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Ⅰ. Introduction

Generative artificial intelligence (AI) has 

quickly become one of the most consequential 

technological discontinuities facing modern 

firms (Brynjolfsson et al., 2021; Tushman 

and Anderson, 1986). In a short period, gen- 

erative AI has moved from a specialized 

technical capability to a widely recognized 

general-purpose technology with broad im-

plications for productivity, innovation, and 

competitive positioning (Yoon et al., 2025). 

Unlike earlier waves of computerization that 
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primarily affected routine tasks, generative 

AI reaches into higher-order cognitive activ-

ities such as legal writing, financial analy-

sis, and software development that were 

long viewed as the domain of human ex-

pertise (Acemoglu and Restrepo, 2022; Autor 

et al., 2003; Frey and Osborne, 2017). The 

public release of models such as ChatGPT 

therefore represents not only a technological 

advance but also an interpretive shock, dis-

rupting established assumptions about value 

creation and raising uncertainty about which 

organizational capabilities will matter in the 

next competitive regime (Eisfeldt et al., 

2023; Felten et al., 2021).

Such shocks affect not only what firms do, 

but also what they say. When a major dis-

continuity triggers an era of ferment, the 

meaning of the new technology and the basis 

of future competition are not yet settled 

(Kaplan, 2008; Kaplan and Tripsas, 2008). 

Under these conditions, corporate disclosure 

becomes an important vehicle through which 

firms interpret environmental change for ex-

ternal audiences. Through disclosure, firms 

can reduce information asymmetries, shape 

stakeholder beliefs, and present themselves 

as prepared for technological transition 

(Granqvist et al., 2013; Healy and Palepu, 

2001; Leuz and Verrecchia, 2000; Lounsbury 

and Glynn, 2001). This is especially true in 

the case of generative AI, where many capa-

bilities that may determine success, such as 

proprietary data, specialized human capital, 

and managerial foresight, are difficult for 

outsiders to observe directly (Brynjolfsson et 

al., 2021). In this setting, disclosure can 

serve as a visible form of external communi-

cation about a firm’s perceived preparedness 

for technological change.

Firms, however, differ markedly in how 

they respond to this shock in their dis- 

closures. Some firms sharply expand AI-re-

lated discussion and connect AI to future op-

portunities, risks, and competitive implications, 

whereas others remain cautious or largely 

silent. What explains this heterogeneity? I 

argue that an important part of the answer 

lies in performance feedback. Drawing on the 

behavioral theory of the firm, I suggest that 

firms interpret and communicate the gen-

erative AI shock through the lens of their 

performance relative to social aspiration 

levels.

Prior research on performance feedback 

has focused primarily on the consequences of 

performance below aspirations, emphasizing 

problemistic search, risk taking, and correc-

tive change (Greve, 2008). In contrast, I fo-

cus on the strategic implications of perform-

ance above aspirations (Baum et al., 2005; 

Iyer and Miller, 2008). I argue that, follow-

ing the generative AI shock, firms exceeding 

social aspiration levels are especially likely 

to increase AI-related disclosure. Favorable 

peer-relative performance gives managers a 
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credible basis for presenting current success 

as evidence of managerial capability and fu-

ture readiness (Audia and Greve, 2006; Baum 

et al., 2005; Kim et al., 2015). Rather than 

treating disclosure as a direct measure of AI 

adoption, I examine it as a form of public 

communication through which firms connect 

present performance to claims about prepar-

edness for technological change.

I further argue that this logic extends be-

yond the amount of disclosure to its framing. 

During periods of technological upheaval, 

firms do not simply report on new tech-

nologies; they also participate in shaping 

how those technologies are interpreted by ex-

ternal audiences (Kaplan and Tripsas, 2008). 

Firms performing above social aspirations 

are more likely to frame AI in competitive 

terms by linking it to rivalry, market posi-

tioning, industry shifts, substitution threats, 

platform competition, or changes in the basis 

of advantage. Such framing allows managers 

to connect current performance to a for-

ward-looking account of continued compet- 

itiveness. I also propose that this effect de-

pends on technological salience. In industries 

where AI is more central to core tasks and 

value creation, the competitive meaning of 

AI is likely to be more visible and conse- 

quential.

I examine these arguments using a panel of 

U.S. public firms’ 10-K filings from 2017 to 

2024. I use an LLM-assisted text analysis 

approach to identify substantive AI-related 

discussion in 10-K filings and to classify the 

content of that discussion across multiple 

categories. I then relate variation in AI dis-

closure to firms’ performance relative to so-

cial aspiration levels. The results show that 

firms exceeding social aspiration levels sig-

nificantly increase AI-related disclosure fol-

lowing the generative AI shock. Among firm- 

years with AI disclosure, these firms also 

place greater relative emphasis on com-

petitive AI framing. In addition, the positive 

disclosure response is stronger in industries 

where AI was more salient before the shock. 

Historical aspirations yield weaker and less 

consistent patterns. These findings suggest 

that, in the context of a field-wide techno-

logical shock, managers orient strongly to-

ward social comparison when communicating 

their strategic position to external audiences.

This study contributes to research on the 

behavioral theory of the firm and voluntary 

disclosure by showing how performance feed-

back shapes external strategic communication 

under conditions of technological uncertainty. 

Prior work has focused primarily on how as-

piration shortfalls trigger internal search and 

adaptation (Iyer and Miller, 2008; Kuusela 

et al., 2017). By contrast, I show that favor-

able peer-relative performance is associated 

with more extensive AI-related disclosure 

following a major technological discontinuity 

(Healy and Palepu, 2001; Verrecchia, 2001). 
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The study also extends this argument from 

disclosure intensity to strategic framing, 

showing that, conditional on discussing AI, 

firms performing above social aspirations 

place greater emphasis on the competitive 

implications of AI (Benner and Tripsas, 

2012; Kaplan, 2008). More broadly, the 

findings contribute to research on the organ-

izational consequences of generative AI by 

suggesting that, in the early stages of a gen-

eral- purpose technology shift, competition 

unfolds not only through operational invest-

ments but also through firms’ efforts to pub-

licly interpret the technology and position 

themselves in relation to it (Eisfeldt et al., 

2023; Felten et al., 2021).

Ⅱ. Literature Review and 
Hypothesis Development

2.1 Generative AI as a Technological 

Discontinuity and an Interpretive Shock

Generative AI has emerged as a con-

sequential technological discontinuity that 

unsettles prevailing assumptions about how 

firms create value, organize production, and 

compete. Research on technological dis-

continuities argues that major break-

throughs destabilize established competitive 

positions by making the value of existing 

competencies, routines, and complementarities 

more uncertain (Tripsas, 1997; Tushman and 

Anderson, 1986). Such periods are often 

marked by an era of ferment, in which the 

trajectory of the new technology remains un-

settled, and market participants differ in 

their interpretations of what the technology 

means for industry evolution (Kaplan and 

Tripsas, 2008). Generative AI exhibits these 

characteristics. It is widely regarded as a 

general-purpose technology whose effects are 

likely to diffuse across a broad range of 

tasks, products, and organizational func-

tions rather than remain confined to a nar-

row technical domain (Brynjolfsson et al., 

2021).

The significance of generative AI extends 

beyond automation. Unlike earlier digital 

technologies that primarily improved in-

formation processing or transactional effi-

ciency, generative AI directly affects knowl-

edge work, content production, product de-

sign, and the recombination of organiza-

tional knowledge. As a result, it has im-

plications for both labor substitution and 

new task creation (Acemoglu and Restrepo, 

2019, 2022), as well as for product in-

novation and firm growth (Babina et al., 

2024; Eisfeldt et al., 2023). These features 

make generative AI more than just another 

technological input; they make it a technol-

ogy that may alter the basis of strategic 

action. When such shifts occur, firms face 
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not only technical uncertainty but also inter-

pretive uncertainty, as managers, investors, 

and analysts must determine what the tech-

nology means and which firms are best posi-

tioned to benefit from it (Kaplan, 2008).

Under such interpretive uncertainty, cor-

porate disclosure becomes especially im- 

portant. Disclosure does more than transmit 

information; it also helps shape how ex-

ternal audiences understand ambiguous en-

vironmental change (Granqvist et al., 2013). 

This is particularly true when firms face 

pressure to explain how they understand 

and intend to respond to a major techno-

logical shift. In the case of generative AI, 

many of the capabilities that may matter 

most―such as proprietary data, specialized 

human capital, and organizational exper- 

imentation capacity―are difficult for out-

siders to observe directly (Brynjolfsson et 

al., 2021). AI-related disclosure can there-

fore serve as both an informational and a 

symbolic mechanism through which firms po-

sition themselves in response to a highly sa-

lient technological shock (Granqvist et al., 

2013; Lounsbury and Glynn, 2001).

2.2 Performance Feedback, 

Above-Aspiration Outcomes, and 

Strategic Action

To explain cross-firm heterogeneity in AI- 

related disclosure, I draw on the behavioral 

theory of the firm. A central insight of this 

tradition is that firms evaluate performance 

relative to aspiration levels, which serve as 

reference points for interpreting whether 

current outcomes are satisfactory (Cyert and 

March, 1963; Greve, 1998). Prior work has 

identified multiple sources of aspiration lev-

els, including firms’ own past performance 

and the performance of comparable peers. 

Importantly, the relative salience of these 

aspiration sources should depend on the de-

cision context. Historical aspirations are 

likely to be especially relevant when firms 

evaluate current outcomes against their own 

prior trajectory and update expectations 

through accumulated experience. Social as-

pirations, by contrast, should become more 

salient when performance is interpreted in 

explicitly peer-relative terms and when or-

ganizational actions are visible to external 

audiences who also evaluate firms com-

paratively (Audia and Greve, 2006; Greve, 

1998). Because the present study examines 

public disclosure following a field- wide tech-

nological shock, I focus on social aspirations 

as the primary reference point. In this set-

ting, managers are not simply assessing 

whether the firm is doing better than before; 

they are also communicating whether the 

firm is keeping pace with, lagging behind, or 

leading comparable rivals.

Research on performance feedback has pri-

marily emphasized the consequences of per-
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formance below aspirations, showing that 

shortfalls trigger problemistic search, risk 

taking, and corrective organizational change 

(Greve, 2003, 2008; Han and Park, 2014; 

Iyer and Miller, 2008; Kuusela et al., 2017). 

By contrast, I focus on the strategic im-

plications of performance above aspirations. 

Firms that exceed aspiration levels are not 

simply inactive. Favorable attainment dis-

crepancies can reinforce managerial con-

fidence in the firm’s strategic judgment and 

capabilities and provide a basis for inter-

preting current performance as evidence of 

effective strategic management (Baum et 

al., 2005; Kim et al., 2015). Above-aspira-

tion performance may also reduce immediate 

performance pressure and ease resource con-

straints, but in the present setting, its most 

important implication is communicative: it 

gives firms a credible peer-relative position 

from which to interpret and present their re-

sponse to technological change.

These implications become especially im-

portant during periods of technological 

upheaval. When a discontinuity such as gen-

erative AI unsettles the basis of competition, 

external audiences face uncertainty about 

which firms are prepared for the new techno-

logical regime. Firms performing above social 

aspirations can more plausibly connect cur-

rent success to claims of managerial fore-

sight, technological readiness, and future 

competitiveness. In this context, above-aspi-

ration performance creates not only con-

fidence inside the firm but also credibility 

outside the firm. It allows managers to 

frame AI-related disclosure as part of a 

broader narrative of continued competence 

rather than as speculative rhetoric or re-

medial impression management (Healy and 

Palepu, 2001; Lounsbury and Glynn, 2001; 

Singh, 1986).

2.3 AI Disclosure as a Signal of Managerial 

Capability Under Uncertainty

Voluntary disclosure research suggests 

that managers disclose information strategi-

cally when doing so can reduce information 

asymmetries, direct stakeholder attention, 

shape stakeholder beliefs, and influence 

market valuation (Ahn et al., 2007; Healy 

and Palepu, 2001; Li, 2010; Loughran and 

McDonald, 2011; Stocken, 2000). Disclosure 

becomes particularly valuable when outside 

stakeholders have limited ability to in-

dependently assess a firm’s preparedness for 

technological change (Kaplan and Tripsas, 

2008; Verrecchia, 2001). This problem is es-

pecially acute in the case of generative AI 

because many relevant capabilities―such as 

proprietary data assets, complementary hu-

man capital, and internal experimentation 

capacity―are intangible and difficult for out-

siders to observe directly (Brynjolfsson et 

al., 2021).
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In this setting, AI-related disclosure can 

serve as an especially salient signal of other-

wise unobservable managerial capabilities 

because generative AI has become a visible 

marker of strategic modernity and adaptive 

capability (Felten et al., 2021; Granqvist et 

al., 2013). Such communication is partic-

ularly useful when stakeholders are un-

certain about managerial quality or about 

the firm’s private assessment of an emerging 

opportunity (Healy and Palepu, 2001; Stocken, 

2000). Firms performing above social aspira-

tions are especially likely to perceive such 

an opportunity. Their recent success pro-

vides a credible basis for claiming superior 

judgment, and AI-related disclosure allows 

them to link that success to a forward-look-

ing narrative about preparedness for techno-

logical change. Rather than merely reporting 

isolated initiatives, these firms can present 

themselves as recognizing the significance of 

generative AI early and responding in ways that 

support future competitiveness (Lounsbury and 

Glynn, 2001; Suddaby and Greenwood, 2005).

Importantly, firms performing above social 

aspirations should be more likely to use such 

disclosure proactively than firms performing 

below aspirations. Firms below aspirations 

may face stronger pressure to address imme-

diate performance problems, and forward- 

looking claims about AI readiness may be 

discounted by external audiences when cur-

rent peer-relative performance is weak 

(Audia and Greve, 2006; Iyer and Miller, 

2008). One alternative possibility is that be-

low-aspiration firms might attempt to com-

pensate by inflating AI-related claims. 

However, disclosure in SEC Form 10-K fil-

ings is not costless. Exaggerated or weakly 

substantiated claims in formal regulatory fil-

ings can impose reputational and legal costs, 

which should constrain aggressive signaling 

by poorly performing firms (Loughran and 

McDonald, 2011). By contrast, firms per-

forming above social aspirations have a 

stronger credibility basis for linking AI-re-

lated disclosure to managerial capability and 

future competitiveness. Accordingly, firms 

performing above social aspirations should 

be better positioned to increase AI-related 

disclosure following the generative AI shock.

Hypothesis 1 (H1): Firms exceeding so-

cial aspiration levels will increase AI-related 

disclosure following the generative AI shock.

2.4 From Disclosure to Framing: Why 

Firms Above Social Aspirations Cast AI 

in Competitive Terms

Although the amount of AI-related dis-

closure is important, the way firms frame AI 

is equally consequential. Communication dur-

ing periods of technological change is shaped 

not only by whether firms mention a new 

technology, but also by how they define its 
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strategic meaning. Research on framing and 

managerial cognition shows that firms inter-

pret emerging technologies through schemas 

that shape both strategic action and stake-

holder understanding (Kaplan and Tripsas, 

2008). In periods of rapid technological 

change, when the meaning and implications 

of a new technology remain unsettled, firms 

also compete to influence how that technol-

ogy is understood and which responses are 

viewed as legitimate or strategically appro-

priate (Benner and Tripsas, 2012; Kaplan, 

2008).

I argue that firms performing above social 

aspirations will be especially likely to frame 

AI in competitive terms. Competitive fram-

ing refers to presenting AI as relevant to ri-

valry, market positioning, or the basis of 

competitive advantage. This framing should 

be more likely among firms performing above 

social aspirations for three reasons. First, 

competitive framing allows these firms to 

present their response to technological un-

certainty as strategic rather than reactive. 

Rather than describing AI as a generic tech-

nological development, they can portray it as 

a means of protecting or extending their 

competitive position. Doing so helps manag-

ers present the firm as actively responding 

to a changing environment rather than pas-

sively adapting to it (Kaplan, 2008; Kaplan 

and Tripsas, 2008).

Second, competitive framing allows firms 

above social aspirations to connect current 

success to future competitiveness. Prior per-

formance gives these firms reputational cap-

ital, but a major technological shift can un-

settle the criteria by which firms are 

evaluated. By embedding AI within a com-

petitive narrative, managers can suggest 

that the capabilities underlying current suc-

cess will remain valuable under the new 

technological regime (Lounsbury and Glynn, 

2001; Suddaby and Greenwood, 2005). In 

this way, competitive framing helps preserve 

the value of current performance when ex-

ternal audiences are uncertain about how fu-

ture competition will unfold.

Third, competitive framing is likely to be 

more credible when it comes from firms al-

ready performing well relative to peers. 

Because stakeholders can observe favorable 

current outcomes, they are more likely to 

view claims about AI-enabled competitive-

ness as plausible rather than rhetorical 

overstatement (Lounsbury and Glynn, 2001; 

Stocken, 2000). By contrast, similar claims 

from firms performing below aspirations may 

be discounted as impression management or 

overcompensation for weak performance. 

Accordingly, firms performing above social 

aspirations should have both stronger in-

centives and a higher expected return from 

framing AI in competitive terms.

This argument complements research on 

corporate rhetoric and symbolic management. 
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Firms use language not only to describe real-

ity but also to shape how new categories, 

technologies, and strategic possibilities are 

interpreted by external audiences (Fiol, 1989; 

Granqvist et al., 2013). In the case of gen-

erative AI, competitive framing is partic-

ularly salient because AI has quickly become 

associated with innovation, adaptability, 

and strategic relevance. Firms performing 

above social aspirations should therefore be 

more likely not only to disclose AI but also to 

frame it in ways that emphasize its im-

plications for rivalry, market positioning, in-

dustry change, and competitive advantage.

Hypothesis 2 (H2): Among firms that dis-

close AI-related information, firms exceeding 

social aspiration levels will devote a larger 

share of AI disclosure to competitive framing 

following the generative AI shock.

2.5 Technological Salience as a Boundary 

Condition

The benefits of AI disclosure and AI fram-

ing should not be uniform across industries. 

I argue that the relationship between per-

formance above social aspirations and AI-re-

lated disclosure will be stronger when AI is 

more technologically salient within the focal 

industry. I define technological salience as 

the degree to which AI is perceived as con-

sequential for value creation, product in-

novation, or competitive differentiation in an 

industry.

Research on general-purpose technologies 

suggests that broad technological advances 

diffuse unevenly because their practical rele-

vance depends on complementary assets, 

task structures, and the extent to which ex-

isting activities can be reorganized around 

the new technology (Brynjolfsson et al., 

2021). Realizing the value of such tech-

nologies often requires intangible invest-

ments, new routines, and managerial ex-

perimentation, all of which vary across 

industries. Related research on automation 

and task exposure likewise shows sub-

stantial cross-industry variation in the ex-

tent to which AI is likely to affect core activ-

ities rather than peripheral ones (Autor et 

al., 2003; Eisfeldt et al., 2023; Felten et 

al., 2021).

This heterogeneity matters because AI-re-

lated disclosure should have greater signal-

ing value when stakeholders view AI as stra-

tegically central to the industry. In in-

dustries where AI is highly salient, invest-

ors, analysts, and other external audiences 

are more likely to treat AI readiness as in-

formative about managerial capability and 

long-run competitiveness (Eisfeldt et al., 

2023). Under these conditions, firms per-

forming above social aspirations have more 

to gain from discussing AI because such dis-

closure speaks directly to an issue that ex-
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ternal audiences already view as important 

(Granqvist et al., 2013).

Technological salience should also increase 

the scrutiny attached to AI-related claims. 

When AI is widely seen as central to in-

dustry competition, external audiences are 

likely to evaluate such claims more carefully. 

This heightened scrutiny should make AI-re-

lated disclosure more valuable for firms that 

can credibly link current performance to fu-

ture preparedness, while limiting the attrac-

tiveness of aggressive signaling by firms 

whose claims may be viewed with greater 

skepticism. Accordingly, the positive rela-

tionship between performance above social 

aspirations and AI-related disclosure should 

be stronger in industries where technological 

salience of AI is high.

Hypothesis 3 (H3): The positive rela-

tionship between performance above social 

aspiration levels and AI-related disclosure 

will be stronger in industries with greater 

technological salience of AI.

Ⅲ. Methods

3.1 Data and Sample

I examine how firms respond to a major 

technological shock through their corporate 

disclosures. The empirical setting is the 

emergence of generative AI following the 

public release of ChatGPT on November 30, 

2022, which sharply increased managerial 

and investor attention to AI-related oppor-

tunities and risks (Eisfeldt et al., 2023). My 

primary data source is annual Form 10-K 

filings of U.S. publicly traded firms. The fil-

ings are well-suited to this study because 

they provide standardized narrative dis-

closures about firms’ operations, risks, and 

strategic positioning for external audiences 

(Dyer et al., 2017; Jegadeesh and Wu, 

2013; Li, 2010; Loughran and McDonald, 

2011).

I collect 10-K filings from the SEC EDGAR 

database and merge them with financial da-

ta from Compustat. The panel covers fiscal 

years 2017 through 2024, allowing me to ob-

serve both the pre-shock baseline and firms’ 

disclosure responses after the emergence of 

generative AI. I define the post-shock period 

as fiscal years 2023 and 2024. Because 

ChatGPT was released near the end of cal-

endar year 2022, fiscal year 2022 filings 

may vary in the extent to which they reflect 

the shock, depending on firms’ fiscal-year 

ends and filing dates. I therefore treat fiscal 

year 2022 as a transition year and do not 

classify it as part of the post-shock period. 

This conservative definition reduces ambi-

guity associated with filings submitted 

shortly after the release of ChatGPT and al-
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lows the post-shock period to capture dis-

closures after firms had more time to inter-

pret the generative AI shock. The final sam-

ple consists of 13,527 firm-year observations 

from 2,898 firms across a broad range of 

industries.

3.2 Variables 

3.2.1 AI Disclosure

To construct the dependent variables, I use a 

multi-stage text analysis procedure. Consistent 

with recent work encouraging the use of 

statistical learning methods in financial text 

analysis, I employ a large language model 

(LLM)-assisted procedure to identify and 

classify AI-related disclosure (Harrison et 

al., 2023; Li et al., 2021; Miric et al., 2023). 

I first partition each filing into text windows 

of approximately 800 words. This approach 

allows me to identify localized AI-related 

discussion while preserving enough context 

for reliable interpretation, which is im-

portant because 10-K filings are lengthy, 

heterogeneous, and often contain substantial 

boilerplate (Dyer et al., 2017).

I then apply a keyword gate to identify 

candidate windows using terms such as 

“artificial intelligence,” “machine learning,” 

and “generative AI.” Candidate windows are 

subsequently evaluated using a two-stage 

LLM procedure. In the first stage, a screen-

ing model determines whether the passage 

contains substantive AI-related discussion. 

In the second stage, a more capable model 

assigns continuous scores ranging from 0 to 

1 to five categories of AI discourse: AI use, 

AI opportunity, competitive framing, opera-

tional risk, and regulation. This design is 

consistent with emerging work showing that 

LLMs can be used effectively for annotation 

and categorization tasks when combined 

with validation and careful prompt design 

(Carlson and Burbano, 2025; Eisfeldt et al., 

2023; Harrison et al., 2023). In addition, 

this multidimensional approach is preferable 

to simple word counts because prior research 

shows that textual measures are sensitive to 

contextual ambiguity, weighting choices, and 

topic heterogeneity, and that richer text rep-

resentations often better capture econom-

ically meaningful variation (Jegadeesh and 

Wu, 2013; Li et al., 2021).

My primary dependent variable is AI dis-

closure intensity, measured as the log-trans-

formed sum of category scores across all win-

dows in a filing. To test Hypothesis 2, I also 

construct a measure of competitive AI fram-

ing share, defined as the competitive AI 

framing score divided by the total AI cat-

egory score in a filing. It captures, within 

AI-related disclosure, the relative emphasis 

on competitive framing that links AI to the 

competitive environment, including rivals, 

industry shifts, substitution threats, plat-
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form competition, market positioning, or 

competitive advantage. To test Hypothesis 

3, I construct a disclosure-based measure of 

industry AI salience at the three-digit SIC 

industry level. I define industry AI salience 

as the extent to which AI was already salient 

in an industry’s public disclosure environ-

ment prior to the generative AI shock. 

Specifically, for each three- digit SIC in-

dustry, I calculate the average pre-shock AI 

disclosure score among firms in that in-

dustry using fiscal years 2017 through 2022. 

I then take the log- transformed value and 

standardize the measure to have a mean of 

zero and standard deviation of one in the 

construction sample. Higher values indicate 

industries in which AI was more salient in 

firms’ disclosures before the generative AI 

shock. This measure is conceptually moti-

vated by prior work showing that AI exposure 

varies substantially across occupations and 

industries (Felten et al., 2021). Because the 

final regression sample differs slightly from 

the construction sample, the standardized 

measure has a mean close to, but not exactly 

equal to, zero in the estimation sample re-

ported in Table 1.

3.2.2 Performance Feedback

The main independent variables are de-

rived from the behavioral theory of the firm 

and capture firm performance relative to aspi-

ration levels. In line with the theoretical focus 

of this study, I emphasize social aspirations. I 

define social aspiration as the leave-one-out 

average ROA of peer firms in the same 

three-digit SIC industry-year, excluding the 

Variable Mean S.D. 1 2 3 4 5 6 7 8 9 10 11 12 13

1 AI Disclosure Intensity 0.28 0.63 1.00

2 Above Social Aspiration 0.29 0.40 0.06 1.00

3 Below Social Aspiration 0.26 1.26 -0.03 -0.15 1.00

4 Above Historical Aspiration 0.18 0.93 -0.03 -0.01 0.16 1.00

5 Below Historical Aspiration 0.17 0.79 -0.01 -0.12 0.77 -0.04 1.00

6 Firm Size 6.15 2.85 0.09 0.11 -0.43 -0.27 -0.33 1.00

7 Profitability -0.37 1.37 0.02 0.13 -0.61 -0.26 -0.45 0.55 1.00

8 Leverage 0.84 1.97 -0.03 -0.10 0.61 0.23 0.43 -0.39 -0.73 1.00

9 Cash Holdings 0.28 0.29 0.03 0.03 0.12 0.12 0.11 -0.42 -0.19 0.01 1.00

10 Intangible Asset Intensity 0.19 0.23 0.14 0.07 -0.09 -0.05 -0.08 0.30 0.13 -0.07 -0.42 1.00

11 Tobin's Q 0.97 0.78 0.07 0.02 0.43 0.23 0.28 -0.40 -0.47 0.44 0.30 -0.12 1.00

12 Filing Length 152.59 57.74 0.10 0.06 -0.13 -0.08 -0.08 0.35 0.09 -0.13 0.09 0.04 -0.21 1.00

13 Industry AI Salience 0.04 1.00 0.42 0.06 0.01 0.02 0.02 -0.07 -0.01 0.01 0.09 0.26 0.14 -0.05 1.00

<Table 1> Descriptive statistics and correlations
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focal firm from the calculation (Audia and 

Greve, 2006). I then compute attainment 

discrepancy as the difference between fo-

cal-firm ROA and this social aspiration 

level.

Consistent with prior performance-feed-

back research, I use a spline specification to 

decompose attainment discrepancy into above- 

aspiration and below-aspiration components. 

This piecewise approach allows for asym-

metric responses to favorable and unfavorable 

performance feedback (Iyer and Miller, 

2008; Kuusela et al., 2017). The variable of 

primary theoretical interest is above social 

aspiration, which captures the extent to 

which a firm outperforms its peer-based ref-

erence point. This measure maps directly 

onto my argument that favorable peer-rela-

tive performance provides a credible basis 

for AI-related disclosure and strengthens 

firms’ incentives to communicate prepared-

ness for technological change. I also construct 

historical aspiration using an exponentially 

weighted moving average of the focal firm’s 

past ROA, following prior research on adap-

tive aspiration updating (Kim et al., 2015).

3.2.3 Control Variables

I include a standard set of lagged control 

variables that may influence disclosure be-

havior and the strategic tone of firms’ 

communications. These controls include firm 

size (log total assets), profitability (ROA), 

leverage, cash holdings, Tobin’s Q, and in-

tangible asset intensity. Tobin’s Q accounts 

for differences in growth opportunities and 

investment opportunities that may shape for-

ward-looking disclosure (Li, 2010). Intangible 

asset intensity is included because AI-re-

lated capabilities often depend on data, 

knowledge, and organizational capital.

I also control for filing length, measured as 

the total number of text windows in the fil-

ing, because longer filings mechanically cre-

ate more opportunities to mention emerging 

technologies (Dyer et al., 2017; Loughran 

and McDonald, 2011). This helps account for 

document-level heterogeneity in the textual 

measures.

3.3 Empirical Specification

To test the hypotheses, I examine wheth-

er firms performing above social aspira-

tions increase AI-related disclosure after the 

emergence of generative AI following the pub-

lic release of ChatGPT in late 2022. I estimate 

firm-year panel regressions of the following 

form:
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where   denotes firm fixed effects to con-

trol unobserved, time-invariant firm and in-

dustry characteristics, and  denotes year 

fixed effects to absorb macroeconomic trends 

and baseline temporal shifts in disclosure 

practices. The post-shock indicator equals 

one for fiscal years 2023 and 2024 and zero 

otherwise. Fiscal year 2022 is treated as a 

transition year and is not coded as part of 

the post-shock period because ChatGPT was 

released on November 30, 2022, and firms 

differ in fiscal-year ends and filing dates. 

Standard errors are clustered at the firm 

level to address potential serial correlation 

within firms over the sample period.

The coefficient of primary interest is the 

interaction between Above Social Aspiration 

and Post. For Hypothesis 1, the dependent 

variable is AI disclosure intensity. For 

Hypothesis 2, I replace the dependent varia-

ble with competitive AI framing share. For 

Hypothesis 3, I introduce a triple interaction 

involving industry AI salience to test wheth-

er the post-shock effect of performance 

above social aspirations is stronger in in-

dustries where AI is more strategically 

salient. Importantly, because industry AI 

salience is measured as a time-invariant, 

pre-shock industry characteristic, its main 

effect is absorbed by the firm fixed effects. 

Consequently, the model relies on the inter-

action terms to identify how the post-shock 

effect of performance above social aspira-

tions varies across different levels of in-

dustry salience. Because the public release 

of ChatGPT affected the broader informa-

tional environment rather than any one firm 

in isolation, this design is intended to cap-

ture heterogeneous disclosure responses to a 

common field-level shock. The estimates, 

therefore, identify whether firms with differ-

ent performance positions relative to social 

aspirations responded differently in their 

disclosures after the shock.

3.4 Measure Validation

Because the empirical design relies on 

model-assisted text classification, I conduct 

a manual audit to assess the validity of the 

AI disclosure measures. The validation fo-

cuses on three questions: whether the key-

word gate omits substantively AI-related 

passages, whether the first-stage classifier 

correctly identifies substantive AI discussion, 

and whether the second-stage category as-

signments align with human judgment.

The audit yields three main conclusions. 

First, the keyword gate appears highly 

specific. In a random sample of excluded 

windows, virtually none were coded by hu-

man evaluators as containing substantive 

AI-related discussion, suggesting that the 

keyword screen does not generate sub-

stantial false exclusions. Second, the first- 

stage classifier appears conservative. Relative 
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to human coding, it achieves very high pre-

cision, approximately .97 to .98, but some-

what lower recall, approximately .81 to .85. 

This indicates that the principal source of 

measurement error is missed positive cases 

rather than false positives, suggesting that 

any resulting bias is more likely to attenuate 

than inflate the estimated relationships.

Third, I assess the validity of the sec-

ond-stage category scores using a multi-la-

bel category-presence framework. Because 

the five categories are not mutually ex-

clusive, a disclosure window can contain 

more than one AI-related frame. I therefore 

evaluate whether each category identified by 

the model is substantively present in the 

text according to human coders. Under this 

criterion, the model performs well across all 

five dimensions. Precision is consistently 

high, averaging approximately .97 across 

categories, while recall averages approx-

imately .76. Performance is similarly strong 

for the competitive AI framing category, 

which is central to Hypothesis 2, with pre-

cision of approximately .97 and recall of ap-

proximately .77. These results suggest that 

the model reliably identifies the presence of 

competitive AI framing when it is detected, 

although some relevant passages may be 

missed. This pattern again points toward 

conservative measurement error rather than 

systematic over-detection.

The audit also indicates that some residual 

noise is concentrated in executive biogra-

phies, board descriptions, and other boil-

erplate passages that mention AI without re-

flecting substantive firm-level disclosure. To 

address this concern, I instruct the classifier 

to prioritize substantive discussion over in-

cidental mentions and, in additional analy-

ses, employ a stricter disclosure measure that 

excludes biography-like and boilerplate-like 

windows. The results are substantively similar. 

Overall, these findings suggest that the 

measurement approach captures meaningful 

variation in firm-level AI discourse and is un-

likely to generate the main findings through 

systematic over-detection.

Ⅳ. Results

4.1 Main Results

Table 1 reports descriptive statistics and 

pairwise correlations for the main variables. 

The correlations are generally modest and do 

not indicate serious multicollinearity concerns.

Table 2 presents the main results for AI 

Disclosure Intensity. Model 1 reports the 

baseline estimates. Firms performing above 

social aspirations exhibit significantly higher 

AI disclosure intensity. By contrast, the co-

efficients for the historical aspiration varia-

bles are small and statistically insignificant. 
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This pattern is consistent with the argument 

that peer-relative standing is particularly 

relevant in this setting, where firms commu-

nicate their position to external audiences in 

the wake of a field-wide technological shock.

Model 2 provides the main test of Hypothesis 

1. Consistent with the hypothesis, the inter-

action between Above Social Aspiration and 

Post is positive and statistically significant 

(β = 0.069, p < 0.01). Following the emer-

gence of generative AI, firms whose prior 

performance exceeded social aspiration lev-

els increased AI-related disclosure more 

than otherwise similar firms. The interaction 

between Below Social Aspiration and Post is 

negative and statistically significant (β = 

-0.042, p < 0.01), indicating that firms per-

forming below social aspirations were less 

likely to expand AI-related disclosure after 

the shock. These results suggest that peer- 

relative performance shaped firms’ disclosure 

responses to the emergence of generative AI.

Figure 1 provides event-study evidence for 

AI Disclosure Intensity. I use fiscal year 

2021 as the reference year because it is the 

last full fiscal year before the public release 

of ChatGPT on November 30, 2022. Fiscal 

year 2022 is treated as a transition year, 

DV: AI Disclosure Intensity Model 1 Model 2

Above Social Aspiration × Post 0.069*** (0.026)

Below Social Aspiration × Post -0.042*** (0.012)

Above Historical Aspiration × Post -0.018 (0.014)

Below Historical Aspiration × Post 0.021 (0.019)

Above Social Aspiration 0.058*** (0.019) 0.031* (0.018)

Below Social Aspiration 0.005 (0.005) 0.009** (0.004)

Above Historical Aspiration 0.005 (0.004) 0.005 (0.004)

Below Historical Aspiration -0.003 (0.006) 0.002 (0.005)

Firm Size -0.001 (0.010) 0.003 (0.010)

Profitability -0.010 (0.007) -0.009 (0.007)

Leverage -0.010** (0.004) -0.003 (0.004)

Cash Holdings 0.006 (0.038) 0.018 (0.038)

Intangible Asset Intensity 0.061 (0.063) 0.052 (0.063)

Tobin's Q 0.019* (0.012) 0.017 (0.012)

Filing Length 0.805*** (0.193) 0.797*** (0.194)

Firm fixed effects Y Y

Year fixed effects Y Y

Number of observations 13,527 13,527

R2 0.761 0.762

Note: Standard errors clustered at the firm level are reported in parentheses. * p < .10, ** p < .05, *** p < .01

<Table 2> AI disclosure intensity
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and fiscal years 2023 and 2024 represent the 

post-shock period. Thus, in the event-study 

figure, t = 0 refers to fiscal year 2021. The 

estimates indicate that the relationship be-

tween above-social-aspiration performance 

and AI disclosure becomes substantially 

larger after the generative AI shock. While 

some pre-shock estimates are positive, the 

post-shock coefficients are larger and more 

consistently positive, especially in 2023 and 

2024. This pattern suggests that above-as-

piration firms expanded AI-related dis-

closure more strongly after the shock, rather 

than that the estimates merely reflect a sta-

ble cross-sectional tendency to discuss AI.

Table 3 examines whether, among firms 

that discussed AI, above-aspiration firms al-

so changed how they framed it. The depend-

ent variable is Competitive AI Framing 

Share. Because this measure captures the 

relative emphasis on competitive framing 

within AI-related disclosure, it is defined 

only for firm-years with positive AI 

disclosure. Accordingly, the analysis is re-

stricted to AI-disclosing firm-years, and the 

results should be interpreted as evidence about 

the framing of AI disclosure among firms that 

discuss AI rather than as evidence about the 

initial decision to disclose AI.

Consistent with Hypothesis 2, the inter-

action between Above Social Aspiration and 

Post is positive and statistically significant 

(β = 0.040, p < 0.10). Among AI-disclosing 

firm-years, firms exceeding social aspiration 

levels devote a larger share of their AI-re-

lated disclosure to competitive framing after 

the generative AI shock. This result suggests 

that, conditional on discussing AI, firms per-

forming above social aspirations placed great-

er relative emphasis on the competitive im-

plications of AI.

Figure 2 presents analogous event-study 

<Figure 1> Event study: AI disclosure intensity with 95% confidence intervals
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estimates for Competitive AI Framing Share. 

As in Figure 1, fiscal year 2021 serves as the 

reference year, fiscal year 2022 is treated as 

a transition year, and fiscal years 2023 and 

2024 are interpreted as the post-shock 

period. The analysis is restricted to firm- 

DV: Competitive AI Framing Share Model 1

Above Social Aspiration × Post 0.040* (0.021)

Below Social Aspiration × Post 0.003 (0.007)

Above Historical Aspiration × Post -0.001 (0.006)

Below Historical Aspiration × Post 0.012 (0.010)

Above Social Aspiration 0.014 (0.020)

Below Social Aspiration 0.002 (0.005)

Above Historical Aspiration 0.003 (0.002)

Below Historical Aspiration -0.014** (0.007)

Firm Size -0.010 (0.008)

Profitability -0.001 (0.004)

Leverage -0.004 (0.003)

Cash Holdings -0.033 (0.025)

Intangible Asset Intensity 0.024 (0.039)

Tobin's Q 0.002 (0.008)

Filing Length -0.075 (0.102)

Firm fixed effects Y

Year fixed effects Y

Number of observations 3,287

R2 0.709

Note: Standard errors clustered at the firm level are reported in parentheses. * p < .10, ** p < .05, *** p < .01

<Table 3> Competitive AI framing share

<Figure 2> Event study: Competitive framing share with 95% confidence intervals
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years with positive AI disclosure because 

Competitive AI Framing Share is defined on-

ly for AI-disclosing firm-years. The pre- 

shock estimates are close to zero and im-

precisely estimated, whereas the post-shock 

estimates become positive. This pattern sug-

gests that, after the generative AI shock, 

firms performing above social aspirations 

placed greater relative emphasis on the com-

petitive implications of AI among firm-years 

in which they discussed AI. Because the 

framing estimates are less precisely esti-

mated than the disclosure-intensity results, 

I interpret this evidence as supportive rather 

than definitive.

Table 4 tests Hypothesis 3 by examining 

whether the disclosure response varies with 

Industry AI Salience. The triple interaction 

among Above Social Aspiration, Post, and 

Industry AI Salience is positive and statisti-

cally significant (β = 0.087, p < 0.05). This 

result indicates that the positive post-shock 

relationship between performance above so-

cial aspirations and AI disclosure is stronger 

in industries where AI was more salient in 

firms’ public disclosures before the gen-

DV: AI Disclosure Intensity Model 1

Above Social Aspiration × Industry AI Salience × Post 0.087** (0.040)

Below Social Aspiration × Industry AI Salience × Post -0.008 (0.008)

Above Social Aspiration × Industry AI Salience -0.069*** (0.026)

Below Social Aspiration × Industry AI Salience -0.003 (0.005)

Post × Industry AI Salience 0.117*** (0.018)

Above Social Aspiration × Post 0.062** (0.028)

Below Social Aspiration × Post -0.030*** (0.007)

Above Social Aspiration 0.012 (0.020)

Below Social Aspiration 0.010** (0.004)

Above Historical Aspiration 0.005 (0.003)

Below Historical Aspiration 0.007 (0.006)

Firm Size 0.003 (0.010)

Profitability -0.010 (0.008)

Leverage -0.004 (0.005)

Cash Holdings 0.034 (0.038)

Intangible Asset Intensity 0.048 (0.061)

Tobin's Q 0.024** (0.012)

Filing Length 0.803*** (0.188)

Firm fixed effects Y

Year fixed effects Y

Number of observations 13,527

R2 0.774

Note: Standard errors clustered at the firm level are reported in parentheses. * p < .10, ** p < .05, *** p < .01

<Table 4> Industry AI salience
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erative AI shock. This pattern is consistent 

with the proposed mechanism: AI-related 

disclosure has greater signaling value when 

AI is already more central to the industry’s 

competitive and informational environment.

4.2 Robustness Tests

The main analyses show that firms per-

forming above social aspirations increased 

AI-related disclosure after the generative AI 

shock. I conduct several additional analyses 

to assess the robustness and interpretation 

of this finding. These analyses address four 

related concerns. First, I examine whether 

the result depends on the particular con-

struction of the AI disclosure measure. 

Second, I assess whether the observed dis-

closure response reflects actual AI-use re-

porting or post-shock changes among in-

tangible-intensive firms, rather than broad-

er AI-related communication. Third, I exam-

ine whether the evidence is more consistent 

with a slack-resource explanation or with a 

peer-relative signaling interpretation. Fourth, 

I evaluate whether the result is driven by 

pre-existing AI orientation, observable firm 

differences, industry-specific trends, or al-

ternative timing assumptions. Tables 5 

through 8 report these analyses.

Table 5 first examines whether the main 

result is robust to alternative measures of 

AI-related disclosure. The positive inter-

action between Above Social Aspiration and 

Post remains statistically significant across 

multiple disclosure measures, including 

overall AI Disclosure Intensity (β = 0.069, p 

< 0.01), AI Window Share (β = 0.002, p < 

0.01), Length-Adjusted AI Intensity (β = 

0.001, p < 0.10), and Competitive AI Framing 

Model 1 Model 2 Model 3 Model 4 Model 5

DV: AI 
Disclosure 
Intensity

DV: AI Window 
Share

DV: 
Length-Adjusted 

AI Intensity

DV: Competitive 
AI Framing 
Intensity

DV: Average AI 
Intensity | AI > 0

Above Social Aspiration × Post 0.069*** 
(0.026)

0.002*** 
(0.0007)

0.001* 
(0.0007)

0.019** 
(0.010)

-0.005 
(0.030)

Below Social Aspiration × Post -0.042*** 
(0.012)

-0.001** 
(0.0005)

-0.001** 
(0.0005)

-0.005 
(0.004)

-0.026** 
(0.013)

Firm controls Y Y Y Y Y

Firm fixed effects Y Y Y Y Y

Year fixed effects Y Y Y Y Y

Number of observations 13,527 13,527 13,527 13,527 3,308

R2 0.763 0.771 0.770 0.653 0.746

Note: Standard errors clustered at the firm level are reported in parentheses. * p < .10, ** p < .05, *** p < .01

<Table 5> Multiple AI disclosure measures
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Intensity (β = 0.019, p < 0.05). Unlike the 

framing-share measure used in Table 3, 

Competitive AI Framing Intensity captures 

the absolute amount of competitive AI fram-

ing and is estimated in the full sample. This 

provides complementary evidence that the 

competitive-framing pattern is not limited to 

the sample restricted to AI-disclosing firm- 

years in Table 3. By contrast, the corre-

sponding coefficient for Average AI Intensity | 

AI > 0 is small and statistically insignificant. 

This pattern suggests that firms above social 

aspirations responded to the generative AI 

shock primarily by increasing the breadth and 

prominence of AI-related discussion across the 

filing, rather than by merely intensifying 

language within a fixed set of existing AI 

passages.

A related interpretive concern is that AI- 

related disclosure may reflect actual AI use 

or investment rather than external com- 

munication. Table 6 addresses this concern 

by examining whether the main result is 

concentrated in implementation-related AI 

disclosure or in firms with greater intangible 

asset intensity. Model 1 uses AI Use Disclosure 

as the dependent variable. This measure 

captures passages referring to AI use, im-

plementation, application, or deployment and 

therefore most closely approximates dis-

closure of actual AI-related activity. If the 

main result were driven primarily by bet-

Model 1 Model 2 Model 3

DV: AI Use 
Disclosure

Intangible Asset 
Intensity

Intangible Asset 
Intensity × Above 
Social Aspiration

Above Social Aspiration × Post 0.021 
(0.015)

0.053** 
(0.025)

0.052** 
(0.026)

Below Social Aspiration × Post -0.021*** 
(0.007)

-0.038*** 
(0.012)

-0.043*** 
(0.014)

Post × Intangible Asset Intensity 0.094*** 
(0.011)

0.099*** 
(0.013)

Above Social Aspiration × Post × Intangible Asset Intensity -0.008 
(0.028)

Below Social Aspiration × Post × Intangible Asset Intensity -0.011 
(0.011)

Firm controls Y Y Y

Firm fixed effects Y Y Y

Year fixed effects Y Y Y

Number of observations 13,527 13,527 13,527

R2 0.797 0.767 0.767

Note: Standard errors clustered at the firm level are reported in parentheses. * p < .10, ** p < .05, *** p < .01

<Table 6> AI use disclosure and intangible-asset-based alternative explanations
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ter-performing firms adopting AI and there-

fore having more implementation activity to 

report, the post-shock effect of above-so-

cial-aspiration performance should be espe-

cially pronounced for this measure. However, 

the coefficient on Above Social Aspiration × 

Post is positive but statistically insignificant.

Models 2 and 3 examine whether the result 

is explained by post-shock disclosure changes 

among intangible-intensive firms. In Model 

2, I add the interaction between Intangible 

Asset Intensity and Post. This interaction is 

positive and statistically significant (β = 

0.094, p < 0.01), indicating that intangible- 

intensive firms increased AI disclosure more 

after the shock. Importantly, however, the 

coefficient on Above Social Aspiration × Post 

remains positive and statistically significant 

(β = 0.053, p < 0.05). Model 3 further adds 

the triple interaction among Above Social 

Aspiration, Post, and Intangible Asset Intensity. 

The triple interaction is statistically insig-

nificant, suggesting that the above-aspira-

tion effect does not occur only among in-

tangible-intensive firms. These results sug-

gest that the main disclosure pattern is un-

likely to be explained solely by implementation- 

related AI reporting or by post-shock dis-

closure increases among intangible-intensive 

firms.

I also examine whether the main result is 

better explained by slack resources. If the 

disclosure response were primarily driven by 

resource capacity, firms with greater Cash 

Holdings should increase AI disclosure more 

after the shock, and the above-aspiration ef-

fect should be stronger among cash-rich 

firms. Table 7 reports these tests. Model 1 

adds the interaction between Cash Holdings 

and Post. Model 2 adds the triple interaction 

among Above Social Aspiration, Post, and 

Cash Holdings. The results do not provide 

strong support for a slack-based explanation. 

Cash Holdings × Post is statistically insig-

nificant, and the triple interaction between 

Above Social Aspiration, Post, and Cash 

Holdings is also statistically insignificant. 

The coefficient on Above Social Aspiration × 

Post remains positive and statistically sig-

nificant across these specifications. These 

results are more consistent with the inter-

pretation that favorable peer-relative perform-

ance shapes AI-related disclosure through 

credibility and external communication in-

centives rather than through slack resources 

alone. This interpretation is also consistent 

with the intangible-asset analyses reported 

in Table 6. Although intangible-intensive 

firms increased AI disclosure more after the 

shock, the above-aspiration effect was not 

concentrated among such firms. Thus, the 

evidence does not suggest that the main ef-

fect is driven solely by firms with greater ob-

servable resources or intangible assets.
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Table 8 addresses a broader endogeneity 

concern: firms performing above social aspi-

rations may possess stronger pre-existing 

organizational capabilities that influence both 

performance and AI-related disclosure. Model 

1 controls for Pre-shock AI Orientation by in-

teracting Post with firms’ average pre-shock 

AI disclosure intensity. The coefficient on 

Above Social Aspiration × Post remains pos-

itive and statistically significant (β = 0.069, 

p < 0.01), while the interaction between Post 

and Pre-shock AI Orientation is not statisti-

cally significant. Model 2 excludes firms 

with any pre-shock AI disclosure. The co-

efficient remains positive and statistically 

significant (β = 0.046, p < 0.05), suggesting 

that the main result is not driven solely by 

firms that were already visibly AI-oriented 

before the generative AI shock.

Model 3 reports an entropy-balanced dif-

ference-in-differences specification. In this 

analysis, treatment is defined as being above 

the social aspiration level before the post- 

shock period, and the comparison group is 

weighted to resemble the treated group on 

observable pre-treatment characteristics, in-

cluding firm size, ROA, leverage, cash hold-

ings, intangible asset intensity, Tobin’s Q, 

filing length, pre-shock AI orientation, and 

pre-shock AI window share. The weighted 

estimate remains positive and statistically 

significant (β = 0.053, p < 0.05), indicating 

that the result is not simply due to ob-

servable pre-treatment differences.

Models 4 and 5 provide additional checks on 

industry-level trends and temporal ordering. 

Model 1 Model 2

DV: AI Disclosure Intensity Slack Resource
Slack Resource × 

Above Social Aspiration

Above Social Aspiration × Post 0.072*** 
(0.026)

0.068*** 
(0.026)

Below Social Aspiration × Post -0.042*** 
(0.012)

-0.045*** 
(0.013)

Post × Cash Holdings -0.016 
(0.010) -0.009 (0.012)

Above Social Aspiration × Post × Cash Holdings -0.023 (0.023)

Below Social Aspiration × Post × Cash Holdings 0.002 (0.004)

Firm controls Y Y

Firm fixed effects Y Y

Year fixed effects Y Y

Number of observations 13,527 13,527

R2 0.763 0.763

Note: Standard errors clustered at the firm level are reported in parentheses. * p < .10, ** p < .05, *** p < .01

<Table 7> Slack resource tests
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Model 4 replaces year fixed effects with in-

dustry-year fixed effects, thereby comparing 

firms within the same three-digit SIC in-

dustry and fiscal year. The coefficient on 

Above Social Aspiration × Post remains pos-

itive and statistically significant (β = 0.101, 

p < 0.01). Model 5 uses two-year lagged per-

formance-feedback measures, further sepa-

rating the measurement of aspiration- based 

performance from subsequent AI disclosure. 

The coefficient remains positive and statisti-

cally significant (β = 0.069, p < 0.05).

I also examine whether the main result is 

driven by industries in which AI was already 

highly salient before the generative AI shock. 

In the sample restricted to industries below the 

median of pre-shock Industry AI Salience, the 

coefficient on Above Social Aspiration × Post 

remains positive and statistically significant 

(β = 0.059, p < 0.05). When I further re-

strict the sample to the bottom tercile of 

Industry AI Salience, the coefficient remains 

positive but is less precisely estimated (β = 

0.038, n.s.). This pattern suggests that the 

main result is not confined to high-AI-sali-

ence industries, although the disclosure re-

sponse is weaker where AI was least salient 

before the shock. Overall, the results in 

Table 8 and the low-salience subsample anal-

yses suggest that the main disclosure finding 

is unlikely to be explained solely by pre-ex-

isting AI orientation, observable firm differ-

ences, industry-specific disclosure trends, or 

short- term simultaneity between perform-

ance and disclosure. 

Model 1 Model 2 Model 3 Model 4 Model 5

DV: AI Disclosure Intensity
Pre-Shock AI 
Orientation

Exclude 
Pre-Shock AI 

Firms

Entropy-
Balanced DiD

Industry-
Year FE

Two-Year Lag

Above Social Aspiration × Post 0.069*** 
(0.026)

0.046** 
(0.021)

0.053** 
(0.026)

0.101*** 
(0.039)

0.069** 
(0.032)

Below Social Aspiration × Post -0.042*** 
(0.012)

-0.027*** 
(0.010)

-0.031** 
(0.013)

-0.034*** 
(0.011)

Post × Pre-shock AI Orientation 0.006 
(0.015)

0.005 
(0.017)

Firm controls Y Y Y Y Y

Firm fixed effects Y Y Y Y Y

Year fixed effects Y Y Y Y Y

Number of observations 13,527 10,372 13,206 13,527 10,645

R2 0.763 0.505 0.778 0.787 0.773

Note: Standard errors clustered at the firm level are reported in parentheses. * p < .10, ** p < .05, *** p < .01

<Table 8> Endogeneity and alternative explanations
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Ⅴ. Discussion and Conclusion

5.1 Theoretical and Managerial Implications

This study examines how firms respond to 

the emergence of generative AI through cor-

porate disclosure. Drawing on the behavioral 

theory of the firm, I find that firms perform-

ing above social aspiration levels increased 

AI-related disclosure following the gen-

erative AI shock. Among firms with AI dis-

closure, they also placed greater relative em-

phasis on competitive AI framing. In addi-

tion, the disclosure response was stronger in 

industries where AI was more salient before 

the shock.

These findings deepen our understanding 

of the relationship among performance feed-

back, voluntary disclosure, and the commu-

nication of technological change. The behav-

ioral theory of the firm has traditionally em-

phasized how aspiration levels shape in-

ternal responses such as problemistic search 

and organizational adjustment (Greve, 2008; 

Kuusela et al., 2017). The evidence here 

suggests that performance feedback also has 

an externally oriented dimension. In the 

context of a field-wide technological shock, 

favorable peer-relative performance appears 

to provide firms with a stronger basis for 

communicating preparedness for techno-

logical change to external audiences (Baum 

et al., 2005; Lounsbury and Glynn, 2001). 

This does not imply that disclosure is purely 

symbolic or detached from firms’ underlying 

capabilities. Rather, it suggests that per-

formance relative to peers shapes how firms 

publicly interpret and communicate a highly 

uncertain technological shift. 

The study also contributes to voluntary 

disclosure research by showing that dis-

closure following a technological shock is 

shaped not only by information asymmetries 

or capital-market incentives, but also by 

firms’ behavioral reference points. Under 

conditions of interpretive uncertainty, where 

many of the capabilities relevant to a new 

technology are difficult for outsiders to ob-

serve directly (Brynjolfsson et al., 2021), dis-

closure becomes an important means through 

which firms communicate their readiness 

and strategic position (Healy and Palepu, 

2001). In this sense, the findings suggest 

that firms performing above social aspira-

tions are better positioned to connect current 

performance to forward-looking claims about 

technological readiness and future com- 

petitiveness.

In addition, by moving beyond disclosure 

volume to examine the framing of AI-related 

communication, the study contributes to re-

search on how organizations interpret and 

present technological discontinuities (Kaplan, 

2008; Suddaby and Greenwood, 2005). Firms 

respond to technological change not only 
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through the decision to disclose but also 

through how they define the technology’s 

strategic significance for external audiences. 

Framing AI in relation to rivalry, market po-

sitioning, industry shifts, and competitive 

advantage allows firms to connect current 

performance to a forward-looking account of 

compet- itiveness.

These findings also speak to emerging re-

search on the organizational consequences 

of generative AI. Much of this literature has 

focused on productivity, labor substitution, 

investment, or financial-market responses 

(Brynjolfsson et al., 2025; Eisfeldt et al., 

2023; Felten et al., 2021). The evidence 

here suggests that an additional dimension 

of organizational response lies in corporate 

discourse. In the early stages of a techno-

logical shift, firms appear to compete not on-

ly through operational changes and invest-

ments but also through how they publicly in-

terpret, frame, and position the new tech-

nology for external audiences.

The findings also carry managerial impli- 

cations. When a field-wide technological 

shock increases uncertainty about the future 

basis of competition, disclosure becomes a 

means by which firms manage external 

evaluations. Managers of firms performing 

strongly relative to their peers may be better 

able to connect current success to future 

relevance. At the same time, the results 

suggest that the value of such communica-

tion depends on industry context. In in-

dustries where AI is more central to value cre-

ation and competitive differentiation, stake-

holders may pay closer attention not only to 

whether firms discuss AI, but also to how 

they frame its significance.

5.2 Limitations and Future Research

This study has several limitations that 

help define its scope and point to directions 

for future research. First, the analysis iden-

tifies disclosure behavior rather than the in-

ternal decision processes or AI-related activ-

ities that produce it. I argue that favorable 

peer-relative performance provides firms 

with a more credible basis for communicating 

preparedness for technological change, but 

archival disclosure data do not allow me to 

observe managers’ cognitive interpretations, 

internal deliberations, or communication 

strategies directly (Greve, 1998; Iyer and 

Miller, 2008; Kim et al., 2015). Future re-

search could complement this design with 

interviews, surveys, or experiments to ex-

amine more directly how managers interpret 

performance feedback and how those inter-

pretations shape communication following 

technological shocks.

A related limitation concerns the inter-

pretation of AI-related disclosure. Although 

I separately examine AI-use disclosure and 

account for post-shock disclosure changes 
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among intangible-intensive firms, 10-K fil-

ings do not allow me to directly observe 

firms’ internal AI investments, adoption de-

cisions, or experimentation processes. Some 

of the observed disclosure responses may 

therefore reflect actual changes in AI-related 

activity rather than external communication 

alone. Similarly, the observational design 

cannot fully eliminate the possibility that 

unobserved time-varying organizational ca-

pabilities influence both firm performance 

and AI-related disclosure. The additional 

analyses using pre-shock AI orientation, en-

tropy-balanced comparisons, industry-year 

fixed effects, two-year lagged performance- 

feedback measures, and low-AI-salience in-

dustry subsamples reduce these concerns, 

but they do not exploit an instrumental vari-

able or another quasi-random source of var-

iation in performance feedback. The results 

should therefore be interpreted as evidence 

of a robust association between peer-relative 

performance and post-shock AI disclosure, 

rather than as definitive causal evidence. 

Future research could combine disclosure 

data with direct measures of AI adoption, AI 

investment, AI hiring, AI patents, cloud- 

computing expenditures, or internal technol-

ogy adoption to more sharply distinguish 

performance-feedback effects from capa-

bility-based explanations.

Second, the study focuses on 10-K filings, 

which represent only one component of firms’ 

broader communication strategies. Form 10- 

K filings are useful because they provide 

standardized, regulated, and comparable 

disclosures, but they are also less flexible 

and less immediate than other communica-

tion channels. Firms also communicate about 

emerging technologies through earnings calls, 

investor presentations, press releases, web-

sites, and social media, each of which differs 

in audience, timing, and rhetorical flexibility 

(Dyer et al., 2017). Future research could 

examine whether similar performance-feed-

back dynamics appear across multiple com-

munication channels and whether firms tailor 

AI-related narratives to different external 

audiences.

Third, the measures rely on LLM-assisted 

text classification. Although the validation 

results suggest that the approach is con-

servative and performs well in identifying 

substantive AI disclosure and category-level 

framing, measurement error remains possible. 

In particular, some AI-related passages may 

be missed, and some category boundaries―

such as the distinction between AI oppor-

tunity and competitive AI framing―may re-

main difficult to classify perfectly. Future 

work could refine these measures through al-

ternative models, larger context windows, hu-

man-in-the-loop annotation procedures, or 

more granular coding schemes that dis-

tinguish, for example, proactive competitive 

positioning from reactive competitive pres-
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sure (Li et al., 2021).

Fourth, the empirical setting centers on 

generative AI following the public release of 

ChatGPT. This setting is analytically useful 

because it provides a visible and field-wide 

technological shock, but it is also distinctive 

in the speed with which the technology en-

tered public discourse and became salient to 

managers and investors. As a result, caution 

is warranted in generalizing the magnitude 

or timing of these effects to other techno-

logical discontinuities. Future research could 

examine whether similar disclosure dynam-

ics emerge around technologies that diffuse 

more slowly, are less visible to investors, or 

vary more sharply in their relevance across 

firms and industries.

Finally, the weaker findings for historical 

aspirations should not be interpreted as evi-

dence that historical benchmarks are gen-

erally unimportant (Audia and Greve, 2006). 

In the behavioral theory of the firm, firms 

may draw on multiple aspiration sources, 

and the behavioral salience of those sources 

depends on the setting. My argument is nar-

rower: when firms communicate publicly in 

response to a highly visible, field-wide tech-

nological shock, peer-relative standing should 

be especially salient because both managers 

and external audiences are likely to inter-

pret performance comparatively. Historical 

aspirations remain relevant as self-refer-

ential benchmarks tied to prior experience, 

but they are less directly aligned with the 

externally comparative nature of corporate 

disclosure in this context. Future research 

could examine the conditions under which 

social versus historical aspirations become 

more influential in shaping organizational 

communication, including differences in in-

dustry structure, technological salience, and 

the observability of firm capabilities.
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