value at

fiscal year-end prior to the event. Proxy for firm size.

Compustat

MTB Market-to-book ratio, defined as market capitalization divided by book equity

at the fiscal year-end prior to the event.

Compustat

LEVERAGE Financial leverage ratio, computed as total debt (long-term plus short-term) di-

vided by total assets, at fiscal year-end prior to the event.

Compustat

EARNINGS PERSIS-

TENCE

Earnings persistence, measured as the coefficient on lagged earnings per share

excluding extraordinary items (epspx) from a firm-level regression of current

epspx on past epspx. Higher values indicate greater earnings persistence.

Compustat

DIST EC EA Calendar days between the earnings conference call and earnings announce-

ment.

Computed58



B Topic-Specific Textual Surprise Construction

The main textual surprise measure in Section 3.2.1 follows S. V. Brown and Tucker (2011) and

uses term-frequency inverse-document-frequency (TF-IDF) vectors to measure linguistic dissim-

ilarity. While this bag-of-words approach is well-validated and widely adopted in the literature,

it has an important limitation: sentences that do not share exact words are treated as completely

distinct, even when they convey identical information. For instance, “revenue increased 15%” and

“sales grew 15%” receive zero similarity despite being semantically equivalent.

Sentence embeddings address this limitation by capturing semantic similarity rather than lex-

ical overlap. Language models trained on large text corpora learn to recognize that words appear-

ing in similar contexts (e.g., “revenue” and “sales” both appear near percentage changes and fiscal

periods) should receive similar representations. For the topic heterogeneity analysis in Section 6,

I replace the bag-of-words approach with semantic embeddings to identify distinct discussion

topics within earnings calls.

I use FinBERT (Araci 2019), a Bidirectional Encoder Representations from Transformers (BERT)

model fine-tuned on financial text. This model offers three key advantages for my setting. First,

being a bidirectional model, FinBERT is trained to predict missing words from surrounding con-

text (not just the next word in sequence), conferring strong contextual understanding. Second,

the model was trained on data through 2019, making my 2020-2024 sample entirely out-of-sample

and preventing training leakage concerns documented by Levy (2024) and Ludwig, Mullainathan,

and Rambachan (2025). Third, having been fine-tuned on financial text, FinBERT should possess

strong understanding of earnings call topics and domain-specific terminology.

FinBERT does have limitations. The model is designed for sentiment classification: it takes a

sentence (up to 512 tokens) as input and returns probabilities for positive, neutral, and negative

tone. While not explicitly designed for embedding extraction, standard practice extracts embed-

dings from intermediate neural network layers rather than the final sentiment-classification layer.

FinBERT consists of 13 transformer layers topped by a classification head. The transformer layers

capture semantic content, while only the final classification head maps embeddings to sentiment

predictions. Prior research in natural language processing has demonstrated that intermediate

layers often provide superior semantic representations compared to final task-specific layers (Ten-
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ney et al. 2019).

To identify the optimal layer empirically, I extract embeddings from all 13 FinBERT layers for

a random sample of 100,000 sentences from earnings call transcripts. I apply K-Means cluster-

ing with varying numbers of clusters (5, 10, 20, 30, 40, 50, 75, 100, 200) and assess cluster quality

using two complementary unsupervised metrics. The silhouette coefficient measures how well-

separated clusters are, with higher values indicating better-defined clusters. The Davies-Bouldin

index quantifies the ratio of within-cluster to between-cluster distances, with lower values indicat-

ing more distinct clusters. These metrics provide objective, task-agnostic assessment of whether

embeddings capture coherent semantic structure without requiring labeled data or circular eval-

uation on the outcome variable.

Layer 8 consistently generates the highest-quality clusters across all tested configurations. The

silhouette coefficient for Layer 8 (0.0953) substantially exceeds that of the final layer (0.073), con-

firming that the sentiment-specialized final layer provides inferior semantic representations for

topic identification. Intermediate layers 7 through 11 consistently outperform both earlier lay-

ers and the final layer, consistent with prior findings that task-specific fine-tuning may reduce

the quality of general semantic representations. I therefore extract all sentence embeddings from

FinBERT Layer 8.

The second limitation of FinBERT concerns its 512-token input limit. A token is a word or sub-

word, so the practical limit is approximately 300-400 words. I obtain transcripts from Capital IQ at

the component level (individual speaking turns), and the average component length is well within

this constraint.29 When components exceed 512 tokens, I truncate at the 512th token. I pass each

component through the FinBERT model and save both the Layer 8 embeddings (768-dimensional

vectors) and the sentiment classification (positive, neutral, negative probabilities).

I apply K-Means clustering to the extracted embeddings, assigning each component to one of

30 semantic clusters. The number 30 balances granularity (capturing meaningful semantic dis-

tinctions) with parsimony (avoiding overly narrow topics that lack substantive interpretation).

I select this value based on cluster quality metrics: as the number of clusters increases beyond

30, the silhouette coefficient exhibits a flattening pattern, indicating diminishing returns to addi-

29Over 95% of sentences are within 512 tokes. Mean (Median) sentence has 145 (65) tokens, and the top quartile is
144 tokes.
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tional granularity. The 30 topics exhibit clear interpretability, spanning procedural content (call

openings, operator instructions, analyst introductions), forward-looking discussions (guidance,

outlook, projections), fundamental financial metrics (margins, cash flows, revenue), pricing and

cost strategy, and substantive business narratives (growth initiatives, competitive positioning).

To facilitate statistical inference and reduce multiple testing concerns, I manually aggregate

the 30 fine-grained topics into five conceptually coherent categories based on semantic similarity

and informational content. I inspect the top TF-IDF terms and representative sentences for each

topic to guide the classification. Topics are grouped based on disclosure function and information

type rather than statistical similarity.

The first category, Boilerplate, comprises 14 topics containing procedural language. These in-

clude call openings (Topics 24, 1), closings (Topic 23), operator instructions (Topics 20, 21), analyst

introductions (Topics 0, 9), confirmations (Topics 4, 11, 18, 22), brief clarifications (Topic 7), and

foreign language segments (Topic 29). These topics contribute little value-relevant information

and primarily structure the call format.

The second category, Forward-looking, comprises 4 topics containing soft information about fu-
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ture expectations. These include guidance metrics clarification (Topic 8), guidance detail questions

(Topic 12), outlook and capacity discussions (Topic 16), and forward-looking cost and margin pro-

jections (Topic 2). This content is inherently difficult to verify as it concerns unrealized future

outcomes.

The third category, Fundamentals, comprises 6 topics containing quantitative financial metrics.

These include quarterly margin discussions (Topic 19), cash flow and gross margins (Topic 10),

broad cost and revenue discussions (Topic 15), financial results presentations (Topic 13), business

metrics by segment (Topic 25), and capital allocation (Topic 26). This content must ultimately

reconcile with audited financial statements, making it more verifiable than forward-looking or

strategic narratives.

The fourth category, Pricing, comprises 2 topics discussing competitive dynamics and opera-

tional specifics. These include pricing strategy and cost pressures (Topics 5, 28). The fifth cate-

gory, Strategy, comprises 4 topics containing qualitative narratives about competitive positioning

and operational execution. These include business growth and customers (Topic 6), performance

drivers (Topic 14), growth and revenue questions (Topic 3), and strategic infrastructure (Topic 27).

For each category, I construct a category-specific measure of textual dissimilarity using the

following procedure. For each sentence in the current earnings call, the K-Means clustering has

assigned it to one of 30 semantic topics. I identify all sentences from the firm’s previous four calls

that belong to the same topic. I then compute the cosine similarity between the current sentence’s

embedding (768-dimensional vector from FinBERT Layer 8) and the embeddings of each prior

sentence from the same topic. The sentence novelty is defined as one minus the maximum cosine

similarity:

Noveltysentence = 1 − max
s′∈Same Topic, Prior 4 Calls

CosineSim(embeddings, embeddings′)

This formulation captures how semantically different the current sentence is from the most

similar topically relevant sentence in recent call history. I aggregate to the topic level by averaging

sentence novelty across all sentences in the current call that belong to each of the 30 topics:

Noveltytopic k =
1

Nk
∑

s∈Topic k
Noveltysentence s
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where Nk is the number of sentences in the current call assigned to topic k.

Finally, I aggregate to the category level by averaging topic novelties across all topics within

each category. For example, the Fundamentals category comprises 6 topics (19, 10, 15, 13, 25, 26),

so:

NoveltyFundamentals =
1
6 ∑

k∈{19,10,15,13,25,26}
Noveltytopic k

This hierarchical aggregation ensures that category-level novelty reflects semantic departure

from topically relevant prior discussions. By matching sentences to the same topic before com-

puting similarity, the measure captures whether firms discuss familiar topics in new ways, rather

than simply introducing different topics.

Figure 1: Temporal Stability of Topic Composition in Earnings Calls
This figure displays the average length for each of the five topic categories from 2020Q1 through
2024Q4. All categories exhibit remarkable stability over time, with no discontinuity around Chat-
GPT’s release (marked by the vertical dashed line at 2022Q4). The absence of compositional shifts
rules out the alternative explanation that the declining market response to textual surprise reflects
firms discussing less informative topics rather than investors rationally discounting strategically
tailored disclosures.

A critical adjustment concerns length controls. The full-call textual dissimilarity measure uses

a fifth-degree polynomial in transcript length to capture non-linear relationships between call

length and novelty S. V. Brown and Tucker (2011). However, topic-specific lengths exhibit much
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less variation than full-call lengths, and polynomial terms become highly correlated (correlations

exceeding 0.90 for higher-order terms). I therefore control for category-specific length using the

natural logarithm of character count within the category. The logarithmic transformation cap-

tures the intuition that marginal increases in discussion length have diminishing effects on novelty

while avoiding multicollinearity.

Following the same residualization framework as the main SUT measure in Section 3.2.1, I

regress each category-specific textual dissimilarity measure on the information environment con-

trols: guidance frequency and characteristics in the prior 90 days, Form 8-K filing activity, macroe-

conomic conditions, and category-specific log-length. The residuals represent textual content in

each category that cannot be explained by observable information events. I normalize the residu-

als to [0,1] using min-max transformation, creating continuous category-specific textual surprise

measures SUTc where c ∈ {Boilerplate, Forward, Fundamentals, Pricing, Strategy}. Finally, I con-

vert each continuous measure to a binary indicator HSUTc using within-year median cutoffs, con-

sistent with the main HSUT measure. A call exhibits high textual surprise in category c if its

residualized, length-adjusted novelty in that semantic domain exceeds the median for all calls in

the same calendar year.

The within-year standardization accounts for time-varying baseline disclosure practices. For

example, increased discussion of remote work during the COVID-19 pandemic or supply chain

constraints in 2021-2022 would elevate absolute novelty in those years, but the median cutoff

ensures that HSUT indicators capture relative rather than absolute novelty. The resulting five

binary indicators can be included simultaneously in a single regression specification, allowing

me to test whether the post-LLM informativeness effect varies systematically across content types

while controlling for all other categories.

C Additional Tables
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Table C.1: Textual Surprise Construction: Information Environment Regres-
sion
This table reports the regression used to construct the textual surprise measure (SUT). The depen-
dent variable is Textual Dissimilarity (abnormal text content after length adjustment from S. V.
Brown and Tucker (2011)). Independent variables capture the information environment follow-
ing Cao, Jiang, J. Wang, et al. (2024): guidance events, 8-K filing activity, readability and sentiment
of recent filings, and macroeconomic conditions. The residual from this regression represents tex-
tual content that cannot be explained by observable information events. This residual is normal-
ized to [0, 1] using min-max transformation to create SUT. The low R-squared (2.56%) indicates
that most textual variation is not predictable from observable information, validating that SUT
captures genuinely surprising content. Sample: 75,629 earnings calls, 2007-2024. Standard errors
clustered by firm. *** p<0.01, ** p<0.05, * p<0.1.
Panel A: Guidance variables capture management disclosures in the 90 days prior to the call.
Panel B: Filing variables capture Form 8-K activity and textual characteristics of recent SEC filings.
Panel C: Macro variables capture economic conditions.

Textual

Dissimilarity

Panel A: Guidance Variables

Tot Guidance -0.0000***

(0.0000)

Range Guidance (fraction) 0.0011**

(0.0005)

EPS Guidance (fraction) -0.0024***

(0.0002)

Panel B: Filing Variables

Days since 8-K -0.0000

(0.0000)

Num Filings (mean, 90d) 0.0002***

(0.0000)

Readability (FK Grade) 0.0003***

(0.0000)

LM Negative (most recent) 0.0282***

(0.0054)

Panel C: Macro Variables

Industrial Production Index 0.1227***

(0.0056)

Consumer Price Index -0.0054

(0.0234)

Crude Oil (WTI) -0.0000***

(0.0000)

Treasury 3-Month -0.0014***

(0.0002)

Term Spread (10Y-3M) 0.0002***

(0.0000)

Credit Spread (BAA-AAA) 0.0026***

(0.0002)

Observations 75,629

R-squared 0.026
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Table C.2: Market Response to Textual Disclosure Post-ChatGPT (SUE)
This table estimates equation (4.2) around ChatGPT-3 introduction. The dependent variable
(|CAR(−1, 1)|) is the absolute cumulative abnormal return over three days window. |SUE| are
the absolute value of unexpected earnings, calculated based on the IBES median analyst forecast.
HSUT: indicator for above-median textual surprise. Post LLM: calls on/after January 1, 2023.
Column (1): no controls. Column (2): adds ERC controls (Loss, Size, Persistence, MTB, Beta) and
TRC controls (Length, Guidance, Analyst Coverage). Column (3): adds industry FE. Column (4):
adds quarter-year FE. Standard errors clustered by firm. *** p<0.01, ** p<0.05, * p<0.1.

|CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)| |CAR(−1, 1)|

|SUE| 0.2548∗∗∗ 0.1291∗∗ 0.1267∗∗ 0.1156∗

(0.0763) (0.0580) (0.0619) (0.0609)

HSUT 0.0066∗∗∗ 0.0043∗∗∗ 0.0045∗∗∗ 0.0038∗∗∗

(0.0011) (0.0010) (0.0010) (0.0010)

|SUE| × HSUT -0.0230 0.0144 0.0109 0.0124

(0.0805) (0.0633) (0.0673) (0.0660)

Post LLM 0.0055∗∗∗ 0.0077∗∗∗ 0.0079∗∗∗ 0.0000

(0.0012) (0.0011) (0.0011) (.)

Post LLM × |SUE| 0.1829 0.0991 0.0993 0.1059

(0.1171) (0.0793) (0.0846) (0.0840)

Post LLM × HSUT 0.0023 0.0021 0.0010 0.0015

(0.0015) (0.0014) (0.0014) (0.0014)

Post LLM × |SUE| × HSUT -0.2509∗∗ -0.2304∗∗∗ -0.2298∗∗ -0.2299∗∗

(0.1237) (0.0881) (0.0936) (0.0928)

Controls NO YES YES YES

IndustryFE NO NO YES YES

QYearFE NO NO NO YES

Observations 39675 30385 29895 29895

Adjusted R-squared 0.019 0.110 0.133 0.146
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Table C.3: Dynamic Market Response to Textual Disclosure Around ChatGPT
This table estimates equation (4.2) using a dynamic specification around the introduction of Chat-
GPT. The dependent variable (|CAR(−1, 1)|) is the absolute cumulative abnormal return over the
three-day window surrounding the earnings announcement. D|SUE| is the decile rank of the ab-
solute value of unexpected earnings, calculated using the IBES median analyst forecast. HSUT
measures the intensity of verbal tone in news-related disclosure, and AUE captures absolute un-
expected earnings. HSUT: indicator for above-median textual surprise. The Year 2022 omitted as
the baseline year. Coefficients therefore capture differential market responses in each year relative
to 2022. All regressions include ERC controls (Loss, Size, Persistence, MTB, Beta) and textual con-
trols (Length) to retain the maximum number of observations. Industry fixed effects are included.
Standard errors are clustered at the firm level. *** p<0.01, ** p<0.05, * p<0.1.

|CAR(−1, 1)|

Year=2020 × HSUT 0.0028

(0.0038)

Year=2021 × HSUT -0.0001

(0.0036)

Year=2023 × HSUT 0.0032

(0.0038)

Year=2024 × HSUT 0.0075∗

(0.0039)

Year=2020 × D|SUE| × HSUT -0.0002

(0.0007)

Year=2021 × D|SUE| × HSUT -0.0003

(0.0007)

Year=2023 × D|SUE| × HSUT -0.0009

(0.0008)

Year=2024 × D|SUE| × HSUT -0.0020∗∗∗

(0.0008)

Controls YES

IndustryFE YES

Observations 38928

Adjusted R-squared 0.145
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Table C.4: Robustness to Heterogeneous Treatment Effects
This table tests robustness to heterogeneous treatment effects. Column (1) reproduces Table 5 Col-
umn (3). Following Gipper, Leuz, and Maffett (2020), Column (2) additionally interacts D|SUE|
with ERC controls (Loss, Size, Persistence, MTB, Beta) and industry and year fixed effects, and
HSUT with textual controls (Length, Guidance, Analyst Coverage) and industry and year fixed
effects. Column (3) fully saturates the model by interacting both D|SUE| and HSUT with all
controls and fixed effects, with year-specific variation (2023, 2024). Because year fixed effects
subsume Post LLM in Columns (2)-(3), we test both effects as joint hypotheses over 2023-2024.
Standard errors clustered by firm.

(1) (2) (3)

Baseline + Interactions Fully Saturated

Panel A: Base Effect (Post LLM × HSUT)

Coefficient 0.0051* - -

Std. Error (0.0027)

P-value [0.055]

Joint test: HSUT × {2023, 2024} = 0

F-statistic — 1.65 1.63

P-value — [0.193] [0.196]

Panel B: Triple Interaction (Post LLM × D|SUE| × HSUT)

Coefficient -0.0013** -0.0013** -

Std. Error (0.0005) (0.0005)

P-value [0.012] [0.011]

Joint test: D|SUE| × HSUT × {2023, 2024} = 0

F-statistic — — 2.45

P-value — — [0.087]*

Controls YES YES YES

Industry FE YES YES YES

D|SUE| × Controls & FE NO YES YES

HSUT × Controls & FE NO YES YES

Observations 29,895 29,895 29,895

Adjusted R2 0.139 0.158 0.160
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Table C.5: Tailorability LM
This table presents the results of the Tailorability validation test. The dependent variable captures
the share of negative language that evades the Loughran McDonald tone dictionary. It is con-
structed as TailorabilityLM

it =
unflaggedit

flaggedit+unflaggedit
where, flaggedit = #{tokens ∈ LM dictionary},

and unflaggedit = #{tokens ∈ LM synonyms \ LM dictionary}. The index is separately com-
puted for the presenter speech (Section =1) and the Q&A portion of the call (Section = 0). PostLM
takes value equal to one if the call is held after January 6 2011, the day the paper is published
on the Journal of Finance, and zero otherwise. The sample contains tailorability and pre- post-
indicator for conference calls held on January 6 2009 to January 6 2013. Robust standard errors in
parentheses.

Panel A. Tailorability for LM

Tailorability LM Tailorability LM

Post LM=1 0.018∗∗∗ 0.000

(0.004) (.)

Post LM=1 × Section=1 0.027∗∗∗ 0.027∗∗∗

(0.005) (0.004)

Company FE NO YES

Quarter-Year FE NO YES

Observations 9692 9689

Adjusted R-squared 0.125 0.357

Panel B. Algorithm for Constructing the LM Synonym Set

1. Input Original LM negative lexicon L (2,303 lemmas); WordNet database WN; Harvard–IV negative
lexicon H.

2. WordNet expansion For each word w ∈ L retrieve every synset in WN (noun, verb, adjective, ad-
verb) and collect the lemmatised lemmas ℓ.

3. Polarity screen Keep ℓ only if ℓ /∈ L and ℓ ∈ H, ensuring the candidate synonym carries negative
sentiment.

4. Inflectional closure For every retained lemma generate all inflected forms using lemminflect.
5. Deduplication Remove duplicates and any token already present in L.
6. Output Extended synonym set S with |S| = 1,438 additional negative tokens; this is the set

LM synonyms used in the tailorability measure.
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Table C.6: Validation: Category-Specific FinBERT Novelty and Brown-Tucker
Dissimilarity
This table reports the regression of the raw Brown-Tucker textual dissimilarity measure (before length adjust-
ment) on the five category-specific FinBERT novelty measures and their corresponding length controls (log
character count). The sample includes all earnings calls from January 2020 through December 2024. Standard
errors are reported in parentheses.

Brown-Tucker

Dissimilarity

(Unadjusted)

Novelty (Boilerplate) 0.0879***

(0.0125)

Novelty (Forward-looking) 0.0120

(0.0103)

Novelty (Fundamentals) 0.3912***

(0.0308)

Novelty (Pricing) 0.2177***

(0.0222)

Novelty (Strategy) −0.0371**

(0.0158)

Length (Boilerplate) −0.0022***

(0.0002)

Length (Forward-looking) −0.0008***

(0.0001)

Length (Fundamentals) −0.0158***

(0.0002)

Length (Pricing) −0.0033***

(0.0001)

Length (Strategy) −0.0003***

(0.0001)

Constant 0.2500***

(0.0030)

Observations 39,687

R-squared 0.209

F-statistic 1046.4
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Table C.7: Topic Heterogeneity: Market Response to High Textual Surprise
This table examines whether the LLM effect varies across discussion topics. I aggregate 30 Fin-
BERT topics into five categories: Boilerplate (procedural language), Forward-looking (guidance
and outlook), Fundamentals (financial metrics), Pricing (pricing and cost discussions), and Strat-
egy (growth and competitive positioning). For each category, I construct binary high-textual-
surprise indicators (HSUT) using within-year median cutoffs after residualizing against the in-
formation environment. The dependent variable is |CAR(−1, 1)|. Column (1): no controls. Col-
umn (2): adds ERC and TRC controls. Column (3): adds industry and year FE. Column (4): refines
time FE to quarter-year FE. The HSUT×Post LLM and HSUT × D|SUE|×Post LLM test whether
category-specific informativeness changed differentially post-LLMs. Sample: 2020-2024. Stan-
dard errors clustered by firm.

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

No Controls Controls + Ind-YearFE + Ind-QYear FE

Main Effects

Post LLM ×D|SUE| 0.0004 -0.0003 -0.0007** -0.0003

(0.0003) (0.0004) (0.0003) (0.0004)

Panel: Boilerplate

HSUT× Post LLM -0.0049 -0.0049 -0.0047 -0.0039

(0.0031) (0.0031) (0.0040) (0.0043)

HSUT × D|SUE|× Post LLM 0.0008 0.0009 0.0009 0.0008

(0.0006) (0.0006) (0.0007) (0.0007)

Panel: Forward

HSUT× Post LLM 0.0020 0.0028 0.0021 0.0031

(0.0031) (0.0030) (0.0030) (0.0032)

HSUT × D|SUE|× Post LLM -0.0003 -0.0005 -0.0003 -0.0005

(0.0006) (0.0006) (0.0007) (0.0007)

Panel: Fundamentals

HSUT× Post LLM -0.0049 -0.0053* -0.0062** -0.0046*

(0.0030) (0.0030) (0.0029) (0.0027)

HSUT × D|SUE|× Post LLM 0.0007 0.0008 0.0010** 0.0008

(0.0006) (0.0006) (0.0005) (0.0005)

Panel: Pricing

HSUT× Post LLM -0.0026 -0.0026 -0.0039 -0.0034

(0.0030) (0.0030) (0.0027) (0.0025)

HSUT × D|SUE|× Post LLM 0.0002 0.0002 0.0005 0.0004

(0.0006) (0.0006) (0.0006) (0.0005)

Panel: Strategy

HSUT× Post LLM -0.0000 -0.0013 -0.0028 -0.0018

(0.0030) (0.0030) (0.0017) (0.0016)

HSUT × D|SUE|× Post LLM 0.0004 0.0006 0.0008** 0.0006

(0.0006) (0.0006) (0.0004) (0.0004)

Controls NO YES YES YES

Industry FE NO NO YES YES

Quarter-Year FE NO NO NO YES

Observations 37,387 37,387 37,387 37,387

Adj. R² 0.039 0.113 0.093 0.093
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D The Model

This appendix presents a one-period communication game between a sender and a receiver. Com-

munication is noisy: the report submitted by the sender does not necessarily coincide with the

message processed by the receiver. Mismatches arise from (i) manual processing frictions when

no technology is used and (ii) algorithmic misclassification when technology is employed.

The two players are a manager (Manager, M, she/her) and an investor (Investor, I, he/him). The

manager, who holds proprietary information, drafts a report r and transmits it to the investor;

the investor reads the report and set up the price for the manager’s firm. While M wishes to

maximize investment in her firm, I wants to set up a price that matches the fundamental value of

the business.

The investor relies on an algorithm to parse the report. The algorithm is imperfect and may pro-

duce an incorrect signal. The manager does not know whether the algorithm will classify her

report correctly. She can, however, pay a private cost to learn how the algorithm operates; doing

so enables her to tailor the report so that she can choice precisely r. If she does not, she will report

truthfully (i) and the report observed by the investor will be r = i × j. The cost of acquiring this

knowledge is private information to M; the investor observes only its distribution.

D.1 Timing

1. Nature. Nature draws a state x = (i, j, c) ∈ X = {(i, j, c) : (i, j) ∈ {−1, 1}2, c ∼ U[0, 2]}:

• i ∈ {−1, 1} represents fundamental news.

• j ∈ {−1, 1} captures limited processing capacity (or algorithmic inaccuracy). When M

truthfully reports i, the message observed by I is m = i × j. Therefore if j = 1, the report

is processed correctly, and if j = −1, it is misinterpreted. Although it may seem unnatural

to assume the processing outcome j is determined before the state is observed by M, this

timing is without loss of generality. In fact, since M never observes j, the setup is equiv-

alent to a more natural interpretation where j is realized only after the manager discloses

the report.

• c ∼ U[0, 2] is the private cost of learning the algorithm. The maximum cost is assumed

to be high enough to deter managers with bad news and the highest possible costs from
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engaging in algorithmic tailoring.

The prior µ satisfies

µ(i = 1) = µ(i = −1) = 1
2 , µ(j = i | i) = 1 − κ, µ(j ̸= i | i) = κ, κ ∈ [0, 1/2]

and c is independent of (i, j).

2. Manager Information. The manager observes (i, c) but not j. Although j is drawn before she

moves, the timing is inconsequential because j remains unobservable to her.

3. Tailoring decision. The manager decides whether to learn the algorithm at cost c. Let T = 1 if

she tailors and T = 0 otherwise.

4. Report. If T = 0, the manager write a truthful, but tech-unaware report: r = i × j which is

subject processing noise, and therefore can be interpreted correctly or not depending on j. If

instead, T = 1, a tech-savvy manager can write a report that will be interpreted as she prefers:

r ∈ {−1, 1}.

5. Pricing. The investor observes the message m and chooses a price p ∈ [−1, 1]. Payoffs are

UM = p − cT, U I = −(p − i)2.

D.2 Equilibrium

The solution concept is perfect Bayesian equilibrium (PBE) in pure strategies.

Proposition D.2.1. There exists a unique PBE in pure strategies:

T(i, c) = 1c≤c∗i , r∗(i, c ≤ c∗i ) = 1,

r∗(i, c > c∗i ) = i × j, p(r)∗ = E[i|r], for i ∈ {−1, 1}

Proof. Note that message depends on the second entry of the report, and such entry can differ

from the state only when the technology is acquired. So the firm’s price depend on the fraction of

manager’ types that want to acquire the technology.

Since, the value of the firm with good news is higher than the firm with bad news, I start conjec-

turing that technologically savvy managers will write a report r = 1. Tech-naive managers will
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stick with their truthful report that κ times gets misclassified.

If i = 1 :

E[p|T = 0] = (1 − κ)p(1) + κp(−1)

E[p|T = 1] = p(1)− c

=⇒ T = 1 if: c < κ [p(1)− p(−1)] = c1

If i = −1 :

E[p|T = 0] = κp(1) + (1 − κ)p(−1)

E[p|T = 1] = p(1)− c

=⇒ T = 1 if: c < (1 − κ) [p(1)− p(−1)] = c−1

Note that for κ < 1
2 , the threshold cost for the manager’s type i = 1 is higher than for types with

i = −1. Since truthful reporting yields lower payoffs in expectation for the bad news holders, the

incentives to acquire the technological knowledge are higher.

Since the investor cannot observe c, he will work in expectation. The fraction of managers, holding

good (bad) news, willing to invest in learning how to tailor are F(c1) = c1/2 (F(c1) = c−1/2).

Then, Investor prices in a Bayesian fashion:

p(1) =
[F(c1) + (1 − κ)(1 − F(c1))] + v(−1) [F(c−1) + κ(1 − F(c−1))]

F(c1) + (1 − κ)(1 − F(c1)) + F(c−1) + κ(1 − F(c−1))

=
2 − 4κ + [p(1)− p(−1)] (2κ − 1)
2 + [p(1)− p(−1)] (2κ2 − 2κ + 1)

(D.1)

p(−1) =
κ(1 − F(c1)) + v(−1)(1 − κ)(1 − F(c−1))

κ(1 − F(c1)) + (1 − κ)(1 − F(c−1))

= − 2 − 4κ + [p(1)− p(−1)] (2κ − 1)
2 − [p(1)− p(−1)] (2κ2 − 2κ + 1)

(D.2)
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Call the spread between the price for the positive and negative report x ≡ p(1)− p(−1).

x =
4 [(2κ − 1)x + 2 − 4κ]

4 − x2(2κ2 − 2κ + 1)2 . (D.3)

Cross-multiplying and collecting terms defines the fixed-point function

A(x, κ) ≡ −x3(2κ2 − 2κ + 1)2 + (8 − 8κ) x − (8 − 16κ). (D.4)

An equilibrium price spread satisfies A(x, κ) = 0 with x ∈ [0, 2]. The upper bound follows because

Bayesian prices lie in [−1, 1]. The lower bound x ≥ 0 holds because p(1) < p(−1) cannot be

sustained: if it were, bad-news managers would tailor to send m = −1 at lower cost than good-

news managers, producing a pool of reports m = −1 dominated by bad types and implying

p(−1) < p(1), a contradiction.

Existence and uniqueness on (0, 2). Evaluate A at the boundary:

A(0, κ) = −(8 − 16κ) = 8(2κ − 1) < 0 for κ < 1
2 ,

A(2, κ) = −8(2κ2 − 2κ + 1)2 + 2(8 − 8κ)− (8 − 16κ)

= −8(2κ2 − 2κ + 1)2 + 8

= 8
[
1 − (2κ2 − 2κ + 1)2] .

To sign the second expression, note that 2κ2 − 2κ + 1 = 2(κ − 1
2 )

2 + 1
2 , which lies strictly between

1
2 and 1 for κ ∈ (0, 1

2 ). Hence (2κ2 − 2κ + 1)2 < 1, so A(2, κ) > 0.

The derivative with respect to x is

∂A
∂x

= −3(2κ2 − 2κ + 1)2x2 + 8(1 − κ),

which has a unique positive root at x∗ =
√

8(1 − κ)/[3(2κ2 − 2κ + 1)2]. Since the leading co-

efficient of A is negative, x∗ is a local maximum: A is strictly increasing on (0, x∗) and strictly

decreasing on (x∗, ∞).

I establish uniqueness by considering two cases. If x∗ ≥ 2, then A is strictly increasing on (0, 2).
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Since A(0) < 0 and A(2) > 0, the Intermediate Value Theorem implies exactly one root in (0, 2).

If instead x∗ < 2, then A(x∗) > A(2) > 0 because A is decreasing on (x∗, 2). On the interval

(0, x∗), the function increases from A(0) < 0 to A(x∗) > 0, yielding exactly one root. On (x∗, 2),

the function decreases from A(x∗) > 0 to A(2) > 0, so there are no additional roots. In both cases,

there exists a unique x(κ) ∈ (0, 2) satisfying A(x(κ), κ) = 0.

Since x(κ) is unique for a given κ, there exists a unique pair of thresholds c∗1(κ), c∗−1(κ) and

prices p∗(1; κ), p∗(−1; κ).

D.2.1 Uniqueness

To complete the proof, I show that p(−1) > p(1) cannot be sustained in equilibrium. If it could,

managers would tailor to send m = −1. The thresholds become:

c1 = (1 − κ)[p(−1)− p(1)],

c−1 = κ[p(−1)− p(1)].

Following the same steps as before, equilibrium requires B(x, κ) = 0 where x ≡ p(−1)− p(1) > 0

and

B(x, κ) = −x3(2κ2 − 2κ + 1)2 + 8κ x + 8(1 − 2κ).

I show that B has no root in (0, 2). At the boundaries:

B(0, κ) = 8(1 − 2κ) > 0 for κ < 1
2 ,

B(2, κ) = 8
[
1 − (2κ2 − 2κ + 1)2] > 0 for κ ∈ (0, 1

2 ).

The second inequality follows because (2κ2 − 2κ + 1)2 < 1 on this interval.

Now suppose x∗ ∈ (0, 2) is a root, so B(x∗, κ) = 0. The derivative is

∂B
∂x

= −3x2(2κ2 − 2κ + 1)2 + 8κ.
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At any root, I can substitute x2(2κ2 − 2κ + 1)2 = 8κx+8(1−2κ)
x to obtain

∂B
∂x

∣∣∣∣
B=0

= −16κx + 24(1 − 2κ)

x
< 0.

Both terms in the numerator are positive for κ ∈ (0, 1
2 ) and x > 0, so the derivative is strictly

negative at any root.

Since B(0) > 0 and the derivative is negative at any root, B can cross zero at most once—from

positive to negative—and must remain negative thereafter. But B(2) > 0, so B cannot have crossed

zero by x = 2. Therefore B has no root in (0, 2), which rules out any equilibrium with p(−1) >

p(1).

D.2.2 Comparative statics

I derive comparative statics with respect to the algorithm’s error rate κ. A decrease in κ corre-

sponds to an improvement in algorithmic accuracy.

Price spread. The equilibrium price spread x(κ) ≡ p(1)− p(−1) is decreasing in κ. Applying

the implicit function theorem to A(x(κ), κ) = 0:

∂x
∂κ

=
(8x − 16)− 2x3(2κ2 − 2κ + 1)(4κ − 2)

3x2(2κ2 − 2κ + 1)2 + (8 − 8κ)
. (D.5)

The denominator is positive. Using the equilibrium condition to substitute x3(2κ2 − 2κ + 1), the

numerator is negative if and only if

x > 2 · −6κ2 + 6κ − 1
−6κ2 + 10κ − 3

.

The right-hand side exceeds 2 for all κ ∈ (0, 1/2), and since x ∈ (0, 2), the inequality is never

satisfied. Therefore ∂x/∂κ < 0: as algorithmic accuracy improves (lower κ), the price spread

widens.

Price of negative reports. The price p(−1) is increasing in κ. At κ → 0, the algorithm classi-

fies perfectly and the negative pool contains only bad-news managers who do not tailor, yielding
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p(−1) = −1. At κ → 1/2, classification is uninformative and the price spread vanishes (x → 0),

so p(−1) → 0. Since p(−1) increases from −1 to 0 as κ traverses (0, 1/2), we have ∂p(−1)/∂κ > 0

at the boundaries. Numerical simulation confirms this monotonicity holds throughout the inte-

rior: as accuracy improves (κ decreases), the price of negative reports decreases (becomes more

negative), reflecting the purer composition of the negative pool.

Price of positive reports. The price p(1) exhibits non-monotonic behavior in κ. At κ → 0: using

x(0) = 2 and evaluating the derivative yields limκ→0 ∂p(1)/∂κ = 3 > 0. At κ → 1/2: using

x(1/2) = 0, the derivative simplifies to limκ→1/2 ∂p(1)/∂κ = −2 < 0. Since the derivative is

positive near κ = 0 and negative near κ = 1/2, there exists at least one interior κ∗ ∈ (0, 1/2)

at which p(1) attains a maximum. Numerical simulation confirms that this maximum is unique:

p(1) is hump-shaped in κ.

Informativeness of positive versus negative reports. Negative reports are more informative

than positive reports: |p(−1)| > |p(1)|. To see this, recall that

p(1) =
N

2 + xΦ
, p(−1) = − N

2 − xΦ
,

where Φ = 2κ2 − 2κ + 1 > 0 and x > 0 in equilibrium. Since 2 + xΦ > 2 − xΦ, it follows that

|p(1)| < |p(−1)|, or equivalently p(1)2 < p(−1)2. This asymmetry arises because the positive

pool is contaminated by tailoring bad-news managers, while the negative pool contains only non-

tailoring managers.

Information loss. I measure information loss as the expected squared deviation of price from

fundamental value:

L(κ) ≡ E[(p(m)− i)2].

Since i ∈ {−1, 1}, we have i2 = 1, and the conditional expectation simplifies:

E[(p(m)− i)2 | m] = p(m)2 − 2p(m)E[i | m] + 1 = 1 − p(m)2.
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Aggregating across messages:

L(κ) = Pr(m = 1)[1 − p(1)2] + Pr(m = −1)[1 − p(−1)2] = 1 − I(κ),

where the informativeness index is I(κ) ≡ Pr(1)p(1)2 + Pr(−1)p(−1)2.

Using Pr(1) = (2 + xΦ)/4 and Pr(−1) = (2 − xΦ)/4, the informativeness index simplifies to

I(κ) = N2

4 − x2Φ2 .

Figure 2 displays the simulated information loss, displaying the hump-shaped pattern and illus-

trating that the maximum occurs in the interior.

0.40 0.30 0.20 0.10 0.00
κ
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-1.45
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-1.35

Information Loss

Figure 2: Information loss as a function of the algorithm’s error rate κ. The
hump-shaped pattern reflects two opposing forces: at low κ, high accuracy en-
ables reliable tailoring, contaminating the positive pool; at high κ, frequent mis-
classification destroys information directly. The minimum loss occurs at an in-
terior error rate where both effects are moderate.
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