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AI Adoption and Stock Performance in S&P 500 Firm Disclosure 

ABSTRACT 

This study examines whether AI-related language in mandatory corporate disclosures 

functions as a credible strategic signal that investors incorporate into firm valuation. Drawing on 

signaling theory, we evaluate whether the intensity of AI-related terminology in the Management 

Discussion and Analysis (MD&A) section of 10-K filings predicts future stock performance for 

S&P 500 firms. Using a lexicon-based measure of AI discourse and multi-horizon return models, 

we link Item 7 textual content to one-, three-, and five-year forward stock returns, controlling for 

past performance. The results show no significant association between AI disclosure intensity and 

future returns across any horizon, suggesting that narrative references to AI do not operate as 

priced market signals in this context. This outcome may indicate that managers are less transparent 

or overly symbolic in communicating AI-related strategies, reducing the credibility of disclosure-

based signals. The study contributes to research on technological signaling and narrative disclosure 

by identifying boundary conditions under which language-based indicators fail to influence market 

expectations. Methodologically, it offers a transparent and replicable text-analysis pipeline 

integrating natural language processing with financial modeling. 

Keywords: 

AI adoption, Firm Disclosure, MD&A, 10-K Filings, Textual Analysis, Stock Performance 

  



11285 

 
 

2 

1. INTRODUCTION 

Artificial intelligence (AI) is increasingly positioned as a transformative force capable of 

reshaping organizational processes, innovation pathways, and competitive advantage across 

industries. Firms frequently reference AI in strategic communications, shareholder reports, and 

regulatory filings to convey technological preparedness and strategic vision. However, scholarly 

and practitioner communities alike continue to debate whether such discourse reflects substantive 

adoption efforts or merely symbolic posturing in response to market pressures (Nambisan et al., 

2019). This ambiguity raises fundamental questions about the relationship between AI disclosure, 

organizational strategy, and capital market interpretation. 

Regulatory filings, particularly the annual Form 10-K submitted to the U.S. Securities and 

Exchange Commission (SEC), are critical sites for understanding how firms communicate 

strategic priorities. The Management Discussion and Analysis (MD&A, Item 7) section plays a 

central role in reducing information asymmetry by summarizing managerial expectations, planned 

initiatives, and perceived risks. A growing literature demonstrates that textual elements of the 

MD&A convey incremental information that investors incorporate into valuation decisions (Azmi 

Shabestari & Romero, 2024; Karapandza, 2016; Loughran & McDonald, 2020). Yet, despite 

increasing references to AI in these filings, there is limited evidence on whether the language itself 

constitutes meaningful information from the perspective of capital markets. 

This uncertainty can be framed through the lens of signaling theory. Signaling theory 

proposes that actors with private information attempt to communicate their quality, capabilities, or 

intentions through observable signals, and that receivers evaluate these signals based on credibility, 

costliness, and context (Spence, 1978). In the context of AI, MD&A language may serve as a 

strategic signal intended to demonstrate innovation orientation, technological readiness, or 
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alignment with future industry trajectories. If investors view such language as credible and costly 

to imitate, AI-related terminology should reduce information asymmetry and shape expectations 

of future performance. Conversely, if the signal is perceived as cheap, imprecise, or lacking 

evidence of deployment, investors may rationally discount it. 

The contemporary digital transformation environment intensifies this tension. Firms face 

increasing pressure to demonstrate alignment with high-velocity technological change (Hinings et 

al., 2018) and to leverage general-purpose technologies such as AI as catalysts for growth (Vial, 

2019). Disclosure thus becomes not only an information mechanism, but also a stage on which 

technological legitimacy and strategic identity are performed (Nambisan et al., 2019). This creates 

conditions where AI discourse may proliferate even when underlying adoption is uneven or 

exploratory. In such settings, textual claims risk becoming decoupled from operational reality, 

creating space for symbolic adoption dynamics consistent with the broader digital transformation 

literature (Sebastian et al., 2020). Understanding how markets interpret these signals is therefore 

vital for assessing the boundary conditions of strategic communication. 

Despite rapid advances in computational text analysis, financial linguistics, and digital 

transformation research, we know relatively little about how topic-specific claims about AI in 

mandatory reports relate to investor interpretation. Research using keyword frequency analysis 

indicates that carefully selected lexical proxies can capture organizational attributes that are 

otherwise difficult to measure (Bellstam et al., 2021; Humphreys & Wang, 2018). Furthermore, 

studies show that narrative content can contain predictive information about financial outcomes 

(Bodnaruk et al., 2015; Li, 2010) and that forward-looking language may be linked to market 

reactions (Karapandza, 2016). However, the existing literature does not isolate whether AI-specific 
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discourse, as opposed to general forward-looking tone or sentiment, functions as a priced signal in 

capital markets. 

This paper addresses this gap by examining whether AI-related language in the MD&A 

section of 10-K filings serves as a credible strategic signal from the perspective of financial 

markets. Using a lexicon-based measure of AI discourse in Item 7 filings for S&P 500 firms, we 

quantify the intensity of AI-specific terminology and link it to subsequent market performance, 

while accounting for past return dynamics. Rather than assuming that AI mentions reflect realized 

capability, this design treats disclosure language itself as a theoretically meaningful construct: a 

potential signal that may succeed or fail depending on how markets evaluate its informativeness. 

This approach contributes to strategic management research by situating AI discourse 

within established theories of information asymmetry and signaling. It also extends disclosure 

research by focusing on topic-specific language rather than broad sentiment or readability 

measures, and by contextualizing digital transformation narratives as strategic communication 

devices rather than pure reflections of operational reality. Finally, it offers a transparent, replicable 

methodological pipeline that integrates domain-specific lexicons, natural-language-processing 

preprocessing, and publicly accessible market data. 

In doing so, this study advances an emerging research agenda at the intersection of 

technological signaling, digital transformation, and capital market interpretation. If AI language 

functions as a credible signal, investors should adjust expectations when such discourse appears 

in filings. If it does not, this would indicate that markets either discount such language or require 

more granular or costly evidence before updating beliefs. In either case, the findings have 

implications for managers, analysts, and policymakers concerned with how narrative strategy 

shapes economic outcomes. 
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The remainder of the paper proceeds as follows. Section 2 reviews the literature on strategic 

disclosure, digital transformation narratives, and keyword-based text analysis in financial settings. 

Section 3 describes the dataset construction and the lexicon-based measurement of AI discourse. 

Section 4 outlines the empirical framework and variable construction. Section 5 presents the results 

and interprets their theoretical implications. Section 6 concludes by identifying limitations and 

directions for future research. 

2. LITERATURE REVIEW 

The use of textual disclosures as strategic communication has become central to 

understanding how firms convey information under conditions of uncertainty. When firms operate 

in dynamic environments, narrative elements of disclosure can provide meaningful insight into 

strategic direction, technological positioning, and perceived capability (Hinings et al., 2018; Vial, 

2019). Prior research demonstrates that the content and structure of MD&A language can influence 

investor beliefs and valuation outcomes because it captures managerial perspectives unavailable 

in financial statements alone (Karapandza, 2016; Loughran & McDonald, 2020).  

Text analysis of corporate disclosures has become an important methodology in the fields 

of accounting, finance, and strategic management. Among various sources, the U.S. Securities and 

Exchange Commission (SEC) Form 10-K serves as a rich and standardized document containing 

companies’ annual performance, risk factors, strategies, and forward-looking statements 

(Bodnaruk et al., 2015; Cooper et al., 2022; Dyer et al., 2017; Harris, 2024; Karapandza, 2016; 

Liu et al., 2020; Mushtaq et al., 2022). Researchers have used computational linguistics techniques 

to analyze these disclosures to understand companies’ behavior and results (Alduais, 2024; Azmi 

Shabestari & Romero, 2024; Bochkay et al., 2023; Du et al., 2024; Loughran & McDonald, 2020; 

Mao et al., 2024; Ravula, 2021). 
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While there are various approaches, including latent Dirichlet allocation (LDA) (Blei et al., 

2003; Bochkay et al., 2023; Du et al., 2024; Dyer et al., 2017) and sentiment analysis (Chan & 

Chong, 2017; Du et al., 2024; Kouloumpis et al., 2011; Mao et al., 2024; Mushtaq et al., 2022), 

this review focuses on the keyword frequency analysis approach, which is appropriate when 

researchers use a dictionary or list of predefined terms. For this study, technology-related keywords 

taken from previous literature (Bellstam et al., 2021; Hinings et al., 2018; Kraus et al., 2022; 

Nambisan et al., 2019) will serve as a proxy to measure a company’s level of technology adoption. 

Keyword frequency from the 10-Ks can be used to construct a financial constraint index. 

Textual proxies can outperform traditional accounting measures when measuring subtle constructs 

(Bodnaruk et al., 2015). Frequency analysis can also examine the pricing of financial constraints 

and strengthen the validity of text-based indicators in empirical financial models (Buehlmaier & 

Whited, 2018). Text-based innovation measures derived from patents and 10-Ks show strong 

predictive validity for R&D output and firm performance. This approach shows how often 

innovation-related terms appear in annual reports  (Bellstam et al., 2021). Together, these findings 

establish precedent for using dictionary-based measures as proxies for underlying strategic 

constructs. 

The 10-K report is divided into several sections, notably Item 1 (“Business”), Item 1A 

(“Risk Factors”), and Item 7 (“Management Discussion and Analysis”). These sections have been 

shown to be particularly rich in forward-looking disclosures (Azmi Shabestari & Romero, 2024; 

Bochkay et al., 2023; Cooper et al., 2022; Dyer et al., 2017; Liu et al., 2020). There is a significant 

relationship between textual features and company performance, suggesting that textual signals in 

these sections are meaningful for strategic analysis (Azmi Shabestari & Romero, 2024). Analyzing 
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the frequency of technological and strategic terms in annual reports can be used to predict company 

performance (Alduais, 2024; Azmi Shabestari & Romero, 2024; Mushtaq et al., 2022). 

If AI-related language operates as a credible strategic signal, it should convey information 

about firms’ technological orientation that investors incorporate into expectations of future value 

creation (Loughran & McDonald, 2011, 2020). Under signaling theory, managers with genuine 

capability should reference AI in disclosure because doing so reflects costly internal investments, 

organizational restructuring, and complementary resource alignment (Hinings et al., 2018; 

Nambisan et al., 2019). Investors, in turn, should price these signals to the extent they indicate 

differentiation and competitive advantage. 

Based on this reasoning, we propose the following hypothesis: 

H1: Firms that exhibit greater intensity of AI-related language in the MD&A section of 10-

K filings will experience higher future stock returns, controlling for past performance. 

Because the valuation impact of strategic signals may not be uniform across investment 

horizons, and because markets may process information at different speeds, we test this hypothesis 

across three forward-looking windows: 

H1a: AI-related language intensity is positively associated with one-year forward returns. 

H1b: AI-related language intensity is positively associated with three-year forward returns. 

H1c: AI-related language intensity is positively associated with five-year forward returns. 

Together, these hypotheses reflect the expectation that AI language carries informational 

value and thus may function as a priced signal in capital markets. 

However, no existing study isolates AI-specific language in mandatory filings to determine 

whether it functions as a priced strategic signal or a symbolic narrative device. This paper 

addresses this gap by examining whether AI-related terminology in Item 7 of the Form 10-K serves 
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as a credible informative signal in capital markets, using lexicon-based measurement and multi-

horizon performance modeling. 

3. DATA & METHODS 

The sample consists of firms listed in the S&P 500 index for which complete 10-K filings 

and corresponding market data are available. Firm identifiers (ticker and CIK) are obtained from 

the SEC EDGAR index. We focus on the 2021 filing for each firm to align textual information 

with forward-looking market horizons. Textual data are collected from the Form 10-K annual 

report, specifically Item 7 (Management Discussion and Analysis), which contains forward-

looking strategic content (Azmi Shabestari & Romero, 2024; Cooper et al., 2022). 

To construct return-based variables, we use January 1, 2021, as the reference date. If the 

reference date is not a trading day, the nearest trading day within ±7 days is used. We retrieve 

prices for three pre-periods (1, 3, 5 years prior) and three post-periods (1, 3, 5 years after), which 

enables the construction of forward (dependent) and past (control) return measures. 

Item 7 text is extracted, converted to plain text, and tokenized using a standard natural-

language-processing pipeline: lowercase transformation, removal of non-alphabetical characters, 

stopword removal, lemmatization, and token filtering for length (≤2 characters removed). This 

ensures that the frequency distribution of tokens reflects semantically meaningful language. 

To measure AI-related disclosure, we construct a domain-specific lexicon from prior 

research on digital transformation and AI terminology (Bianchini et al., 2025; Damioli et al., 2025; 

Zeng et al., 2025). The lexicon includes AI-associated terms that appear in managerial discourse 

(e.g., “algorithm”, “neural”, “automation”, “predictive”, “machine learning”, “AI”, “analytics”, 

“data-driven”). The final AI lexicon consisted of 255 terms, which, when applied to the corpus, 

produced over 4.6 million tokens across 500 firm-level documents.  
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For each firm: 

𝐴𝐼_𝑟𝑎𝑡𝑒! =
𝐴𝐼	ℎ𝑖𝑡𝑠!

𝑡𝑜𝑡𝑎𝑙	𝑡𝑜𝑘𝑒𝑛𝑠!
 

We standardize this measure to obtain a comparable signal score: 

𝐴𝐼_𝑟𝑎𝑡𝑒_𝑧! =
𝐴𝐼	ℎ𝑖𝑡𝑠! − 𝜇_𝐴𝐼_𝑟𝑎𝑡𝑒)

𝜎(𝐴𝐼_𝑟𝑎𝑡𝑒)  

This variable represents the primary independent variable, capturing the intensity of AI-

related language. For each firm i, we compute forward-looking stock returns at 1-year, 3-year, and 

5-year horizons: 

𝑟𝑒𝑡"_$%&,! =
(𝑃!,()" − 𝑃!,()

𝑃!,(
	for	𝑘 ∈ {1, 3, 5}	years 

Similarly, control variables are constructed to capture past performance momentum: 

𝑟𝑒𝑡"_*+,(,! =
(𝑃!,( − 𝑃!,(-")

𝑃!,(-"
	for	𝑘 ∈ {1, 3, 5}	years 

To test the hypotheses, we estimate a cross-sectional linear regression for each time horizon: 

𝑟𝑒𝑡"_./0,! = 𝛽1 + 𝛽2𝐴𝐼_𝑟𝑎𝑡𝑒_𝑧! + 𝛽3𝑟𝑒𝑡24_*+,(,! + 𝛽5𝑟𝑒𝑡54_*+,(	,! + 𝛽7𝑟𝑒𝑡84_*+,(,! + 𝜖! 

The dependent variables are firms’ forward-looking stock returns, denoted as 𝑟𝑒𝑡"_$%&,!. 

The primary independent variable is 𝐴𝐼_𝑟𝑎𝑡𝑒_𝑧! , which captures the standardized intensity of AI-

related disclosure in firm 𝑖’s annual filing. To condition on prior performance, the models include 

historical stock returns, 𝑟𝑒𝑡"_*+,(,!, as control variables. The error term, 𝜖!, is assumed to have a 

mean of zero. 

A positive and significant β2 would support H1, indicating that AI language functions as a 

priced strategic signal. 
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4. RESULTS 

This section presents the empirical results of the regression models testing whether AI-

related language in Item 7 of 10-K filings predicts future stock performance. Table 1 reports the 

estimates for the effect of standardized AI disclosure intensity on one-year, three-year, and five-

year forward returns, controlling for prior performance over corresponding historical periods. 

The findings provide empirical evidence that AI-related disclosure does not function as an 

effective strategic signal in this setting. Although signaling theory suggests that AI claims may 

convey information about technological capability (Loughran & McDonald, 2011, 2020; Spence, 

1978), the absence of valuation response implies that investors do not interpret disclosure language 

alone as credible evidence of implementation or advantage. Put differently, markets may view AI 

discourse in 10-K filings as non-costly or easily imitated, limiting its informativeness as a signal. 

-------------------------------------- 

Insert Table 1 about here 

-------------------------------------- 

Prior studies consistently show that firms emphasizing AI adoption experience enhanced 

efficiency and profitability (Mishra et al., 2022), though such benefits depend on the technological 

readiness of their industry (Zeng et al., 2025). Effective AI integration requires complementary 

human, institutional, and social capabilities (Bianchini et al., 2025). More broadly, AI is emerging 

as a general-purpose technology driving a new wave of innovation and productivity growth 

(Damioli et al., 2025).  

Across all three models, the coefficient for AI_rate_z is negative, small in magnitude, and 

statistically insignificant. This pattern holds for all three forward horizons. These findings provide 
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no empirical support for H1 or sub-hypotheses H1a–H1c, which predicted a positive association 

between AI disclosure intensity and future returns. 

In contrast, several control variables show meaningful associations. Prior performance over 

longer horizons, particularly the five-year past return, is positively and significantly related to 

future performance in the five-year forward model. This indicates persistence or momentum 

effects in long-run valuation patterns, consistent with prior financial research. 

The absence of significant effects suggests that capital markets do not treat AI-related 

language in Item 7 disclosures as a priced strategic signal. This implies that investors may discount 

narrative claims of AI orientation unless accompanied by additional, verifying information. These 

findings contribute to signaling theory by indicating that AI language in 10-K filings does not 

currently meet the criteria of a credible signal as theorized by Spence (1973).  

5. DISCUSSION AND CONCLUSION 

This study examined whether AI-related language in the Management Discussion and 

Analysis (MD&A) section of 10-K filings functions as a credible strategic signal in capital 

markets. Drawing on signaling theory (Spence, 1973), we theorized that AI discourse could convey 

information about firms’ technological orientation that investors incorporate into future valuation. 

However, the empirical findings do not support this expectation: across one-, three-, and five-year 

horizons, the standardized AI disclosure variable does not predict forward stock returns, even after 

controlling for past performance. The coefficients on AI language intensity are small, negative, 

and statistically insignificant in all models. For managers, the findings highlight the limits of 

rhetorical positioning: merely increasing AI-related terminology in regulatory filings is unlikely to 

influence valuation. Firms seeking to communicate strategic transformation may need to pair 

linguistic signals with verifiable indicators to achieve credibility. Methodologically, this study 
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demonstrates the utility and limits of lexicon-based measurement in studying technology 

disclosure. However, the null findings also suggest that lexical proxies may under capture the 

qualitative context or semantic nuance required to differentiate symbolic from substantive 

technological communication. Future research may benefit from integrating lexicon-based 

approaches with semantic embeddings, sentence-level classification, or model-based validation 

using operational indicators. 

Several limitations suggest avenues for future inquiry. First, the analysis focuses on a single 

reporting year and does not capture how temporal shifts in disclosure affect market interpretation; 

longitudinal designs could determine whether persistent AI discourse alters credibility. Second, 

our approach treats AI disclosure as homogeneous; industry-level variation in adoption pathways 

may moderate its signaling value. Third, integrating alternative data sources, patents, insider 

trading, earnings calls, or capital expenditures, may help distinguish between firms that are 

experimenting with AI and those that are commercializing AI. 

In conclusion, the evidence suggests that AI-related language in 10-K filings does not serve 

as a priced strategic signal in capital markets. Although AI remains a central theme in strategic 

communication and corporate innovation narratives, investors appear to discount disclosure 

language without corroborating evidence of implementation. 
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TABLE 1 

Table 1. Regression Results: AI Disclosure and Future Stock Returns 
 

1 Year 
Forward 
Return 

3-Year 
Forward 
Return 

5 Year 
Forward 
Return 

AI_rate_z -0.008 -0.016 -0.011 
 

(0.014) (0.026) (0.058) 

1 Year Past Return -0.010 -0.191** -0.269+ 
 

(0.036) (0.069) (0.154) 

3 Year Past Return -0.010 -0.008 -0.117*** 
 

(0.008) (0.015) (0.033) 

5 Year Past Return 0.009 0.014 0.135*** 
 

(0.009) (0.016) (0.036) 

Num. Obs. 449 449 448 

R² 0.005 0.030 0.038 

R² (Adj.) -0.004 0.021 0.029 

 + p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001 

 

 

 


