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Abstract  

 

We examine whether public equity markets price AI safety risk and reward corporate AI 

governance. Using U.S. listed firms from 2015 to 2025, we construct textual measures that 

distinguish downside AI safety risk from general AI exposure, AI opportunity, and AI 

governance. AI safety-risk disclosure rises sharply after the generative-AI wave, while AI 

governance disclosure remains rare. We find limited evidence of a stable unconditional AI 

safety-risk premium. Instead, pricing is salience-dependent and event-driven. Firms with 

greater event-matched AI safety risk lose value around regulatory-strengthening events and 

gain value around regulatory reversals. In contrast, AI capability shocks trigger no 

comparable response. Repricing is strongest when AI harms are likely to become private 

costs and when PRI signatories or public pension funds are important shareholders. Concrete 

AI governance actions attenuate these market responses more than generic mitigation 

language. Overall, our results suggest that markets price emerging AI safety risks when they 

are financially material or socially salient.  
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 1. Introduction 

Artificial intelligence (AI) creates substantial private benefits, but it also entails 

downside risks that may be borne in part by customers, workers, and the public. AI safety risks 

include various potential harms from human misuse of AI and from AI system failures, such as 

deepfakes, biological or security misuse, privacy violations, and misaligned autonomous 

systems. Recent shareholder proposals and stewardship statements suggest that some investors 

increasingly view AI safety and AI governance as relevant to investment decision-making 

(Harvard Law School Forum on Corporate Governance, 2024, 2025; Norges Bank Investment 

Management, 2023; World Economic Forum, 2024). However, it remains unclear whether 

emerging investor concerns about AI safety are strong enough to affect market pricing. 

This paper asks whether public equity markets price AI safety risk and, if they do, 

whether AI governance attenuates that pricing. We define AI safety risk as a firm’s ex ante 

exposure to financial losses, operational disruptions, or reputational damage from the 

development, provision, or deployment of AI systems. We define AI governance as verifiable 

controls and organizational capacity to identify, mitigate, monitor, and respond to AI safety 

risk. Investors may price AI safety risk through two economic channels. Under the financial 

materiality channel, investors demand compensation for exposure to future AI-related private 

costs, including regulation, litigation, operational failure, and reputational damage. Under the 

social preference channel, some investors may dislike holding or financing firms that create or 

amplify AI-related social harms, even without immediate effects on firms’ cash flows. Both 

channels imply that firms with greater AI safety risk and weaker AI governance may have a 

higher expected-return premium or sharper repricing when AI risk becomes salient. We 

investigate financial materiality and investor social preference as two channels through which 

public equity markets may price firms’ ex ante AI safety risk. 

To answer this question, we study U.S. listed firms from 2015 to 2025 using SEC Form 

10-K filings, CRSP daily and monthly stock returns, Compustat financials, Thomson Reuters 

13F institutional ownership data, United Nations Principles for Responsible Investment (PRI) 

signatories, and hand-collected AI regulation, enforcement, governance, regulatory reversal, 

discourse salience, and capability placebo events. Using a transparent rule-based classification-
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then-count approach, we construct firm-year level measures of AI safety risk, AI governance, 

AI opportunity, and general AI exposure from annual report disclosures. We distinguish 

downside AI safety exposure from value-creating AI use, and we map the textual measures of 

corporate AI risk and governance to established AI risk frameworks, including the NIST AI 

Risk Management Framework and the EU AI Act. Besides using overall AI safety risk and AI 

governance, we match each AI safety shock category to the corresponding AI safety risk or 

governance categories based on their legal and economic mechanism.  

We first document that AI risk disclosure is sparse but rising sharply after the 

generative-AI wave. In our sample using 2018-2025 Item 1A filings, 10.7% of filings contain 

at least one AI-related risk-factor sentence, while only 1.0% contain AI governance or AI risk 

mitigation language in Item 1A. Item 1/Item 7 AI disclosure and AI opportunity disclosure are 

more common, appearing in 14.0% and 12.8% of filings, respectively, but specific AI 

governance actions appear in only 0.5% of filings. By 2025, the share of filings with any AI 

safety-risk disclosure exceeds 50%, with regulatory exposure, cyber/privacy risk, 

accuracy/reliability, and bias/ethics rising sharply. Firms rarely use frontier-safety language 

such as catastrophic misuse, loss of control, or existential safety. Instead, their AI risk 

disclosures are concentrated in business-related risk channels, including regulation, 

cyber/privacy, third-party dependence, model reliability, operational risk, and legal or 

reputational exposure. 

We find limited evidence that AI safety risk is priced as a stable, unconditional factor. 

Portfolio sorts show a value-weighted spread of 0.8% per month, significant at the 10% level, 

but equal-weighted portfolio returns are not monotonic in AI safety-risk intensity. Fama–

MacBeth regressions do not produce statistically significant coefficients on continuous AI 

safety risk. After the first AI regulatory event in July 2023, the event-matched AI safety risk 

dummy becomes positive and significant. Thus, the expected-return evidence is concentrated 

at the post-salience disclosure margin rather than appearing as a continuous expected-return 

premium. 

Our event-study evidence provides stronger support for salience-based repricing. In the 

main CAR[0,+5] specification, firms with matched AI safety risk experience negative 



3 

 

abnormal returns around regulatory-strengthening events, with a matched-risk coefficient of -

0.064, and positive abnormal returns around regulatory-reversal events, with a coefficient of 

0.131. Soft-governance events also generate a positive matched-risk coefficient of 0.138, 

consistent with the interpretation that governance frameworks and voluntary standards may 

reduce uncertainty or reward firms positioned to adopt credible governance tools. Discourse-

signal, enforcement-precedent, and capability-placebo events do not generate significant 

matched-risk effects in the main CAR[0,+5] window. The absence of comparable effects 

around capability-placebo events reduces the concern that these results simply reflect generic 

AI news.   

The governance evidence is more nuanced. The matched AI safety risk × matched AI 

governance interactions generally have the predicted attenuation signs in the main shock 

categories, but they are not statistically significant. When firms disclose AI safety risk in their 

own filings, the filing-window market response is smaller if the same filing also discloses a 

specific AI governance action in Item 1 or Item 7. The interaction between AI safety risk and 

specific Item 1/Item 7 AI governance action is negative and statistically significant in the full 

sample and the post-2020 sample. This suggests that investors distinguish concrete governance 

actions, such as AI governance committees, audits, or monitoring, from more generic 

mitigation language. 

For the financial materiality channel, the strongest evidence comes from AI harms for 

which safety concerns plausibly translate into private firm-level costs. We aggregate AI risk 

disclosures into direct and indirect financial-materiality tiers. Direct financial-materiality 

exposure, based on regulatory, cyber/privacy, accuracy/reliability, and third-party-dependence 

risk, is positively priced around regulatory-reversal and soft-governance events but is not 

significantly penalized around regulatory-strengthening events. Indirect financial-materiality 

exposure, based on bias/ethics risk, is negatively priced around regulatory-strengthening events, 

with a coefficient of -0.32, and positively priced around regulatory-reversal events, with a 

coefficient of 0.437. These results suggest that investors view bias, ethics, and discrimination-

related AI harms as financially material when regulation changes the likelihood that those 

harms become private firm-level costs.     
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We next test the social preference channel using investor clientele measures. Besides 

PRI signatory ownership, we use public pension fund ownership to proxy for the social 

preference of firms’ owners, as public pension funds are norm-constrained and tend to be more 

ESG-conscious than other types of institutional investors (Bolton et al., 2020). The interaction 

between AI safety risk and PRI ownership is negative and statistically significant across control 

sets. Public pension ownership produces a similar pattern. We find that firms with high AI 

safety risk and public pension ownership have more negative and significant return reactions 

to AI safety events, ranging from -0.205 to -0.144 across control sets. These pooled-event 

results indicate that high-AI-safety-risk firms have less favorable event-window responses 

when socially oriented investors are more important shareholders. These results suggest that 

socially oriented investor clienteles attenuate favorable repricing, or intensify adverse repricing 

for firms with high AI safety risk. 

Taken together, the findings show that AI safety risk is an emerging technological 

externality whose public market pricing is salience-dependent. We identify financial 

materiality and investor social preferences as two complementary channels through which AI 

safety risk affects asset prices. Capital markets appear able to discipline AI safety externalities, 

but primarily when harms become salient, financially material, or visible to socially oriented 

investor clienteles. We also show that investors respond more to concrete AI governance 

actions than to generic mitigation language. The paper contributes by showing when public 

markets can discipline AI safety externalities and by developing scalable firm-level measures 

of AI safety risk and AI governance. 

Our paper contributes to the literature on AI and economics. Existing studies show the 

effects of AI on innovation, productivity, employment, wages, industrial concentration, 

inequality, discrimination, and decision quality (Babina et al., 2024; Baily, Brynjolfsson, and 

Korinek, 2023; Cao et al., 2024; Carvalho, 2025; Fuster et al., 2022; Hui, Reshef, and Zhou, 

2024; Jia et al., 2024; Noy and Zhang, 2023). An emerging literature studies AI safety risk and 

the regulation of transformative AI. Acemoglu (2021) argues that unregulated AI may generate 

social, economic, and political harms. Jones (2024) shows the trade-offs between AI-driven 

growth and existential risk, and Jones (2025) studies the scale of socially desirable investment 
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in reducing catastrophic AI risk. Andrews and Farboodi (2025) examine bond-yield responses 

to major AI model releases and interpret them through growth, uncertainty, and extreme-

outcome channels. Gans (2025a) theorizes that socially minded investors cannot prevent unsafe 

artificial general intelligence (AGI) development because of the high cost of competing with 

for-profit firms. We contribute to this literature by providing firm-level evidence on whether 

public equity investors price AI safety risk and whether market prices create incentives for 

firms to internalize these risks. 

Our study also relates to the pricing and externalities of technological innovation. 

Innovation, technology shocks, and adoption frictions can affect firm valuation and expected 

returns (Gârleanu, Panageas, and Yu, 2012; Kogan and Papanikolaou, 2019; Lin, Palazzo, and 

Yang, 2020). Technological innovation can generate a wedge between private and social 

payoffs through knowledge spillovers, product-market externalities, and socially costly 

directions of technical change (Acemoglu, Aghion, Bursztyn, and Hémous, 2012; Bloom, 

Schankerman, and Van Reenen, 2013; Brown, Martinsson, and Thomann, 2022; Jones and 

Williams, 1998). Private incentives to develop and deploy frontier AI technologies may diverge 

from social welfare, potentially requiring stricter regulation, slower deployment, and 

mitigation investment (Acemoglu and Lensman, 2024; Gans, 2025b, 2025c; Guerreiro, Rebelo, 

and Teles, 2023; Jones, 2024, 2025). We examine whether financial markets price these AI 

safety risks, which could affect firm-level incentives to mitigate risks. 

 Our study contributes to the literature that uses textual methods to measure risk and 

various firm characteristics (e.g., Bodnaruk, Loughran, and McDonald, 2015; Cong et al., 2025; 

Florackis et al., 2023; Gentzkow, Kelly, and Taddy, 2019; Hassan et al., 2019; Hoberg and 

Phillips, 2016; Sautner et al., 2023). Media and disclosure language contain price-relevant 

information (Loughran and McDonald, 2011; Manela and Moreira, 2017; Tetlock, 2007). Risk-

factor disclosures contain information about firm risk and investors’ risk perceptions that 

standard multifactor models do not fully capture (Campbell et al., 2014; Lopez-Lira, 2023). We 

extend this literature by constructing textual measures of AI safety risk and AI governance, 

separating downside safety exposure and governance actions from general AI exposure and AI 

opportunity.    
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 The remainder of the paper proceeds as follows. Section 2 presents the background and 

hypotheses. Section 3 describes the data and empirical strategy. Section 4 reports the main test 

results and discussions. Section 5 reports the economic channel test results and discussions. 

Section 6 presents the robustness checks. Section 7 concludes. 

 

2. Background and hypothesis development 

The AI safety literature emphasizes that AI-related harms can arise from both human 

misuse and poorly controlled or misaligned systems (Bucknall and Dori-Hacohen, 2022; 

Carlsmith, 2022; Hendrycks, Mazeika, and Woodside, 2023; Sandbrink, 2023; Urbina et al., 

2022). These risks are not limited to frontier model developers. Downstream firms can also 

create or amplify AI-related harms through procurement choices, human misuse in high-stakes 

deployment, poor data governance, weak monitoring, insufficient access controls, and 

inadequate incident response. We define AI safety risk as a firm’s ex ante exposure to financial 

losses, operational disruptions, or reputational damage from the development, provision, or 

deployment of AI systems. Given the potential scale and diffusion of these harms, recent work 

emphasizes the need for greater investment in AI safety and governance (Acemoglu and 

Lensman, 2024; Bullock et al., 2024; Growiec and Prettner, 2025; Jones, 2025; Future of Life 

Institute, 2023). 

AI safety risk is a technological externality. Firms capture the private benefits of rapid 

AI development and deployment, while imposing potential harms on customers, workers, third 

parties, public institutions, or society. Incomplete regulation and weak governance incentives 

can lead firms to underinvest in safeguards when developing or using AI relative to the socially 

efficient level. Free-riding is especially likely when AI-related harms are diffuse, delayed, and 

difficult to attribute, such as harms caused by interactions among developers, vendors, 

deployers, and users. If investors expect external AI harms to become private financial costs, 

then capital market pricing can incentivize firms to invest in AI governance. 

Recent AI-related stewardship activity suggests that some investors increasingly view AI 

oversight as relevant to governance and investment decision-making. For example, Apple and 

Netflix shareholder proposals requesting transparency reports on AI use received 37.5% and 
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43.3% support, respectively, in 2024, measured as support among votes cast (Harvard Law 

School Forum on Corporate Governance, 2024, 2025). Investor-specific stewardship materials 

point in the same direction. Norges Bank Investment Management’s responsible-AI 

expectations emphasize board accountability, transparency, and explainability, as well as robust 

risk-management processes covering privacy, security, nondiscrimination, and human 

oversight and control. These developments suggest that AI safety concerns affect investor 

demand.    

AI safety risk can matter for firm valuation in two ways. First, if AI safety risk is a priced 

cash-flow or discount-rate risk, investors should require compensation for holding firms 

exposed to that risk. This prediction is strongest when AI safety risk is systematic, correlated 

across firms, or likely to materialize in states of the world that investors particularly dislike. 

We hypothesize that firms with greater ex ante AI safety risk earn higher subsequent expected 

returns. Second, even if AI safety risk is difficult to price continuously, markets may reprice it 

sharply when it becomes salient. AI safety salience events include regulatory announcements, 

enforcement actions, governance frameworks, deregulation, and public discourse that heighten 

attention to AI safety. As salient states attract more attention (Bordalo, Gennaioli, and Shleifer, 

2013), investors may update their pricing when a salient AI safety event reveals that AI harms 

are more likely to generate private costs or affect social welfare. Previous studies also suggest 

that markets may begin pricing a new externality more strongly after policy attention, 

disclosure salience, litigation risk, or public concern increases (Bolton and Kacperczyk, 2021; 

Garel et al., 2024; Hartzmark and Sussman, 2019; Hsu, Li, and Tsou, 2023).    

AI governance can attenuate the pricing of AI safety risk. We define AI governance as 

verifiable controls and organizational capacity to identify, mitigate, monitor, and respond to AI 

safety risk. These controls and capacities are designed to reduce the probability or severity of 

harmful AI outcomes. In practice, AI governance includes risk identification, technical 

safeguards such as model evaluation, red teaming, and access controls, organizational 

accountability such as compliance processes and board oversight, and lifecycle monitoring. A 

firm that invests in these capabilities may reduce the likelihood of harmful AI outcomes, limit 

their severity when they occur, improve detection and attribution, and lower expected financial, 
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operational, legal, or reputational costs from AI safety issues. Thus, AI governance may reduce 

the extent to which investors price AI safety risk. 

As a type of social externality, AI safety risk is conceptually related to broader ESG risk.   

In the framework of Pedersen, Fitzgibbons, and Pomorski (2021), ESG characteristics can 

affect prices either because they contain information about firm fundamentals or because 

investors have direct preferences over environmental or social characteristics. Under the 

financial materiality channel, ESG-related characteristics or exposures affect expected cash 

flows, risk, or required returns when environmental or social externalities are expected to 

become private firm-level costs. Previous studies on environmental risks suggest that markets 

price externalities most strongly when harms are salient and likely to affect firm value (Bolton 

and Kacperczyk, 2021; Hsu, Li, and Tsou, 2023; Garel et al., 2024). Under the social-

preference channel, ESG characteristics affect investor demand because some investors derive 

utility or disutility from holding firms with particular environmental or social profiles, even 

absent immediate cash-flow consequences. Consistent with this framework, AI-enabled harms 

can be both financially material and socially salient. 

Under the financial channel, investors demand compensation for exposure to future 

private costs associated with AI-enabled harms. Regulation and litigation can convert socially 

diffused AI safety harms into firms’ internal costs. For example, AI-practice violations under 

the EU AI Act may be subject to fines of up to €35 million or 7% of total worldwide annual 

revenue. Litigation and enforcement can impose fines, settlements, legal expenses, injunctions, 

and remediation obligations. Besides regulatory and legal channels, firms may internalize AI 

safety costs via operational and cybersecurity channels, including model failure, data 

exfiltration, fraud, and system disruption, as well as market-access channels, including 

reputational damage, customer distrust, and insurance repricing. We therefore expect AI safety 

pricing to be stronger for firms whose AI risks are more financially material, such as for firms 

with greater exposure to AI regulation and litigation. Adverse regulatory or enforcement shocks 

should penalize high-risk firms more when these internalization mechanisms are strong. 

Deregulatory or regulatory-relief events should have the opposite sign if they reduce expected 

compliance, litigation, or remediation costs. 
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 A second channel is investor demand driven by social preference. Under the social 

preference channel, some investors dislike holding or financing firms that create, enable, or 

amplify AI-enabled social harms, even when those harms do not immediately affect cash flows. 

Hartzmark and Sussman (2019) show that shocks to the salience of sustainability information 

can shift investor demand. In our setting, salient AI safety events may cause socially 

responsible investors to underweight high-risk AI firms or demand stronger AI governance.  

The two channels are not mutually exclusive, as the same AI-enabled harm may be 

priced partly because investors expect future private costs and partly because some investors 

have preferences over social harms. Both channels imply that firms with greater AI safety risk 

may face sharper negative repricing when AI safety risk becomes more salient. They may also 

exhibit higher subsequent expected returns if AI safety risk is a compensated exposure or if 

persistent investor underweighting lowers current prices.  

AI governance matters under both pricing channels. Effective AI governance reduces 

the probability or severity of AI failures. Under the financial materiality channel, stronger 

governance can reduce expected financial losses from potential litigation, regulatory 

enforcement, and reputational damage that are caused by AI safety issues. Under the social 

preference channel, stronger governance may make AI-intensive firms more acceptable to 

investors who care about safety, accountability, stewardship, and social harm. Thus, investors 

may require a smaller risk premium from high-risk firms with stronger governance, react less 

negatively to them around adverse AI safety events, or positively reprice credible governance 

disclosure when it becomes public. 

Based on the analysis above, we develop four hypotheses. H1 tests whether capital 

markets price AI safety risk, and H2 tests whether AI governance attenuates that pricing. H3 

and H4 distinguish the financial and social-preference channels. 

H1a (AI safety risk premium). Firms with higher ex ante AI safety risk earn higher 

subsequent expected stock returns, controlling for standard return predictors and other 

characteristics. 
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H1b (AI safety salience-event repricing). Around AI safety regulation tightening, 

enforcement, or realized-harm events, firms with higher ex ante AI safety risk experience more 

negative abnormal returns. Around AI safety deregulation events, the predicted sign reverses. 

H2 (AI governance attenuation). Conditional on AI safety risk, firms with stronger AI 

governance have a smaller AI safety risk premium and a smaller reaction to AI safety salience 

events. 

H3 (Financial materiality channel). The AI safety risk premium and AI safety salience-

event repricing effects are stronger when AI-enabled harms are more likely to generate material 

private costs, such as for firms with greater exposure to AI regulation or litigation. 

H4 (Social preference channel). The AI safety risk premium and salience-event 

repricing effects are stronger when socially oriented investors are more important marginal 

shareholders, especially for AI harms with salient social externalities but weaker immediate 

financial materiality. 

Together, these hypotheses examine whether capital markets can discipline an emerging 

technological externality before public regulation is complete by pricing in AI safety risk.   

 

3. Data and Empirical Strategy 

3.1. Data and sample construction 

Our sample consists of U.S. listed firms from 2015 to 2025. We combine SEC EDGAR 

Form 10-K filings with CRSP daily and monthly stock returns, Compustat financials, Thomson 

Reuters 13F/s34 institutional ownership data, and PRI-matched institutional ownership. We 

also hand-collect AI safety events in seven categories: regulatory strengthening, enforcement 

precedent, regulatory reversal, soft governance, discourse signals, and capability placebo. For 

PRI ownership, we match institutional managers to the PRI signatory directory and measure 

each firm’s pre-event ownership by PRI-matched 13F managers. 

Among SEC 10-K filings, 58,536 filings have a parseable Item 1A section, and we 

match the dates in 55,932 reports to EDGAR filing dates. The matched shock-category event-

study sample contains 23 AI-related events organized into six shock categories, yielding 81,561 

firm-event observations and 4,087 unique firms.    
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3.2. Variables 

We construct date-stamped firm-level measures of AI safety risk, AI governance, AI 

opportunity, and AI exposure from firms’ Form 10-K disclosures. AI exposure captures the 

extent to which a firm develops, supplies, adopts, or depends on AI. AI safety risk captures 

exposure to potential AI-enabled harms. AI governance captures verifiable controls and 

organizational capacity that may reduce the probability or severity of AI safety issues. AI 

opportunity captures value-creating AI uses, including AI product development, 

commercialization, productivity gains, and customer adoption. We use 10-K Item 1A (Risk 

Factors) text to measure disclosed AI safety risk and AI governance, and we use Item 1 

(Business) and Item 7 (MD&A) text to measure AI business opportunities and specific AI 

governance actions.  

Appendix B describes our text extraction and measure construction details. Rather than 

scoring filings directly, we first use a deterministic, rule-based classification-then-count 

procedure, following Kim, Muhn, and Nikolaev (2023) and Hassan et al. (2019). We collect 

10-K filings from SEC EDGAR, strip HTML markup, normalize Unicode and whitespace, and 

extract Item 1A, Item 1, and Item 7 using standard item headers. We treat a section as missing 

if it contains fewer than 500 usable characters. We then segment each section into sentences 

and flag a sentence as AI-related if it contains an explicit AI term, a named AI model or 

developer, or a standalone “AI” token used in an AI-specific context. To reduce false positives, 

the parser excludes unrelated uses, such as “LLM” as a legal degree and “AI” embedded in 

unrelated words. 

After the AI-relevance screen, we classify flagged sentences using fixed term 

dictionaries aligned with the NIST AI Risk Management Framework and the EU AI Act. We 

construct the final measures by aggregating classified sentence counts into filing-level 

variables. Continuous text-intensity variables equal the number of sentences in the relevant AI 

category divided by the total number of sentences in the corresponding filing section. The 

corresponding dummy variables equal one if at least one sentence in the section is classified 

into that category. Because all measures are scaled by section length, they are comparable 
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across filings with different disclosure lengths. We then map these filing-level variables into 

the event-study, filing-window, and monthly return panels using only information available 

before the relevant return window. 

 

3.2.1. AI safety risk  

AI safety risk sentences contain risk or harm language realted to AI. Our baseline text-

based measure of AI safety risk is AI risk-factor text. For firm 𝑖 and filing 𝑑, we define 

𝐴𝐼𝑅𝑖𝑠𝑘𝑇𝑒𝑥𝑡𝑖𝑑 =
Number of Item 1A sentences classified as AI-related risk

Number of sentences in Item 1A
. 

This measure captures the intensity of AI-related risk disclosure in the firm’s risk-factor 

section. We also define AI risk disclosure as an indicator that equals one if the firm includes at 

least one AI-related risk sentence in Item 1A, and zero otherwise.  

We refer to the NIST AI Risk Management Framework (National Institute of Standards 

and Technology, 2023) and the EU AI Act for the AI safety risk taxonomy. The taxonomy 

covers AI model unreliability, unsafe automation, AI misuse risk, privacy and security failures 

from AI, discriminatory risk from AI, dependence on third-party AI models or infrastructure, 

weak monitoring, inadequate control or incident response, catastrophic misuse, loss of control, 

and broader systemic or existential safety concerns.  

 

3.2.2. AI governance   

Empirically, we define credible AI governance as disclosure of concrete, verifiable 

controls and organizational capacities that address AI safety risk, including model evaluation, 

red teaming, access controls, data governance, privacy and security engineering, monitoring, 

incident response, accountability, compliance, vendor oversight, and board or executive 

oversight.  

We measure AI governance disclosure in two ways. First, in Item 1A, we define AI 

governance/mitigation as an indicator that is equal to one if the firm’s risk-factor section 

discusses an AI governance, oversight, or mitigation action, such as board oversight, a 

dedicated risk committee, internal AI policies, monitoring, controls, or other risk-mitigation 

procedures. This variable captures whether the firm pairs AI risk disclosure with disclosed 
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governance or mitigation capacity. Second, in Item 1 and Item 7, we define Specific Item 1/7 

AI governance action as an indicator equal to one if the firm describes a concrete AI governance 

action in its business or MD&A disclosure, such as an AI committee, policy, audit process, 

monitoring system, or formal governance procedure.   

 

3.2.3. AI exposure and AI opportunity 

To separate AI risk from general AI exposure or AI-related profit potential, we construct 

AI exposure and AI opportunities measures. We extract text from Item 1 and Item 7 and classify 

AI-related passages that discuss AI product development, investment, customer adoption of AI 

products or services, revenue growth from AI, productivity gains from AI, AI 

commercialization benefits, and other AI-related opportunities. 

We define AI upside/opportunity as an indicator equal to one if Item 1 or Item 7 describes 

AI as a business opportunity, growth driver, product capability, productivity tool, 

commercialization strategy, or core technological asset. This variable separates value-creating 

AI uses from downside AI safety risk. For AI exposure, we define AI share of Business/MD&A 

as the share of Item 1 and Item 7 sentences that discuss AI, which captures the overall intensity 

of AI-related business disclosure outside the risk-factor section. In addition, we define High 

AI exposure as an indicator equal to one if the firm is in the top quartile of combined AI risk 

and AI upside text intensity.  

The detailed definitions of all variables are reported in Appendix Table A1. 

 

3.2.4. Control Variables 

 We control for systematic risk exposures and firm characteristics commonly used in 

empirical asset pricing, including market beta, size measured as log market capitalization, 

book-to-market, momentum, operating profitability, investment, and liquidity. The firm-level 

characteristics are associated with the Fama–French five-factor framework and Carhart 

momentum (Fama and French, 1992, 1996, 2004, 2015; Carhart, 1997; Fama, 2014). We also 

control for log price, idiosyncratic volatility, log turnover, and log Amihud illiquidity.   



14 

 

In our economic channel tests, we additionally include relevant controls such as total 13F 

institutional ownership and AI exposure where appropriate. 

 

3.3. Empirical tests  

This section tests whether capital markets price AI safety risk and whether AI governance 

attenuates that pricing. H1 has two implications. First, if AI safety risk is a compensated 

exposure, firms with greater ex ante AI safety risk should earn higher subsequent expected 

returns. Second, if AI safety risk is priced when it becomes salient, firms with greater ex ante 

AI safety risk should experience more negative abnormal returns around adverse AI safety, 

regulatory, enforcement, or realized-harm shocks, and more positive abnormal returns around 

deregulatory or regulatory-relief shocks. H2 predicts that stronger AI governance weakens both 

effects, so that high-risk firms with stronger governance should have a smaller AI safety-risk 

premium and a smaller event-window repricing response. 

We measure AI safety risk and AI governance before the return, event, or filing-window 

outcome. We use 𝑆𝑖,𝑡 to denote firm 𝑖’s ex ante AI safety-risk exposure, measured primarily 

from Item 1A AI risk-factor text. We use 𝐺𝑖,𝑡 to denote AI governance and 𝐴𝑖,𝑡 to denote 

non-safety AI controls, including general AI exposure, AI opportunity, and generic AI-related 

business risk when they are included in a specification. We use 𝑋𝑖,𝑡 to denote standard return 

and firm controls. 

 

3.3.1 AI risk premium  

We first test H1a using monthly portfolio sorts and Fama–MacBeth regressions. Because 

AI risk-factor disclosure is sparse and many firms have no AI risk text, the portfolio tests 

separate firms with zero AI risk disclosure from firms with positive AI risk disclosure. In each 

month, we form a zero-disclosure portfolio and quartile portfolios among positive AI risk 

disclosers. We report equal-weighted mean monthly returns for each portfolio and the value-

weighted return spread between the highest positive-disclosure quartile and the zero-disclosure 

portfolio.   

We then estimate monthly cross-sectional return regressions: 
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𝑅𝑖,𝑚+1 = 𝛼𝑚 + 𝜇𝑠(𝑖),𝑚 + 𝛽1,𝑚𝑆𝑖,𝑚 + 𝛽2,𝑚𝐺𝑖,𝑚 + 𝛽3,𝑚(𝑆𝑖,𝑚 × 𝐺𝑖,𝑚)

+Λ𝑚
′ 𝐴𝑖,𝑚 + Γ𝑚

′ 𝑋𝑖,𝑚 + 𝜀𝑖,𝑚+1                                         (1)
 

In Equation (1), 𝑅𝑖,𝑚+1 is firm 𝑖 ’s one-month-ahead monthly stock return. 𝜇𝑠(𝑖),𝑚 

denotes sector controls within month 𝑚. We estimate Equation (1) using monthly Fama–

MacBeth regressions and report the time-series average of the monthly slope coefficients, with 

Newey–West standard errors using six lags. 

H1a predicts 𝛽̄1 > 0 , or that firms with greater ex ante AI safety risk earn higher 

subsequent returns if AI safety risk is a compensated exposure. H2 predicts 𝛽̄3 < 0, or that 

stronger AI governance conditional on AI safety risk should reduce the AI safety-risk premium. 

The marginal expected-return premium associated with AI safety risk is 
∂𝑅𝑖,𝑚+1

𝑒

∂𝑆𝑖,𝑚
= 𝛽1,𝑚 +

𝛽3,𝑚𝐺𝑖,𝑚. 

 

3.3.2 AI safety salience event repricing 

We next test H1b by examining whether AI safety risk is repriced when AI safety, 

regulation, enforcement, governance, regulatory reversal, or public discourse becomes salient. 

We classify AI safety salience events into six AI safety shock categories: regulatory 

strengthening, regulatory reversal, soft governance, discourse signals, enforcement precedent, 

and capability placebo. Regulatory-strengthening events, such as the EU AI Act milestones, 

Colorado AI Act, CA SB1047 passage, and Executive Order 14110, are adverse shocks because 

they increase expected compliance, litigation, remediation, reputational, or operational costs 

for firms exposed to the matched AI harm. Regulatory-reversal events are relief shocks because 

they reduce expected regulatory or compliance burdens. Enforcement-precedent events are 

adverse when they reveal litigation or enforcement costs for specific AI harms. Soft-

governance events provide governance tools or standards without imposing direct penalties. 

Discourse-signal events raise attention to AI safety without an actionable compliance 

obligation. Capability-placebo events capture broad AI capability or commercialization news 

rather than safety or regulatory cost shocks. 

For example, Executive Order 14110 is a regulatory-strengthening shock. It was signed 

on October 30, 2023, and later rescinded on January 20, 2025, which we classify as a 
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regulatory-reversal event. The EU AI Act enters the event set through the December 8, 2023 

political agreement and later staged implementation milestones, including prohibited practices 

from February 2, 2025, the EU GPAI Code on July 10, 2025, and GPAI obligations on August 

4, 2025. In contrast, discourse-signal events increase public attention to AI safety without 

directly imposing a binding compliance cost. An example is the first global AI Safety Summit 

hosted by the UK at Bletchley Park in November 2023, which resulted in the Bletchley 

Declaration, an agreement among 28 countries to collaborate on AI safety.    

Besides linking each event to overall AI safety risk, we also match each shock category 

to the AI safety-risk categories most directly implicated by the event’s legal and economic 

mechanism. This matching uses the AI safety-risk taxonomy described in Appendix B and the 

family-to-sub-category mapping summarized in Table 2.For example, we link regulatory and 

cyber/privacy risk to AI-regulation events, bias/ethics risk to discrimination-enforcement 

events, and accuracy/reliability and third-party-dependence risk to model-failure or vendor 

events.  

We implement this matching procedure in three steps. First, we classify Item 1A AI risk-

factor language into the following sub-categories: regulatory exposure, cyber/privacy exposure, 

bias/ethics, accuracy/reliability, competition, IP/legal risk, third-party dependence, operational 

risk, catastrophic misuse, loss-of-control, and existential safety. Second, we aggregate these 

subcategories into six matching buckets: output reliability, privacy/cyber, discrimination/rights, 

third-party dependence, frontier/systemic risk, and regulatory internalization. For firm i, filing 

d, and AI safety-risk bucket k, we compute bucket-level text intensity as the share of Item 1A 

risk-factor sentences classified into bucket k: 𝐴𝐼𝑅𝑖𝑠𝑘𝑇𝑒𝑥𝑡𝑖𝑑𝑘 =

Number of Item 1A sentences classified into bucket 𝑘

Number of sentences in Item 1A
. Third, based on the legal and economic mechanism, we 

assign each event shock category c to the subset of buckets it directly implicates, denoted as 

M(c). For example, we map a hiring discrimination enforcement action only to the 

discrimination/rights bucket, whereas we map a broad federal AI order to five buckets. We 

define a firm’s Matched AI Safety Risk for each shock category as the sum of its text intensities 

across the relevant buckets, using the most recent 10-K filed before the event: 
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𝑀𝑎𝑡𝑐ℎ𝑒𝑑𝐴𝐼_𝑆𝑎𝑓𝑒𝑡𝑦𝑅𝑖𝑠𝑘𝑖𝑑𝑐 = ∑ 𝐴𝐼𝑅𝑖𝑠𝑘𝑇𝑒𝑥𝑡𝑖𝑑𝑘𝑘∈𝑀(𝑐) . We construct Matched AI 

Governance analogously. 

Table 2 summarizes the shock-category taxonomy that underlies the matched event-study 

design. We expect regulatory-strengthening events to generate negative matched-risk 

coefficients because they increase the likelihood that AI-related harms become legally or 

financially internalized. Regulatory-reversal events are predicted to have the opposite sign 

because they reduce expected compliance or regulatory burdens for firms with high levels of 

relevant AI safety risk. We expect soft governance events to have weakly nonnegative effects 

because they provide governance tools or standards that firms can adopt, rather than imposing 

direct penalties. Discourse signals have no clear directional prediction because they increase 

attention to AI safety without creating an actionable compliance obligation. We expect 

enforcement precedent events to have negative effects when they reveal litigation or 

enforcement costs for specific AI harms, while we use the ChatGPT release as an AI capability 

placebo because it is not a safety or regulatory shock. 

[Insert Table 2 here] 

Appendix Table A2 reports the full event list, including event dates, shock-category 

assignments, predicted signs, firm counts, matched-risk treatment rates, and matched-

governance rates. The table shows that matched AI safety-risk disclosure rises sharply over 

time.  

For each event 𝑒 , we compute firm-level cumulative abnormal returns over short 

trading-day windows, including [−1, +5], [0, +5], and [0, +10]. The baseline abnormal 

return is market-adjusted.  

We estimate the following event-stacked cross-sectional regression separately by shock 

category: 

𝐶𝐴𝑅𝑖,𝑒

[𝑎,𝑏]
= 𝛼𝑒 + 𝜇𝑠(𝑖) + 𝜋1𝑆

𝑖,𝑒

𝑀(𝑒)
+ 𝜋2𝐺

𝑖,𝑒

𝑀(𝑒)
+ 𝜋3 (𝑆

𝑖,𝑒

𝑀(𝑒)
× 𝐺

𝑖,𝑒

𝑀(𝑒)
)

+Λ′𝐴𝑖,𝑒 + Γ′𝑋𝑖,𝑒 + 𝜀𝑖,𝑒                                                (2)
 

In Equation (2), 𝐶𝐴𝑅𝑖,𝑒
[a,b]

 is firm 𝑖 ’s cumulative market-adjusted abnormal return 

around event 𝑒  over event window [a, b]. 𝑆
𝑖,𝑒

𝑀(𝑒)
 denotes firm 𝑖 ’s AI safety risk in the 
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categories matched to event 𝑒, measured before the event. 𝐺
𝑖,𝑒

𝑀(𝑒)
 denotes the corresponding 

matched AI governance. Event fixed effects 𝛼𝑒 absorb market-wide event effects, and 𝜇𝑠(𝑖)    

denotes GICS sector fixed effects, which absorb persistent industry differences. The vector 

𝑋𝑖,𝑒    contains pre-event market controls, including size, price, momentum, beta, idiosyncratic 

volatility, turnover, and Amihud illiquidity. We cluster standard errors by firm.  

For adverse events, especially regulatory strengthening and enforcement precedent, H1b 

predicts 𝜋1 < 0. For regulatory-reversal events, H1b predicts 𝜋1 > 0 because firms with 

greater matched AI safety risk should benefit when expected regulatory or compliance burdens 

decline. H2 predicts that governance attenuates these effects,so 𝜋3 should have the opposite 

sign from 𝜋1 within a given shock category. 

 

3.3.3 AI Governance Mitigation 

To test H2 using event studies, we include matched AI governance and the interaction 

between matched AI safety risk and matched AI governance in the shock-category regressions. 

Matched AI governance captures governance or mitigation language that addresses the same 

AI harm categories implicated by the event. If governance reduces the expected probability or 

severity of AI safety failures, the interaction should attenuate the matched-risk level effect. For 

regulatory-strengthening and enforcement-precedent events, this implies a positive interaction 

coefficient. For regulatory-reversal events, this implies a negative interaction coefficient, 

because better-governed firms should benefit less from relief if governance has already reduced 

their effective risk exposure. 

We also examine whether investors react when firms disclose AI safety risk and AI 

governance in their own 10-K filings. These tests provide a disclosure-timing complement to 

H2. If governance credibly reduces AI safety risk, then the market response to AI risk 

disclosure should be smaller when the same filing also contains credible governance disclosure 

or specific governance actions. 

For each 10-K filing date 𝑓 , we compute the firm’s filing-window abnormal return 

𝐶𝐴𝑅𝑖,𝑓
[0,+5]

 and estimate: 
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𝐶𝐴𝑅𝑖,𝑓
[0,+5]

= 𝛼𝑡(𝑓) + μ𝑠(𝑖) + 𝜌1𝑆𝑖,𝑓 + 𝜌2𝐺𝑖,𝑓
1𝐴 + 𝜌3(𝑆𝑖,𝑓 × 𝐺𝑖,𝑓

1𝐴)

+𝜌4𝐺𝑖,𝑓
𝐴𝑐𝑡 + 𝜌5(𝑆𝑖,𝑓 × 𝐺𝑖,𝑓

𝐴𝑐𝑡) + Λ′𝐴𝑖,𝑓 + Γ′𝑋𝑖,𝑓 + 𝜀𝑖,𝑓

 (3) 

In Equation (3), 𝐶𝐴𝑅𝑖,𝑓
[0,+5]

 is firm i’s cumulative market-adjusted abnormal return over 

the five trading days after filing f. 𝑆𝑖,𝑓 is the AI safety-risk text disclosed in the filing, 𝐺𝑖,𝑓
1𝐴 is 

Item 1A governance or mitigation disclosure, and 𝐺𝑖,𝑓
𝐴𝑐𝑡 is a specific AI governance action 

disclosed in Item 1 or Item 7, such as an AI policy, committee, audit, monitoring process, or 

oversight mechanism. The fixed effect 𝛼𝑡(𝑓)  denotes filing-month fixed effects, and μ𝑠(𝑖) 

denotes GICS sector fixed effects. The control vector 𝐴𝑖,𝑓 contains non −

safety AI controls,  and 𝑋𝑖,f uses monthly pre-filing analogues of the market controls in our 

previous tests. We double-cluster standard errors by firm and event month. The key coefficients 

are those of the interaction terms, or 𝜌3 and 𝜌5. If AI safety-risk disclosure is priced as a 

positive risk premium in filing-window returns, H2 predicts negative interaction term 

coefficients. If AI safety-risk disclosure is priced as bad news in a given specification, H2 

predicts positive interaction term coefficients. In either case, the governance interaction should 

reduce the magnitude of the market response to AI safety risk. 

These tests map directly to H1 and H2. The portfolio and Fama–MacBeth tests examine 

whether AI safety risk earns a higher expected return, as predicted by H1a. The matched event-

study tests examine whether AI safety risk is repriced when regulation, enforcement, 

governance, or public discourse makes AI harms salient, as predicted by H1b. The event-

window and filing-window governance interactions examine whether governance attenuates 

the pricing of AI safety risk, as predicted by H2. 

 

4. Main Test Results and Discussions 

4.1 Descriptive statistics   

  Table 1 reports the sample composition and distribution of the AI text measures. The 

filing sample contains 78,015 10-K filings from 2015 to 2025, of which 58,536 have a valid 

Item 1A risk-factor section. The Item 1A sample covers 10,921 unique firms. The matched 
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event-study sample contains 23 AI-related events, 81,561 firm-event observations, and 4,087 

unique firms. The CAR[0,+5] event-study sample contains 81,495 firm-event observations. 

[Insert Table 1 here] 

Appendix Table A4 reports text extraction and SEC filing date match quality statistics. 

The overall Item 1A-to-EDGAR match rate is 99.7%, supporting the validity of both the filing-

window and event-window designs and reducing the concern that the results are driven by 

uneven text extraction or filing-date availability across years. 

AI risk-factor disclosure is economically meaningful but still sparse. In the 2018–2025 

filing-year sample, the mean share of Item 1A text devoted to AI safety risk is 0.004, while the 

25th percentile, median, and 75th percentile are all zero. The AI safety-risk disclosure dummy 

has a mean of 0.107, indicating that 10.7% of filings contain at least one AI-related risk-factor 

sentence. The more common sub-categories include operational risk, regulatory exposure, 

cyber/privacy risk, third-party dependence, competition, IP/legal risk, accuracy/reliability, and 

bias/ethics. Catastrophic misuse, loss-of-control, and existential-safety disclosures are almost 

absent. 

This distribution shows that public firms do not generally describe AI safety risk in the 

frontier-safety language emphasized in the AI safety literature. Instead, they disclose AI risk 

through channels that are closer to financial materiality, such as regulation, privacy, 

cybersecurity, model reliability, third-party dependence, operational disruption, and legal or 

reputational exposure. 

AI governance disclosure is rarer than AI risk disclosure. Item 1A AI governance or 

mitigation language appears in only 1.0% of filings, and specific AI governance actions 

disclosed in Item 1 or Item 7 appear in only 0.5% of filings. By comparison, general AI 

disclosure and AI opportunity disclosure appear in 14% and 12.8% of filings, respectively. 

This gap suggests that firms are increasingly willing to discuss AI as a business opportunity or 

risk exposure, but only a small subset discloses concrete AI oversight structures, policies, 

audits, committees, or monitoring processes. 

Figures 1 and 2 show that AI risk disclosure rises sharply over time and becomes more 

intensive after the generative-AI wave. Figure 1 documents the annual increase in the share of 
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filings with any AI safety risk disclosure and decomposes the increase into major risk 

categories. By 2025, AI safety risk disclosure exceeds 50% of filings, with regulatory exposure 

and cyber/privacy among the largest categories and accuracy/reliability and bias/ethics also 

rising.  

[Insert Figure 1 here] 

Figure 2 shows the corresponding cross-sectional distribution from 2018 through 2025. 

The mass at zero falls over time, and a right tail of more intensive AI disclosure emerges after 

the generative-AI wave. 

[Insert Figure 2 here] 

Figure 3 extends the disclosure-trend evidence to the matched event-study sample. Each 

point reports the matched-risk treatment rate for one of the 23 AI-related events, defined as the 

share of firms in the CAR[0,+5] event-window panel whose pre-event Item 1A risk factors 

discuss the AI harm category matched to that event’s shock category. The figure shows that 

matched treatment is sparse in the earliest events but rises sharply through 2024 and 2025 as 

firms increasingly add AI risk-factor language to their 10-K disclosures. For example, the 

treatment rate rises from low single digits for early 2023 events to more than 30% for several 

2025 events, and the later EU GPAI events reach 46.4%. These trends support the empirical 

design of separating zero-disclosure firms from positive disclosers and using event fixed effects 

and matched risk categories to avoid conflating AI risk repricing with the mechanical growth 

of AI disclosure over time. 

[Insert Figure 3 here] 

 

4.2. AI risk premium  

Table 3 reports the monthly portfolio-sort results. The equal-weighted zero-disclosure 

portfolio earns an average monthly return of 0.764%. Among positive AI safety risk disclosers, 

the four equal-weighted quartile portfolios earn 0.57%, 1.412%, 1.23%, and 0.548%, 

respectively. The equal-weighted returns therefore do not show a monotonic increase from low 

to high AI safety-risk intensity. The value-weighted spread between the highest positive-

disclosure quartile and the zero-disclosure portfolio is 0.799% per month and is significant at 
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the 10% level. This provides some evidence of compensation among larger high-AI-risk 

disclosers, but the non-monotonic equal-weighted pattern suggests that AI safety risk is not yet 

a stable unconditional return factor. 

[Insert Table 3 here] 

We report Fama–MacBeth regressions using one-month-ahead monthly stock returns in 

Table 4. We also split the expected-return tests before and after July 2023, the month of the 

first matched AI regulatory event. The coefficient on continuous AI safety risk is -0.021 with 

a standard error of 0.09 in the full sample, -0.005 with a standard error of 0.136 in the pre-

salience sample, and -0.052 with a standard error of 0.043 in the post-salience sample. None 

of these coefficients is statistically significant. The AI safety-risk disclosure dummy is also 

insignificant in the full and pre-salience samples, but it becomes positive and significant after 

July 2023, with a post-salience coefficient of 0.003. The AI governance dummy is insignificant, 

and the AI safety risk × AI governance interaction is negative but statistically insignificant. 

[Insert Table 4 here] 

Overall, the expected-return evidence provides partial support for H1a. AI safety risk is 

not priced as a stable unconditional cross-sectional return factor. The evidence is stronger after 

regulatory salience increases, but it is concentrated in the binary disclosure margin rather than 

in the continuous AI safety-risk intensity measure. 

 

4.3. AI safety salience event repricing 

We next examine whether firms with matched ex ante AI risk disclosure are repriced 

when specific AI safety and regulatory shocks occur. Table 5 reports the main matched shock-

category event-window regressions using CAR[0,+5]. For regulatory-strengthening events, the 

coefficient on matched AI safety risk is -0.064 and statistically significant at the 1% level. 

When regulation increases the expected cost of AI-related harms, firms whose prior disclosures 

identify matched AI risk categories experience more negative abnormal returns. 

[Insert Table 5 here] 

We find the opposite pattern for regulatory-reversal events. For regulatory-reversal 

events, matched AI safety risk is positive and highly significant, with a coefficient of 0.131. 
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High-matched-risk firms therefore gain value when expected regulatory or compliance burdens 

are reduced. This sign reversal suggests that high-risk firms lose value when AI safety costs 

are more likely to be internalized, but gain value when those expected costs decline. The 

symmetry between regulatory strengthening and regulatory reversal is consistent with changes 

in expected compliance, litigation, remediation, operational, and reputational costs. 

We also find that matched AI safety risk is positive and significant around soft-

governance events, with a coefficient of 0.138. Matched AI governance is also positive and 

significant in the soft-governance specification. Soft-governance events, such as voluntary 

commitments, governance profiles, and AI safety-institution coordination mechanisms, do not 

necessarily impose binding compliance costs, but they may reduce uncertainty, create 

implementation tools, or reward firms positioned to adopt credible governance instruments. 

The remaining categories provide weaker evidence in the main CAR[0,+5] window. The 

matched AI safety-risk coefficient is positive but statistically insignificant for discourse-signal 

events and enforcement-precedent events. The ChatGPT capability placebo also does not 

generate a statistically significant matched-risk effect in the main CAR[0,+5] window. Rather 

than reflecting a generic reaction to AI news, the main results therefore support salience-based 

internalization: firms with matched AI safety risk are repriced when the event changes the 

expected private cost or governance environment of the relevant AI harm. 

Appendix Table A6 shows that the regulatory-strengthening result is negative across 

alternative CAR windows, while regulatory-reversal and soft-governance effects are positive 

in the main windows. Appendix Table A7 reports event-level two-step and randomization-

inference diagnostics. Appendix Table A8 shows that the regulatory-strengthening result does 

not depend on the re-dated EU AI Act event. Appendix Table A9 reports placebo tests, 

including the ChatGPT capability placebo and random-match placebo exercises. These tests 

support the broad sign pattern of salience-based repricing, but the random-match placebo 

indicates that the evidence is weaker for the precise category-to-subcategory matching. We 

therefore interpret the event results primarily as evidence that AI safety risk is priced when 

salient events change expected costs or attention, rather than as definitive validation of 

individual risk-category mapping. 
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Taken together, the event-study evidence supports H1b more strongly than the expected-

return evidence supports H1a. Markets do not appear to price AI safety risk continuously as a 

stable expected-return factor. They do, however, reprice AI safety risk when regulation, 

regulatory relief, or governance events change the expected private cost or salience of AI harms. 

The results suggest that capital markets may discipline AI safety externalities, but primarily 

when those externalities become financially material through regulation, compliance 

obligations, litigation exposure, or reputational consequences. 

 

4.4. AI Governance Mitigation 

In Table 5, we also include matched AI governance and the matched AI safety risk × 

matched AI governance interaction in each shock-category regression. Consistent with 

governance attenuation, the interaction is positive for regulatory-strengthening events, where 

governance should reduce negative repricing, and negative for regulatory-reversal and soft-

governance events, where governance should reduce the upside from relief or governance 

reassurance. However, these event-window interaction coefficients are not statistically 

significant. Thus, the event-window evidence is directionally consistent with H2 but does not 

establish statistically significant governance attenuation. 

Appendix Table A11 provides additional event-window governance tests using 

alternative governance indicators. Panel A uses specific AI governance disclosed in 10-K Items 

1 and 7, while Panel B uses the Item 1A AI governance/mitigation indicator. The regulatory-

strengthening interaction is positive and marginally significant when governance is measured 

using the Item 1A AI governance/mitigation indicator, but the other interaction estimates are 

generally imprecise. Generic Item 1/Item 7 AI-governance language is too sparse to identify a 

separate interaction.   

The filing-window regressions in Appendix Table A10 provide clearer support for the 

governance channel. Around firms’ own 10-K filing dates, the interaction between AI safety 

risk and specific Item 1/Item 7 governance action is negative and statistically significant in the 

full sample and post-2020 sample. The coefficient is -0.206 in the full sample and -0.22 in the 

post-2020 sample. The same interaction is negative but statistically insignificant in the shorter 
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GenAI-era subsample. Interactions involving broader or more generic governance measures 

are weaker. 

Overall, the H2 evidence supports a narrower governance interpretation. The event-

window interaction tests are directionally consistent with governance attenuation, but they are 

not statistically strong enough to establish broad event-window mitigation. The filing-window 

evidence shows that investors respond less strongly to AI safety-risk disclosure when the same 

filing contains a concrete Item 1/Item 7 AI governance action. Thus, the evidence suggests that 

investors distinguish concrete governance actions from generic mitigation language, and that 

substantive AI governance can attenuate the pricing of AI safety risk. 

    

5. Economic channel tests and results 

5.1. Financial Materiality Channel: When Do AI Harms Become Private Costs? 

The financial materiality channel predicts that investors price AI safety risk more 

strongly when AI-enabled harms are more likely to be internalized as private firm-level costs. 

These costs may arise through regulation, enforcement, litigation, remediation, cybersecurity 

loss, operational disruption, reputational damage, procurement exclusion, counterparty 

restrictions, or higher compliance costs. We therefore test whether event-window repricing of 

AI safety risk is stronger for AI risk categories that plausibly connect AI safety concerns to 

private financial costs. 

We operationalize financial materiality by aggregating AI safety-risk disclosures into 

two tiers. The direct financial materiality tier, Q_DFM, sums Item 1A AI risk text related to 

regulatory exposure, cyber/privacy, accuracy/reliability, and third-party dependence. These 

categories have relatively direct cash-cost channels, such as fines, breach-related losses, model 

failure costs, contractual exposure, and vendor or infrastructure dependence. The indirect 

financial materiality tier, Q_IFM, captures bias and ethics risk text. This category may initially 

operate through reputational or social harm channels, but it can become financially material 

through discrimination claims, civil-rights enforcement, litigation, remediation obligations, 

and customer or worker backlash. 

We estimate the following event-stacked cross-sectional regression: 
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CAR𝑖,𝑒
[0,+5]

= 𝛼𝑒 + 𝜇𝑠(𝑖) + 𝛽𝐷𝑄𝑖,𝑒
DFM + 𝛽𝐼𝑄𝑖,𝑒

IFM + Γ′𝑋𝑖,𝑒 + 𝜀𝑖,𝑒 (4) 

In Equation (4), Q_DFM and Q_IFM are entered jointly, 𝛼𝑒  denotes event fixed 

effects, μ𝑠(𝑖) denotes GICS sector fixed effects, and 𝑋𝑖,𝑒 denotes pre-event market controls.        

We cluster standard errors by firm. 

Table 6 reports the results of our financial materiality channel tests using CAR[0,+5] 

around AI safety salience events. The strongest pattern appears for Q_IFM. Q_IFM is negative 

and significant around regulatory-strengthening events, with a coefficient of -0.32, and positive 

and significant around regulatory-reversal events, with a coefficient of 0.437. This sign reversal 

is consistent with the financial internalization interpretation that bias, ethics, and 

discrimination-related AI safety risks are penalized when regulation tightens and rewarded 

when regulatory burden is relieved. 

[Insert Table 6 here] 

By contrast, Q_DFM is not significantly penalized around regulatory-strengthening 

events. However, Q_DFM is significantly positive around regulatory-reversal events, with a 

coefficient of 0.032, and significantly positive around soft-governance events, also with a 

coefficient of 0.032. This suggests that direct cost-channel disclosures matter, but the clearest 

adverse-versus-relief symmetry appears in the indirect financial-materiality tier. Investors, 

therefore, appear to treat bias, ethics, and discrimination-related AI harms as financially 

material when regulation changes the likelihood that those harms become private firm-level 

costs. 

Overall, the results suggest that markets price AI safety risk most clearly when a salient 

event makes social or reputational harms more likely to be converted into legal, regulatory, or 

operational costs. Direct financial materiality disclosures are priced around relief and soft-

governance events, but they are not significantly penalized around regulatory-strengthening 

events in the joint specification. 

 

5.2. Social Responsibility Channel: Investor Clientele and AI Safety Repricing 

The social preference channel predicts that the pricing of AI safety risk should depend 

on the importance of investors who are especially sensitive to social externalities. We use two 
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investor-clientele proxies. The first is PRI-matched ownership, defined as the percentage of a 

firm’s shares outstanding held by 13F managers matched to the UN PRI signatory directory, 

measured at the latest reportable quarter before the event. PRI-matched investors are identified 

through normalized-name fuzzy matching, curated overrides, and manual checks of high-

impact managers. Higher values indicate greater PRI-linked investor ownership and proxy for 

socially responsible investor exposure.  

The second measure is public pension ownership. Bolton et al. (2020) show that public 

pension funds are more likely to support social and environmental proposals than other 

institutional investors, which may be due to their norm constraints from public scrutiny and 

political accountability. We use Thomson Reuters 13F public pension manager set (s34) and 

measure public pension ownership at the latest reportable quarter before the event.  

We conduct the following event study for the social preference channel:  

CAR𝑖,𝑒
[0,+5]

= 𝛼𝑒 + 𝜇𝑠(𝑖) + 𝛽𝑆𝑖,𝑒
𝑀 + 𝛿 SocialPref𝑖 + 𝛾(𝑆𝑖,𝑒

𝑀 × SocialPref𝑖) + Γ′𝑋𝑖,𝑒 + 𝜀𝑖,𝑒 (5)  

In Equation (5), 𝑆𝑖,𝑒
𝑀   is matched AI safety risk, SocialPref𝑖  is either PRI-matched 

ownership or public-pension ownership, 𝛼𝑒 denotes event fixed effects, 𝜇𝑠(𝑖) denotes GICS 

sector fixed effects, and 𝑋𝑖,𝑒  contains the standard pre-event market controls. We cluster 

standard errors by firm. For both ownership variables, the event regressions pool non-placebo 

AI safety salience events, with standard errors clustered by firm. The coefficient of interest is 

γ, which captures whether socially oriented investor ownership heightens the event-window 

pricing of AI safety risk. 

Table 7 reports the PRI ownership tests. The sample pools the non-placebo AI safety 

salience events and includes GICS sector and event fixed effects. The coefficient on AI safety 

risk is positive and statistically significant across specifications, while the interaction between 

AI safety risk and PRI ownership is negative and statistically significant across all control sets. 

The interaction ranges from -0.249 in the baseline specification to -0.204 in the full-control 

specification. Thus, firms with higher AI safety risk experience less favorable event-window 

abnormal returns when PRI-matched investors are more important shareholders. 

 [Insert Table 7 here] 
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Table 8 reports the corresponding public pension ownership tests. The interaction 

between AI safety risk and public pension ownership is negative and statistically significant 

across specifications. The coefficient is -0.173 in the baseline specification, -0.205 with 

baseline market controls, -0.199 after adding Fama–French and momentum controls, and -

0.144 in the full-control specification. These estimates imply that high-AI-safety-risk firms 

have less favorable event-window stock-price responses when public pensions are more 

important shareholders. 

[Insert Table 8 here] 

We also examine whether the pricing results are accompanied by observable ownership 

reallocation, and report the results in Appendix Table A12. The evidence does not show 

significant post-event changes in pension, non-pension, or total 13F ownership of high-AI-risk 

firms across shock categories. Because 13F ownership is quarterly and adjusts slowly, these 

tests are best interpreted as supporting evidence. The lack of detectable ownership reallocation 

suggests that the social preference channel operates through event-window pricing, marginal 

demand, engagement expectations, or shorter-horizon trading not captured by quarterly 13F 

changes, rather than through large observable post-event portfolio shifts. 

Overall, the evidence supports the social preference channel. PRI-matched ownership 

and public-pension ownership both significantly contribute to AI safety-risk repricing in the 

pooled non-placebo event sample. This pattern is consistent with socially oriented investor 

clienteles attenuating favorable repricing, or intensifying adverse repricing, for firms whose 

disclosures identify AI safety risk. The results suggest that AI safety risk is priced not only 

when harms are likely to become private costs through regulation or litigation, but also when 

AI safety becomes salient to investors with stronger social concerns.       

  

6. Measurement Validation and Robustness checks 

6.1. Placebo and robustness tests 

Appendix Table A5 reports robustness to alternative control sets in the matched AI 

safety-risk event study. Across specifications, matched AI safety risk is negative around 

regulatory-strengthening events and positive around regulatory-reversal and soft-governance 
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events. The regulatory-strengthening estimate becomes less precise when the overall AI safety-

risk share is added, suggesting that regulatory events may activate broader AI-risk concerns as 

well as the matched harm categories. Regulatory reversal and soft governance remain the most 

stable positive shock categories. 

In Appendix Table A6, we report the results using various CAR windows. Regulatory 

strengthening remains negative across all five windows, including CAR[-1,+3], CAR[-1,+5], 

CAR[0,+3], CAR[0,+5], and CAR[0,+10]. Regulatory reversal is positive in the main windows, 

and soft governance remains positive across all windows. Discourse signals, enforcement 

precedent, and the capability placebo are less stable, consistent with the weaker directional 

predictions for these categories. 

In Appendix Table A7, we address the small number of events in each category using 

event-level two-step estimates, sign tests, inverse-variance-weighted means, and 

randomization-inference tests. The pooled firm-event estimates are strongest for regulatory 

strengthening, regulatory reversal, and soft governance. Event-level summaries are more 

mixed, especially for regulatory strengthening, where the equal-weighted event-level mean is 

not significant, even though the inverse-variance-weighted mean is negative and significant. 

Randomization inference supports the pooled estimates for regulatory strengthening, 

regulatory reversal, and soft governance, while enforcement precedent is not supported by 

randomization inference. These diagnostics support the main salience-pricing interpretation. 

We remove the EU AI Act event and report the test results in Appendix Table A8. The 

EU AI Act enters the matched event study at the December 8, 2023 political agreement rather 

than the later March 2024 procedural vote. Because the single-event estimate is entangled with 

nearby macro news, Appendix Table A8 re-estimates the regulatory-strengthening family 

excluding the EU AI Act event. The matched AI safety-risk coefficient remains negative and 

statistically significant across the audited windows, so the regulatory-strengthening result does 

not rest on this one event. 

Appendix Table A9 reports placebo tests. The ChatGPT release placebo does not 

generate a statistically significant matched-risk effect in the main CAR[0,+5] window. The 

random-match placebo tests show that the true matched coefficients are not always statistically 
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distinguishable from random category matches. These results suggest that the strongest 

inference is about the sign and salience of AI safety repricing.  

Appendix Table A13 reports stacked difference-in-differences tests as an alternative 

dynamic design. These tests are broadly consistent with salience-based repricing for 

regulatory-strengthening and regulatory-reversal events, while also showing that dynamic 

responses vary across later event months and shock categories. 

 

6.2. Event-set audit and textual measure validation 

  In Appendix Table A3, we audit the event set to strengthen the interpretation of the 

financial materiality and social preference channels. The audit classifies the 23 events by event 

scope, social externality salience, and degree of surprise. These events are related to socially 

salient harms, including discrimination, civil rights, automated hiring, biometric surveillance, 

privacy, consumer deception, and worker and public-safety harms. Targeted and socially salient 

events are more directly tied to specific harm-internalization channels, while broad or 

anticipated events may generate weaker price reactions because some information may be 

incorporated before the event date. 

We validate the measures in two ways. First, two research assistants independently code 

a stratified random sample of 1,500 filing sections using the same twelve-category taxonomy 

in the language-model benchmark, producing extraction precision, recall, and inter-coder 

agreement statistics. Second, we compare keyword-based and LLM-based approaches for the 

text measures, testing whether LLM measures subsume keyword measures in return 

regressions, following Siano (2025). Each section is classified three times, and the labels are 

combined by majority vote. These validation exercises support the reliability of our baseline 

text measures and reduce the concern that the results are driven by idiosyncratic dictionary 

choices, section-extraction errors, or disclosure-length differences. Appendix B provides a full 

audit trail for the text measures.   
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7. Conclusions 

 This paper examines whether public equity markets price AI safety risk and whether 

disclosed AI governance attenuates the pricing of that risk. Using U.S. listed firms from 2015 

to 2025, we construct measures of AI safety risk, AI governance, AI opportunity, and general 

AI exposure from 10-K disclosures. We document a sharp increase in AI safety-risk disclosure 

following the rise of generative AI. These disclosures, however, are concentrated in financially 

material business channels, including regulation, cyber and privacy risk, operational disruption, 

legal exposure, and discrimination-related harms. By contrast, disclosure of concrete AI 

governance and mitigation capacity remains limited, indicating a gap between firms’ 

recognition of AI-related downside exposure and their disclosed ability to manage it. 

 Our evidence suggests that AI safety risk is not yet priced as a stable, unconditional risk 

factor across public equities. Instead, market pricing is event-driven and depends on the 

salience of expected private costs. Firms with pre-existing AI safety-risk disclosures matched 

to the event topic experience negative abnormal returns around regulatory-strengthening events 

and positive abnormal returns around regulatory-reversal events. Soft-governance events also 

generate positive repricing for these firms, consistent with governance frameworks reducing 

uncertainty or benefiting firms positioned to adopt credible oversight tools. In filing-window 

tests, firms that disclose concrete AI governance actions experience attenuated market 

responses to AI safety-risk disclosure. The strongest evidence for the financial materiality 

channel comes from bias-, ethics-, and discrimination-related harms. We also show that firms 

with higher AI safety risk have less favorable abnormal returns when PRI-matched investors 

or public pension funds are more important shareholders, consistent with the social preference 

channel.   

Taken together, the findings show that AI safety risk is an emerging technological 

externality whose public-market pricing depends on salience, financial materiality, and 

investor social preferences. Public markets may contribute to disciplining AI safety risk when 

regulatory, legal, or governance events clarify the expected private costs of AI-related harms, 

and when norm-constrained investors are attentive to those harms. At the same time, the 

absence of a stable unconditional premium suggests that market discipline remains incomplete 
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and event-dependent. The findings also imply that disclosure, corporate AI governance, and 

regulation are complementary mechanisms, with credible governance most relevant when 

firms disclose concrete actions rather than generic mitigation language. The paper contributes 

firm-level evidence on how capital markets respond to AI safety risk and provides scalable 

measures for future research on corporate AI governance and the role of investors in shaping 

incentives for safer AI development and deployment. 
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Figure 1. Annual proportion of AI safety risk disclosure in 10-K filings by category
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Notes. The figure plots the share of 10-K filings where the Item 1A risk-factor section discusses any AI-related risk,
by filing year and category. The black solid line represents the share of filings with any AI safety risk disclosure;
the colored lines decompose this into the four largest sub-categories (i.e., regulatory exposure, cybersecurity/privacy,
accuracy/reliability, and bias/ethics).
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Figure 2. Cross-sectional distribution of AI safety risk intensity
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Notes. The figure summarizes the cross-sectional distribution of the firm-level AI safety risk intensity (i.e., the share of
Item 1A risk-factor sentences classified as AI-related divided by the total number of sentences in Item 1A) for filings
published in 2018 through 2025, one box per filing year. Each box spans the interquartile range with the median
marked; whiskers and points summarize the upper tail among positive disclosers. The distribution shifts up over time:
the mass at zero falls and a right tail of more intensive AI disclosure emerges after the generative-AI wave.
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Figure 3. Matched-risk treatment rate by event date and shock category
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Notes. Each marker represents one of the 23 events in the matched shock-category event study. The vertical axis reports
the matched-risk treatment rate: the proportion of firms in the CAR[0,+5] event-window panel whose Item 1A risk
factors discuss a sub-category that is matched to the shock category. We match AI safety risk to each event by, for
each shock category, retaining only the Item 1A AI safety risk sub-categories that are theoretically implicated by
that category’s economic content (for example, regulatory and cyber/privacy categories for an AI-regulation event, or
bias/ethics categories for a discrimination enforcement action). A firm is counted as treated for an event if its latest
pre-event 10-K discloses at least one of the sub-categories matched to that event’s category. Marker color and shape
encode the shock category.
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Table 1. Summary statistics

Obs. Mean Std. dev. Min 25th pctile Median 75th pctile Max

Panel A. Sample composition

Total 10-K filings 78,015 — — — — — — —
Item 1A valid (used by 1A measures) 58,536 — — — — — — —
Item 1 extracted 73,454 — — — — — — —
Item 7 extracted 76,046 — — — — — — —
SEC filing-date matched 56,932 — — — — — — —
Unique firms (CIK, Item 1A) 10,921 — — — — — — —
Matched shock-category events 23 — — — — — — —
Firm-event observations 81,561 — — — — — — —
Unique firms in any event 4,087 — — — — — — —

Panel B. Item 1A AI safety risk measures (filings 2018–2025)

AI safety risk 53,709 0.004 0.016 0.000 0.000 0.000 0.000 0.452
AI safety risk (dummy) 53,709 0.107 0.310 0.000 0.000 0.000 0.000 1.000
AI governance (dummy) 53,709 0.010 0.099 0.000 0.000 0.000 0.000 1.000
Regulatory exposure (dummy) 53,709 0.076 0.264 0.000 0.000 0.000 0.000 1.000
Cyber/privacy (dummy) 53,709 0.076 0.264 0.000 0.000 0.000 0.000 1.000
Bias/ethics (dummy) 53,709 0.033 0.179 0.000 0.000 0.000 0.000 1.000
Accuracy/reliability (dummy) 53,709 0.043 0.204 0.000 0.000 0.000 0.000 1.000
Competition (dummy) 53,709 0.064 0.245 0.000 0.000 0.000 0.000 1.000
IP/legal (dummy) 53,709 0.061 0.239 0.000 0.000 0.000 0.000 1.000
Third-party dependence (dummy) 53,709 0.073 0.260 0.000 0.000 0.000 0.000 1.000
Operational (dummy) 53,709 0.090 0.286 0.000 0.000 0.000 0.000 1.000
Catastrophic misuse (dummy) 53,709 0.000 0.004 0.000 0.000 0.000 0.000 1.000
Loss-of-control (dummy) 53,709 0.000 0.004 0.000 0.000 0.000 0.000 1.000
Existential safety (dummy) 53,709 0.000 0.006 0.000 0.000 0.000 0.000 1.000

Panel C. Item 1 / Item 7 AI governance and upside measures (filings 2018–2025)

AI disclosure (dummy) 54,982 0.140 0.347 0.000 0.000 0.000 0.000 1.000
AI opportunity (dummy) 54,982 0.128 0.334 0.000 0.000 0.000 0.000 1.000
Specific Item 1/7 governance action (dummy) 54,982 0.005 0.071 0.000 0.000 0.000 0.000 1.000
Generic governance talk (dummy) 54,982 0.001 0.026 0.000 0.000 0.000 0.000 1.000
AI share of Business / MD&A 54,982 0.002 0.011 0.000 0.000 0.000 0.000 0.418
High AI exposure (dummy) 19,991 0.076 0.265 0.000 0.000 0.000 0.000 1.000
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Table 1. Summary statistics (continued)

Obs. Mean Std. dev. Min 25th pctile Median 75th pctile Max

Panel D. Matched event-study sample (firm-event, CAR[0,+5] )

CAR[0,+5] (%) 81,495 0.74 8.66 -31.82 -3.34 0.14 4.16 48.06
Matched AI safety risk 81,495 0.007 0.021 0.000 0.000 0.000 0.000 0.490
Matched AI governance 81,495 0.026 0.159 0.000 0.000 0.000 0.000 1.000
ln(Market cap) 81,495 20.75 2.38 15.07 19.09 20.81 22.41 26.18
ln(Price) 81,495 2.99 1.51 0.05 1.90 3.01 4.11 6.44
Momentum 81,495 0.08 0.53 -0.94 -0.22 0.03 0.27 3.74
β 81,495 0.67 0.66 -0.41 0.09 0.50 1.11 3.18
Idiosyncratic volatility 81,495 0.033 0.024 0.002 0.017 0.025 0.040 0.179
ln(Turnover) 81,495 0.015 0.041 0.000 0.004 0.007 0.012 0.631
ln(Amihud) 81,495 0.119 0.299 0.000 0.000 0.003 0.049 1.832
Total 13F ownership 81,561 0.602 0.343 0.000 0.317 0.703 0.888 6.918
Public-pension ownership 81,561 0.006 0.007 0.000 0.000 0.004 0.010 0.162
High pension ownership (dummy) 81,561 0.500 0.500 0.000 0.000 0.000 1.000 1.000
PRI share 81,561 0.395 0.260 0.000 0.142 0.435 0.622 1.606

Panel E. Monthly return sample (firm-month)

Monthly stock return (%) 508,000 0.72 13.63 -71.96 -6.02 0.44 6.74 109.81
ln(Market cap) 512,050 20.80 2.22 14.96 19.23 20.84 22.32 26.43
ln(Price) 512,051 3.05 1.34 0.05 2.17 3.16 3.99 6.49
Momentum (12-2) 479,787 0.12 0.57 -0.95 -0.16 0.06 0.30 13.05
β (24-month) 481,540 0.82 0.84 -2.97 0.32 0.73 1.23 5.94
Realized volatility 511,948 0.028 0.021 0.001 0.014 0.022 0.034 0.234
12-month return volatility 500,888 0.129 0.102 0.004 0.068 0.100 0.154 1.106
ln(Turnover) 512,050 0.011 0.022 0.000 0.003 0.006 0.011 0.582
ln(Amihud) 511,777 0.106 0.330 0.000 0.000 0.002 0.026 3.392

Notes. Panel A reports the number of sample observations of relevant datasets; Panels B and C report moments of the Item 1A AI safety risk measures and the Item 1/Item 7 AI governance and upside
measures for filings published 2018–2025. The matched event-study sample (Panel D) and the monthly return sample (Panel E) are reported in the continuation of this table on the next page. Variables
are defined in Table A1 in the Appendix. Panel D reports the variables of the matched event-study design at the firm-event level (CAR[0,+5] window); Panel E reports the monthly return sample at the
firm-month level. CAR[0,+5] and the monthly stock return are in percent; the AI text measures are sentence shares; ownership variables are fractions of shares outstanding. Book-to-market, profitability,
investment, and leverage are not tabulated because they enter only optional asset-pricing specifications and are not merged onto the estimation samples.
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Table 2. AI safety salience events and predicted pricing direction

Panel A. Shock-category taxonomy and predicted effects

Shock category Example events
Pred.
effect

Economic interpretation

Regulatory strengthening EU AI Act, Colorado AI Act, EO 14110 − Harms become legally internalized; matched-risk firms penalized.
Regulatory reversal CA SB1047 veto, EO 14110 rescission + Compliance burden relieved; matched-risk firms relatively rewarded.
Soft governance White House commitments, NIST GenAI

Profile, AI Safety Institute (AISI) network
≥ 0 An actionable governance instrument that firms can adopt; adoption

premium, not penalty.
Discourse signals FLI letter, Bletchley and Seoul Summits ? Attention only; no actionable compliance hook.
Enforcement precedent FTC Rite Aid, EEOC iTutorGroup, Operation

AI Comply
− Reveals litigation cost of specific harms; only matched sub-types affected.

Capability placebo ChatGPT release (Nov 2022) none Capability shock, not a safety/regulatory shock; placebo.

Panel B. Per-category event-window treatment summary

No. of
events

Avg. firms
per event

Avg. matched AI safety
risk rate (%)

Avg. AI gov.
rate (%)

Regulatory strengthening 8 3,569 25.3 3.3
Regulatory reversal 2 3,583 31.8 3.4
Soft governance 3 3,561 20.6 2.3
Discourse signals 4 3,504 16.6 1.9
Enforcement precedent 5 3,536 18.4 2.2
Capability placebo 1 3,402 3.6 0.4

Notes. Panel A lists the six theory-driven shock categories that organize the 23 AI-related events of the matched event study; the predicted effect is for the matched
AI safety risk coefficient on event-window CARs under the financial-internalization reading—only events that move the legal or financial cost of an AI harm
category should be priced into firms whose Item 1A risk factors discuss that matched category. The capability placebo (ChatGPT release) enters Table 5 only as
a comparison column—it carries no directional prediction and is not one of the hypothesis-bearing salience shocks; the dedicated placebo tests are in Table A9.
Panel B reports, by category, the number of events, the average number of event-firms with the required return and 10-K inputs, and the average shares of those firms
whose Item 1A text discloses the matched AI safety risk and matched AI governance language. The full per-event list and audit are in Table A2 in the Appendix.
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Table 3. AI safety risk premium in monthly returns based on portfolio sorts

(1) (2) (3) (4) (5) (6)
Zero disclosure Q1 Q2 Q3 Q4 Q4 − Zero

Mean monthly return (%) 0.764∗∗ 0.570 1.412∗∗ 1.230∗∗ 0.548 0.799∗

Newey–West SE (%) (0.358) (0.772) (0.573) (0.591) (0.676) (0.410)

Sort rank None Low - - High Long–short
Number of months 194 102 102 102 102 102

Notes. The dependent variable is the monthly stock return, in percent. The table reports time-series mean monthly
returns for portfolios sorted on AI safety risk: stocks are separated into a zero-disclosure portfolio and, among positive
AI safety risk disclosers, quartiles Q1–Q4. Columns (1)–(5) report equal-weighted portfolio returns, and column (6) re-
ports the value-weighted Q4-minus-zero long–short spread, with Newey–West standard errors (six lags) in parentheses.
Control variables are defined in Table A1 in the Appendix; the conditional pre/post regulatory-salience Fama–MacBeth
premium is in Table 4. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table 4. Fama–MacBeth estimates of the AI safety risk premium in monthly returns

(1) (2) (3) (4) (5) (6)
Full Pre-sal. Post-sal. Full Pre-sal. Post-sal.

AI safety risk −0.021 −0.005 −0.052 −0.014 −0.003 −0.034
(0.090) (0.136) (0.043) (0.089) (0.135) (0.035)

AI safety risk (dummy) 0.001 0.001 0.003∗∗

(0.002) (0.003) (0.001)

AI governance (dummy) 0.000 −0.002 0.002
(0.004) (0.006) (0.003)

AI safety risk × AI governance (dummy) −0.169 −0.169
(0.109) (0.109)

ln(Market cap) 0.001∗∗ 0.000 0.003∗∗∗ 0.001∗∗ 0.000 0.003∗∗∗

(0.000) (0.000) (0.001) (0.000) (0.000) (0.001)

ln(Price) −0.001 0.000 −0.003∗ −0.001 0.000 −0.003∗

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Lagged return 0.007 0.007 0.008 0.007 0.007 0.008
(0.004) (0.005) (0.009) (0.004) (0.005) (0.009)

Momentum (12-2) 0.006∗∗∗ 0.005∗∗∗ 0.012∗∗∗ 0.006∗∗∗ 0.005∗∗∗ 0.012∗∗∗

(0.001) (0.001) (0.002) (0.001) (0.001) (0.002)

Realized volatility −0.167∗∗∗ −0.185∗∗∗ −0.087 −0.167∗∗∗ −0.185∗∗∗ −0.088
(0.041) (0.047) (0.083) (0.041) (0.047) (0.083)

12-month return volatility −0.045∗∗∗ −0.047∗∗∗ −0.033 −0.045∗∗∗ −0.047∗∗∗ −0.033
(0.010) (0.011) (0.021) (0.010) (0.011) (0.020)

β (24-month) 0.003∗∗∗ 0.002∗∗ 0.004∗∗ 0.002∗∗∗ 0.002∗∗ 0.004∗∗

(0.001) (0.001) (0.002) (0.001) (0.001) (0.002)

ln(Turnover) −0.171∗∗∗ −0.111∗ −0.446∗∗∗ −0.171∗∗∗ −0.110∗ −0.445∗∗∗

(0.058) (0.065) (0.056) (0.058) (0.065) (0.056)

ln(Amihud) −0.001 −0.001 −0.002 −0.001 −0.001 −0.002
(0.002) (0.002) (0.006) (0.002) (0.002) (0.006)

GICS sector controls Yes Yes Yes Yes Yes Yes
Observations 475,611 358,013 117,598 475,611 358,013 117,598

Notes. The dependent variable is the one-month-ahead monthly stock return. The table reports time-series averages of monthly cross-sectional
Fama–MacBeth slope coefficients with Newey–West standard errors (six lags), splitting the monthly sample at 2023-07 (the first matched AI
regulatory event, NYC Local Law 144) into pre- and post-salience subperiods. Each column averages 183, 150, and 33 monthly cross-sectional
regressions for the full, pre-, and post-salience samples, respectively; Observations reports the total number of firm-month observations entering
those regressions. Columns (1)–(3) report risk-only specifications; columns (4)–(6) add the AI governance/mitigation dummy and its interaction
with AI safety risk. The continuous AI safety risk and the binary AI safety risk dummy are entered in separate specifications, each estimated
with the full control set; the displayed control coefficients are from the AI safety risk specification. The pre-salience interaction is not identified
(no governance-disclosing firms in that subperiod). Control variables are defined in Table A1; the companion portfolio sorts are in Table 3. ***
p < 0.01, ** p < 0.05, * p < 0.10.
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Table 5. Heterogeneous impacts of AI safety salience events with matched AI safety risk

(1) (2) (3) (4) (5) (6)
Reg. strength. Reg. reversal Soft gov. Discourse Enforce. Placebo

Matched AI safety risk −0.064∗∗∗ 0.131∗∗∗ 0.138∗∗∗ 0.025 0.015 0.280
(0.022) (0.026) (0.042) (0.043) (0.042) (0.197)

Matched AI governance −0.006 0.007 0.015∗∗ 0.010∗ 0.007 0.013
(0.005) (0.007) (0.006) (0.006) (0.005) (0.020)

Matched AI safety risk × Matched AI governance 0.124 −0.003 −0.159 −0.155 0.080 −0.409
(0.107) (0.068) (0.158) (0.114) (0.119) (0.262)

ln(Market cap) 0.001∗∗∗ 0.000 0.001∗∗ −0.001∗∗∗ 0.001 −0.002∗∗

(0.000) (0.001) (0.001) (0.001) (0.001) (0.001)
ln(Price) −0.003∗∗∗ −0.002∗∗ −0.002∗ −0.002∗∗∗ −0.005∗∗∗ 0.005∗∗∗

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Momentum −0.019∗∗∗ −0.015∗∗∗ −0.026∗∗∗ −0.008∗∗∗ −0.025∗∗∗ −0.039∗∗∗

(0.001) (0.002) (0.002) (0.002) (0.002) (0.005)
β 0.013∗∗∗ 0.258∗∗∗ −0.009∗∗∗ −0.003 0.014∗∗∗ −0.010∗∗∗

(0.001) (0.007) (0.002) (0.002) (0.002) (0.004)
Idiosyncratic volatility −0.176∗∗∗ −0.600∗∗∗ −0.383∗∗∗ −0.249∗∗∗ −0.004 −0.274∗

(0.050) (0.090) (0.081) (0.068) (0.070) (0.157)
ln(Turnover) −0.008 −0.074∗∗ −0.035 −0.103∗∗∗ −0.214∗∗∗ −0.387∗∗

(0.022) (0.037) (0.052) (0.035) (0.040) (0.157)
ln(Amihud) −0.001 −0.004 −0.007∗ −0.005 −0.016∗∗∗ −0.005

(0.003) (0.005) (0.004) (0.004) (0.003) (0.009)
Constant −0.022∗∗∗ 0.035∗∗ 0.027∗∗ 0.026∗∗ −0.023∗∗ −0.010

(0.008) (0.015) (0.012) (0.010) (0.010) (0.019)

GICS sector FE Yes Yes Yes Yes Yes Yes
Event FE Yes Yes Yes Yes Yes Yes
Observations 28,239 7,095 10,580 13,888 17,500 3,376
R2 0.067 0.411 0.161 0.038 0.277 0.104

Notes. Each column reports an event-stacked cross-sectional regression of firm-level cumulative market-adjusted abnormal returns CAR[0,+5] on matched AI safety risk, matched AI gover-
nance/mitigation, their interaction, and the standard pre-event market controls, for one shock category (Table A1 in the Appendix). Under the financial-internalization-plus-governance-attenuation
reading, the interaction carries the sign opposite to the matched-risk level effect within each category. The matched-risk and matched-governance level effects are reported in the first two coefficient rows.
All columns include GICS sector and event fixed effects. Standard errors are clustered by firm. The filing-window governance evidence is in Table A10. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table 6. CARs around AI safety salience events with direct and indirect financial-materiality exposure

(1) (2) (3) (4) (5) (6)
Reg. strength. Reg. reversal Soft gov. Discourse Enforce. Placebo

Q_DFM (direct financial materiality) −0.002 0.032∗∗ 0.032∗ 0.007 0.002 0.036
(0.013) (0.016) (0.019) (0.017) (0.017) (0.049)

Q_IFM (indirect financial materiality) −0.320∗∗∗ 0.437∗∗∗ 0.068 −0.113 0.176 1.396
(0.070) (0.114) (0.130) (0.120) (0.117) (1.029)

ln(Market cap) 0.002∗∗∗ 0.000 0.002∗∗∗ −0.001 0.001∗∗ −0.002∗∗

(0.000) (0.001) (0.001) (0.001) (0.001) (0.001)
ln(Price) −0.003∗∗∗ −0.002∗ −0.001 −0.002∗∗ −0.005∗∗∗ 0.005∗∗∗

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Pre-event return −4.777∗∗∗ −3.254∗∗∗ −5.917∗∗∗ −5.482∗∗∗ −5.195∗∗∗ −3.181

(0.546) (1.191) (0.767) (0.855) (0.772) (2.095)
Momentum 0.000 −0.004 −0.002 0.014∗∗∗ −0.004 −0.020

(0.003) (0.004) (0.004) (0.004) (0.003) (0.012)
Idiosyncratic volatility 0.040 −0.456∗∗∗ −0.118 −0.018 0.212∗∗∗ −0.181

(0.053) (0.105) (0.086) (0.074) (0.076) (0.165)
β 0.012∗∗∗ 0.256∗∗∗ −0.010∗∗∗ −0.004∗∗ 0.013∗∗∗ −0.011∗∗∗

(0.001) (0.007) (0.002) (0.002) (0.002) (0.004)
ln(Turnover) −0.035 −0.096∗∗∗ −0.072 −0.131∗∗∗ −0.237∗∗∗ −0.367∗∗

(0.021) (0.036) (0.049) (0.035) (0.039) (0.155)
ln(Amihud) 0.001 −0.002 −0.006 −0.004 −0.015∗∗∗ −0.005

(0.003) (0.005) (0.004) (0.004) (0.003) (0.009)
Constant −0.040∗∗∗ 0.020 0.002 0.007 −0.040∗∗∗ −0.016

(0.008) (0.015) (0.012) (0.010) (0.010) (0.019)

GICS sector FE Yes Yes Yes Yes Yes Yes
Event FE Yes Yes Yes Yes Yes Yes
Observations 28,239 7,095 10,580 13,888 17,500 3,376
R2 0.075 0.413 0.173 0.048 0.283 0.106

Notes. Each column reports CAR[0,+5] for one shock category, re-running the matched event-study of Table 5 with AI safety risk aggregated into financial-materiality tiers, entered jointly. Q_DFM
(direct) sums the regulatory, cyber/privacy, accuracy/reliability, and third-party-dependence AI safety risk shares; Q_IFM (indirect) is the share of bias/ethics (as shown in Table A1 in the Appendix). All
columns include the standard pre-event market controls, GICS sector and event fixed effects. Standard errors are clustered by firm. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table 7. PRI-matched ownership and the AI safety risk premium during AI safety salience
events

(1) (2) (3) (4)

AI safety risk (z) 0.163∗∗ 0.182∗∗∗ 0.180∗∗∗ 0.142∗∗

(0.065) (0.068) (0.068) (0.064)
PRI ownership (z) 0.042 −0.093∗∗ −0.094∗∗ −0.143∗∗∗

(0.043) (0.046) (0.046) (0.044)
AI safety risk × PRI ownership −0.249∗∗∗ −0.276∗∗∗ −0.269∗∗∗ −0.204∗∗∗

(0.077) (0.079) (0.080) (0.076)
ln(Market cap) 0.503∗∗∗

(0.064)
ln(Price) −0.729∗∗∗

(0.066)
Mean daily return −1.252∗∗∗ −1.538∗∗∗

(0.062) (0.132)
Idiosyncratic volatility −0.176∗∗ 0.525∗∗∗

(0.079) (0.107)
β 0.359∗∗∗

(0.069)
Size 0.027 0.022 0.008

(0.054) (0.054) (0.055)
Book-to-market −0.028 0.011 0.041

(0.054) (0.054) (0.051)
Momentum (12−2) −1.078∗∗∗ −1.077∗∗∗ 0.105

(0.050) (0.050) (0.109)
Profitability 0.317∗∗∗ 0.327∗∗∗ 0.231∗∗∗

(0.083) (0.083) (0.085)
Investment −0.026 −0.018 −0.025

(0.050) (0.050) (0.049)
Leverage 0.154∗∗∗ 0.113∗∗∗

(0.043) (0.042)
ln(Turnover) −0.519∗∗∗

(0.071)
ln(Amihud) −0.264∗∗∗

(0.066)

GICS sector FE Yes Yes Yes Yes
Event FE Yes Yes Yes Yes
Observations 77,369 73,825 73,825 73,825
Firms 4,005 3,864 3,864 3,864

Notes. The dependent variable is CAR[0,+5], the firm’s cumulative market-adjusted abnormal return over the [0,+5] event window, in percentage
points. The key variables are AI safety risk (the matched Item 1A AI safety risk text) and PRI ownership (the share of the firm held by 13F managers
matched to the UN PRI signatory directory), both standardized, and their interaction. Columns (1)–(4) add, in turn, the baseline market controls,
Fama–French/momentum factors, leverage, and the full asset-pricing set; control-variable definitions are in Table A1 and are not repeated here. The
sample pools the non-placebo shock categories; all columns include GICS sector and event fixed effects, with standard errors clustered by firm. PRI
ownership is used only as a social-responsibility / investor-clientele proxy. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table 8. Public-pension ownership and the AI safety risk premium during AI safety salience
events

(1) (2) (3) (4)

AI safety risk (z) 0.123∗∗ 0.137∗∗ 0.136∗∗ 0.107∗∗

(0.057) (0.059) (0.059) (0.055)
Public-pension ownership (z) −0.117∗∗∗ −0.174∗∗∗ −0.179∗∗∗ −0.122∗∗∗

(0.043) (0.057) (0.055) (0.046)
AI safety risk × Public-pension ownership −0.173∗∗∗ −0.205∗∗∗ −0.199∗∗∗ −0.144∗∗

(0.058) (0.063) (0.062) (0.059)
ln(Market cap) 0.587∗∗∗

(0.066)
ln(Price) −0.699∗∗∗

(0.066)
Mean daily return −1.259∗∗∗ −1.543∗∗∗

(0.062) (0.132)
Idiosyncratic volatility −0.184∗∗ 0.543∗∗∗

(0.079) (0.106)
β 0.352∗∗∗

(0.068)
Size 0.085 0.081 0.015

(0.061) (0.060) (0.059)
Book-to-market −0.025 0.016 0.044

(0.054) (0.055) (0.051)
Momentum (12−2) −1.080∗∗∗ −1.079∗∗∗ 0.111

(0.051) (0.051) (0.109)
Profitability 0.312∗∗∗ 0.323∗∗∗ 0.223∗∗∗

(0.082) (0.082) (0.085)
Investment −0.030 −0.022 −0.026

(0.050) (0.050) (0.049)
Leverage 0.160∗∗∗ 0.118∗∗∗

(0.043) (0.042)
ln(Turnover) −0.520∗∗∗

(0.072)
ln(Amihud) −0.250∗∗∗

(0.065)

GICS sector FE Yes Yes Yes Yes
Event FE Yes Yes Yes Yes
Observations 77,369 73,825 73,825 73,825
Firms 4,005 3,864 3,864 3,864

Notes. The dependent variable is CAR[0,+5], the firm’s cumulative market-adjusted abnormal return over the [0,+5]
event window, in percentage points. The key variables are AI safety risk (the matched Item 1A AI safety risk text)
and Public-pension ownership (the public-pension share of 13F institutional ownership), both standardized, and their
interaction. Columns (1)–(4) add, in turn, the baseline market controls, Fama–French/momentum factors, leverage,
and the full asset-pricing set; control-variable definitions are in Table A1 in the Appendix and are not repeated here.
The sample pools the non-placebo shock categories; all columns include GICS sector and event fixed effects, with
standard errors clustered by firm. Public-pension ownership is used only as a social-responsibility / investor-clientele
proxy. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Appendix A. Supplementary tables

This appendix collects the supplementary tables referenced in the main text. Table numbers pre-

fixed “A” refer to this appendix; unprefixed numbers refer to the main text.
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Table A1. Variable definitions

Variable Definition Source

Panel A. Outcome variables

CAR[0,+5] Firm-level cumulative market-adjusted abnormal return over the five trading days after the

firm’s own SEC 10-K filing date, using the CRSP value-weighted index as the market

return.

CRSP; SEC EDGAR

Monthly stock return Monthly CRSP stock return, in percent. CRSP

∆ Pension ownership Change in public-pension 13F ownership (the reviewed Thomson Reuters s34 manager set), in

percentage points of shares outstanding, from the latest 13F quarter reportable by the event

date (quarter-end +45 days) to two quarters after.

Thomson Reuters s34

∆ Non-pension ownership Change in non-pension 13F institutional ownership, in percentage points of shares

outstanding, over the same two-quarter window as ∆ Pension ownership.

Thomson Reuters 13F

∆ Total ownership Change in total 13F institutional ownership, in percentage points of shares outstanding, over

the same two-quarter window.

Thomson Reuters 13F

Panel B. AI risk and governance text measures (10-K Item 1A and Item 1/7)

AI safety risk Share of all Item 1A risk-factor sentences in the filing that discuss an AI-related risk

(LLM-classified, in [0, 1]).

SEC EDGAR

AI safety risk (dummy) Dummy that equals one if at least one Item 1A risk-factor sentence is AI-related, and zero

otherwise.

SEC EDGAR

(continued on next page)
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Table A1. Variable definitions (continued)

Variable Definition Source

AI governance (dummy) Dummy that equals one if the firm’s Item 1A risk-factor section discloses an AI governance,

oversight, or mitigation action (e.g., board oversight, a dedicated risk committee, an internal

AI policy, monitoring, or controls), and zero otherwise.

SEC EDGAR

Matched AI safety risk AI safety risk intensity restricted to the Item 1A AI safety risk sub-categories theoretically

matched to a given shock category. For each event category we retain only the

sub-categories implicated by that category’s economic content (e.g., regulatory and

cyber/privacy categories for AI-regulation events; bias/ethics for discrimination

enforcement; accuracy/reliability and third-party dependence for model-failure or vendor

events). The full category-to-subcategory mapping is in Table 2.

SEC EDGAR

Matched AI governance Item 1A AI governance/mitigation text intensity restricted to the same

shock-category-matched sub-categories used for Matched AI safety risk, capturing

disclosed controls that address the specific AI harm a given event implicates.

SEC EDGAR

Specific Item 1/7 governance action Dummy that equals one if Item 1 or Item 7 describes a specific AI governance action (e.g., an

AI committee, policy, audit, or monitoring process), and zero otherwise.

SEC EDGAR

Generic governance talk Dummy that equals one if Item 1 or Item 7 contains generic AI governance language without

a concrete action, and zero otherwise.

SEC EDGAR

AI opportunity Dummy that equals one if Item 1 or Item 7 describes AI as a business opportunity, growth

driver, or core capability, and zero otherwise.

SEC EDGAR

(continued on next page)
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Table A1. Variable definitions (continued)

Variable Definition Source

High AI exposure Dummy that equals one if the firm is in the top quartile of combined AI risk and AI

opportunity text intensity, and zero otherwise.

SEC EDGAR

AI disclosure (dummy) Dummy that equals one if Item 1 (Business) or Item 7 (MD&A) contains any AI-related

disclosure (the union of AI-opportunity/use and AI-governance language), and zero

otherwise.

SEC EDGAR

AI share of Business / MD&A Share of Item 1 (Business) and Item 7 (MD&A) sentences that are AI-related (LLM-classified,

in [0, 1]); also referred to as the Item 1/7 AI text share.

SEC EDGAR

Item 1A AI text share Share of all Item 1A sentences that are AI-related (any AI content, not restricted to the

safety-risk classification of AI safety risk); LLM-classified, in [0, 1].

SEC EDGAR

AI business risk Share of Item 1A risk-factor sentences that discuss AI-related business or commercial risk

(e.g., competition, intellectual-property, or operational risk from AI) rather than AI safety

risk; LLM-classified, in [0, 1].

SEC EDGAR

Panel C. AI safety risk sub-categories (Item 1A)

Each Panel C variable is a dummy that equals one if the firm’s Item 1A risk factors contain AI safety risk language in the stated category,

and zero otherwise; all are LLM-classified from SEC EDGAR text.

Regulatory exposure AI safety risk language about laws, regulations, or compliance obligations. SEC EDGAR

Cyber/privacy exposure AI safety risk language about cybersecurity, privacy, or sensitive data. SEC EDGAR

(continued on next page)
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Table A1. Variable definitions (continued)

Variable Definition Source

Bias/ethics AI safety risk language about bias, discrimination, or ethical concerns. SEC EDGAR

Accuracy/reliability AI safety risk language about model errors, hallucinations, or reliability. SEC EDGAR

Competition AI safety risk language about competitive disruption from AI. SEC EDGAR

IP/legal AI safety risk language about intellectual-property or copyright disputes. SEC EDGAR

Third-party dependence AI safety risk language about reliance on third-party AI vendors or models. SEC EDGAR

Operational AI safety risk language about operational risk from AI deployment. SEC EDGAR

Catastrophic misuse AI safety risk language about catastrophic misuse (e.g., weapons, large-scale fraud). SEC EDGAR

Loss-of-control AI safety risk language about loss of control over AI systems. SEC EDGAR

Existential safety AI safety risk language about existential or systemic AI safety. SEC EDGAR

Panel D. Moderators

Public-pension ownership Share of shares outstanding held by the reviewed Thomson Reuters 13F public-pension

manager set (s34), measured at the latest quarter reportable by the event date. Standardized

(z-scored) within the working sample in the continuous specification.

Thomson Reuters s34

Total 13F ownership Share of shares outstanding held by all 13F institutions, at the latest quarter reportable by the

event date.

Thomson Reuters 13F

PRI ownership Standardized (z-scored) share of shares outstanding held by 13F managers matched to the UN

PRI signatory directory, at the latest quarter reportable by the event date.

Thomson Reuters 13F;

UN PRI

(continued on next page)
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Table A1. Variable definitions (continued)

Variable Definition Source

Panel E. Pre-event firm-level controls

ln(Market cap) Natural log of pre-event market capitalization (price × shares outstanding). CRSP

ln(Price) Natural log of pre-event share price. CRSP

Momentum (12-2) Cumulative return from month t− 12 through month t− 2 (excluding the short-term reversal

month t− 1).

CRSP

β Rolling beta estimated from monthly returns ending at the pre-event window. CRSP

Idiosyncratic volatility Standard deviation of market-model residuals over the pre-event window. CRSP

ln(Turnover) Natural log of average daily turnover (share volume / shares outstanding) over the pre-event

window.

CRSP

ln(Amihud) Natural log of the average daily Amihud illiquidity measure |rd|/(priced × volumed) over the

pre-event window.

CRSP

Notes. This table defines each variable used in the empirical analysis and groups them into Panels A–E by role: Panel A lists the outcome variables; Panels B and C
describe the AI text measures and their Item 1A sub-categories; Panel D lists the channel moderators; and Panel E lists the pre-event firm-level controls. All AI text
variables are constructed from sentence-level large-language-model classification of 10-K Item 1A, Item 1, and Item 7 text: each continuous text-intensity measure
is the share of AI-related sentences within the relevant filing item, and each dummy equals one if the corresponding category appears at all and zero otherwise. The
Panel C sub-category taxonomy follows the NIST AI Risk Management Framework, and the matched measures restrict these sub-categories to those theoretically
aligned with each shock category (Table 2). Pre-event controls (Panel E) are measured over the daily [t− 250, t− 30] window in the event-study regressions and at
the month before the return or filing date in the monthly-return and filing-window regressions; each regression table reports its own fixed effects (GICS sector and
event or event-month) and clustering.
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Table A2. AI safety salience events with predicted effects and treatment rates

Event Date Shock
category

Predicted
effect

Firms
(N )

Matched-
risk rate

Governance
rate

Regulatory strengthening
NYC Local Law 144 2023-07-05 RS − 3,524 1.8 0.5
EO 14110 (Biden) 2023-10-30 RS − 3,441 7.8 0.6
EU AI Act (political agreement) 2023-12-08 RS − 3,471 8.5 0.7
Colorado AI Act 2024-05-17 RS − 3,575 30.1 2.7
CA SB1047 passage 2024-08-29 RS − 3,567 27.3 3.1
EU AI Act prohibited practices 2025-02-02 RS − 3,580 33.9 3.7
EU GPAI Code 2025-07-10 RS − 3,691 46.4 7.6
EU GPAI obligations 2025-08-04 RS − 3,700 46.4 7.6

Regulatory reversal
CA SB1047 veto 2024-09-29 RR + 3,578 27.5 3.1
EO 14110 rescission 2025-01-20 RR + 3,587 36.0 3.6

Soft governance
White House voluntary commitments 2023-07-21 SG ≥ 0 3,536 4.9 0.5
NIST GenAI Profile 2024-07-26 SG ≥ 0 3,590 28.7 2.9
AI Safety Institutes network 2024-11-20 SG ≥ 0 3,557 28.1 3.4

Discourse signals
FLI open letter 2023-03-22 DS ? 3,422 3.6 0.6
Bletchley AI Safety Summit 2023-11-01 DS ? 3,438 6.0 0.6
Seoul AI Summit 2024-05-21 DS ? 3,578 25.7 2.7
International AI Safety Report 2025-01-29 DS ? 3,580 31.0 3.7

Enforcement precedent
EEOC iTutorGroup 2023-09-11 EP − 3,487 2.2 0.6
FTC Rite Aid 2023-12-19 EP − 3,463 6.0 0.7
Civil Rights AI Statement 2024-04-04 EP − 3,569 18.6 2.7
FTC Operation AI Comply 2024-09-25 EP − 3,572 31.3 3.1
FTC DoNotPay 2025-02-11 EP − 3,587 34.1 3.9

Capability placebo
ChatGPT release 2022-11-30 CP none 3,402 3.6 0.4

Notes. This table lists the 23 AI safety salience events used in the matched shock-category event study. Events are
grouped by shock category, coded RS = regulatory strengthening, RR = regulatory reversal, SG = soft governance,
DS = discourse signals, EP = enforcement precedent, and CP = capability placebo. Firms (N ) reports the number
of firms observed in the CAR[0,+5] event-window panel; matched-risk rate and governance rate report the fractions
of firms whose Item 1A risk factors discuss matched AI safety risk and AI governance/mitigation, respectively. The
chronological event audit is reported in Table A3.
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Table A3. Event scope, social externality, and degree of surprise

Event Date Shock category Event
scope

Social
externality

Degree of
surprise

ChatGPT release 2022-11-30 Capability placebo Broad No Surprise
FLI open letter 2023-03-22 Discourse signals Broad No Surprise
NYC Local Law 144 2023-07-05 Regulatory strengthening Targeted Yes Anticipated
White House voluntary commitments 2023-07-21 Soft governance Broad No Partly anticipated
EEOC iTutorGroup 2023-09-11 Enforcement precedent Targeted Yes Surprise
EO 14110 (Biden) 2023-10-30 Regulatory strengthening Broad Partial Partly anticipated
Bletchley AI Safety Summit 2023-11-01 Discourse signals Broad No Anticipated
EU AI Act (political agreement) 2023-12-08 Regulatory strengthening Broad Partial Partly anticipated
FTC Rite Aid 2023-12-19 Enforcement precedent Targeted Yes Surprise
Civil Rights AI Statement 2024-04-04 Enforcement precedent Targeted Yes Partly anticipated
Colorado AI Act 2024-05-17 Regulatory strengthening Targeted Yes Partly anticipated
Seoul AI Summit 2024-05-21 Discourse signals Broad No Anticipated
NIST GenAI Profile 2024-07-26 Soft governance Broad No Anticipated
CA SB1047 passage 2024-08-29 Regulatory strengthening Targeted No Partly anticipated
FTC Operation AI Comply 2024-09-25 Enforcement precedent Targeted Yes Surprise
CA SB1047 veto 2024-09-29 Regulatory reversal Targeted No Surprise
AI Safety Institutes network 2024-11-20 Soft governance Targeted No Anticipated
EO 14110 rescission 2025-01-20 Regulatory reversal Broad Partial Anticipated
International AI Safety Report 2025-01-29 Discourse signals Broad No Anticipated
EU AI Act prohibited practices 2025-02-02 Regulatory strengthening Targeted Yes Anticipated
FTC DoNotPay 2025-02-11 Enforcement precedent Targeted Yes Surprise
EU GPAI Code 2025-07-10 Regulatory strengthening Broad No Anticipated
EU GPAI obligations 2025-08-04 Regulatory strengthening Broad No Anticipated

Notes. The 23 events used in the matched shock-category event study, listed chronologically and audited on three dimensions: event scope (broad if the event
moves many AI safety risk categories at once and targeted if it concerns a narrow harm channel); social externality (whether the event makes a salient social harm
such as discrimination, civil rights, automated hiring, biometric surveillance, privacy, consumer deception, or worker/public-safety harm); and degree of surprise
(distinguishing anticipated regulatory milestones from genuine surprises). Eight events are coded Yes and three Partial on social externality, defining the social-harm
subsample used to focus the H4 social-responsibility tests; seven events are coded as surprises and the matched event-study results should be stronger for these. The
audit codings are a documented first pass; the announcement-time, before/after-close, and confounding-news columns of the full audit are not tabulated here. The
full event list with predicted effects and treatment rates is in Table A2.
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Table A4. Extraction and SEC filing-date match quality by year

Filing
year

Total
10-K
filings

Item 1A
valid

Item 1
extracted

Item 7
extracted

SEC date
matched

SEC match
rate

2015 7,814 6,001 7,402 7,557 5,867 97.8%
2016 7,360 5,643 7,023 7,187 5,536 98.1%
2017 6,980 5,334 6,741 6,921 5,256 98.5%
2018 6,871 5,218 6,676 6,811 5,103 97.8%
2019 6,688 5,009 6,428 6,572 4,921 98.2%
2020 6,562 4,839 6,222 6,377 4,768 98.5%
2021 7,173 5,381 6,984 7,123 5,112 95.0%
2022 7,763 5,797 7,269 7,563 5,685 98.1%
2023 7,409 5,481 6,724 7,147 5,216 95.2%
2024 7,220 5,291 6,485 6,928 4,930 93.2%
2025 6,175 4,542 5,500 5,860 4,538 99.9%

Total 78,015 58,536 73,454 76,046 56,932 97.3%

Notes. Total 10-K filings reports the total count of 10-K filings collected from EDGAR for the indicated filing year.
Item 1A valid is the subset of filings with a parseable Item 1A risk-factor section, on which the Item 1A AI safety
risk measures are computed. Item 1 extracted and Item 7 extracted report the count of filings for which Item 1
(Business) and Item 7 (MD&A) text were successfully extracted; Item 1 and Item 7 extraction is complete through
the 2025 filing year. SEC date matched reports the count of Item 1A-valid filings matched to an EDGAR filing date,
and SEC match rate is that count divided by Item 1A valid. Years with lower rates—notably the documented 2023
batch of bad-CIK filings, repaired in the construction of the matched panel—have more filings without a usable
filing date; such filings are dropped from the date-dependent filing-window and event-window tests.
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Table A5. Robustness to alternative control sets in the matched AI safety risk event study

(1) (2) (3) (4) (5) (6)
Reg. strength. Reg. reversal Soft gov. Discourse Enforce. Placebo

Panel A. Matched AI safety risk, by control set

Matched AI safety risk (Event FE only) −0.043∗∗ 0.140∗∗∗ 0.206∗∗∗ 0.012 −0.012 0.279
(0.021) (0.032) (0.049) (0.041) (0.042) (0.202)

Matched AI safety risk (+ Size) −0.046∗∗ 0.118∗∗∗ 0.153∗∗∗ 0.045 0.035 0.306
(0.021) (0.033) (0.047) (0.041) (0.044) (0.208)

Matched AI safety risk (+ Market) −0.056∗∗∗ 0.111∗∗∗ 0.147∗∗∗ 0.061 0.012 0.244
(0.021) (0.026) (0.043) (0.042) (0.041) (0.194)

Matched AI safety risk (+ Liquidity) −0.056∗∗∗ 0.111∗∗∗ 0.149∗∗∗ 0.061 0.009 0.248
(0.021) (0.026) (0.043) (0.042) (0.041) (0.187)

Matched AI safety risk (+ Sector FE (full)) −0.064∗∗∗ 0.131∗∗∗ 0.138∗∗∗ 0.025 0.015 0.280
(0.022) (0.026) (0.042) (0.043) (0.042) (0.197)

Matched AI safety risk (+ AI share) −0.053 0.106∗∗ 0.217∗∗ 0.057 0.018 0.885∗∗∗

(0.041) (0.045) (0.095) (0.075) (0.058) (0.343)
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Table A5. Robustness to alternative control sets in the matched AI safety risk event study (continued)

(1) (2) (3) (4) (5) (6)
Reg. strength. Reg. reversal Soft gov. Discourse Enforce. Placebo

Panel B. Full specification (sector FE, full controls): remaining coefficients

Matched AI safety risk −0.064∗∗∗ 0.131∗∗∗ 0.138∗∗∗ 0.025 0.015 0.280
(0.022) (0.026) (0.042) (0.043) (0.042) (0.197)

Matched AI governance −0.006 0.007 0.015∗∗ 0.010∗ 0.007 0.013
(0.005) (0.007) (0.006) (0.006) (0.005) (0.020)

Matched AI safety risk × Matched AI governance 0.124 −0.003 −0.159 −0.155 0.080 −0.409
(0.107) (0.068) (0.158) (0.114) (0.119) (0.262)

ln(Market cap) 0.001∗∗∗ 0.000 0.001∗∗ −0.001∗∗∗ 0.001 −0.002∗∗

(0.000) (0.001) (0.001) (0.001) (0.001) (0.001)
ln(Price) −0.003∗∗∗ −0.002∗∗ −0.002∗ −0.002∗∗∗ −0.005∗∗∗ 0.005∗∗∗

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Momentum −0.019∗∗∗ −0.015∗∗∗ −0.026∗∗∗ −0.008∗∗∗ −0.025∗∗∗ −0.039∗∗∗

(0.001) (0.002) (0.002) (0.002) (0.002) (0.005)
Idiosyncratic volatility −0.176∗∗∗ −0.600∗∗∗ −0.383∗∗∗ −0.249∗∗∗ −0.004 −0.274∗

(0.050) (0.090) (0.081) (0.068) (0.070) (0.157)
β 0.013∗∗∗ 0.258∗∗∗ −0.009∗∗∗ −0.003 0.014∗∗∗ −0.010∗∗∗

(0.001) (0.007) (0.002) (0.002) (0.002) (0.004)
ln(Turnover) −0.008 −0.074∗∗ −0.035 −0.103∗∗∗ −0.214∗∗∗ −0.387∗∗

(0.022) (0.037) (0.052) (0.035) (0.040) (0.157)
ln(Amihud) −0.001 −0.004 −0.007∗ −0.005 −0.016∗∗∗ −0.005

(0.003) (0.005) (0.004) (0.004) (0.003) (0.009)
Constant −0.022∗∗∗ 0.035∗∗ 0.027∗∗ 0.026∗∗ −0.023∗∗ −0.010

(0.008) (0.015) (0.012) (0.010) (0.010) (0.019)

GICS sector FE Yes Yes Yes Yes Yes Yes
Event FE Yes Yes Yes Yes Yes Yes
Observations 28,239 7,095 10,580 13,888 17,500 3,376
R2 0.067 0.411 0.161 0.038 0.277 0.104

Notes. Panel A reports the matched AI safety risk coefficient on CAR[0,+5] across progressively richer control sets. Panel B reports the remaining coefficients of the main full specification, including
matched AI governance, the matched AI safety risk × AI governance interaction, all pre-event market controls, fixed effects, observations, and R2. All specifications include GICS sector and event fixed
effects; standard errors are clustered by firm. The matched-risk estimate is strongest in the main specification and becomes less precise once the overall AI safety risk share is added. Alternative CAR
windows, event-level and randomization-inference diagnostics, and the EU AI Act re-dating audit are in Tables A6–A8. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A6. Alternative event windows for the matched AI safety risk event study

(1) (2) (3) (4) (5) (6)
Reg. strength. Reg. reversal Soft gov. Discourse Enforce. Placebo

Panel A. Matched AI safety risk, by CAR window

Matched AI safety risk (CAR[−1,+3]) −0.065∗∗∗ 0.025 0.112∗∗∗ 0.092∗∗ 0.004 0.176
(0.020) (0.024) (0.043) (0.040) (0.027) (0.164)

Matched AI safety risk (CAR[−1,+5]) −0.084∗∗∗ 0.117∗∗∗ 0.145∗∗∗ 0.075 0.016 0.235
(0.023) (0.029) (0.045) (0.047) (0.036) (0.203)

Matched AI safety risk (CAR[0,+3]) −0.042∗∗ 0.036∗ 0.102∗∗∗ 0.041 0.007 0.221
(0.018) (0.021) (0.033) (0.034) (0.034) (0.157)

Matched AI safety risk (CAR[0,+5]) −0.064∗∗∗ 0.131∗∗∗ 0.138∗∗∗ 0.025 0.015 0.280
(0.022) (0.026) (0.042) (0.043) (0.042) (0.197)

Matched AI safety risk (CAR[0,+10]) −0.074∗∗ 0.138∗∗∗ 0.207∗∗∗ 0.052 0.079 0.410∗

(0.029) (0.037) (0.059) (0.064) (0.054) (0.245)
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Table A6. Alternative event windows for the matched AI safety risk event study (continued)

(1) (2) (3) (4) (5) (6)
Reg. strength. Reg. reversal Soft gov. Discourse Enforce. Placebo

Panel B. Full specification at CAR[0,+5]: remaining coefficients

Matched AI safety risk −0.064∗∗∗ 0.131∗∗∗ 0.138∗∗∗ 0.025 0.015 0.280
(0.022) (0.026) (0.042) (0.043) (0.042) (0.197)

Matched AI governance −0.006 0.007 0.015∗∗ 0.010∗ 0.007 0.013
(0.005) (0.007) (0.006) (0.006) (0.005) (0.020)

Matched AI safety risk × Matched AI governance 0.124 −0.003 −0.159 −0.155 0.080 −0.409
(0.107) (0.068) (0.158) (0.114) (0.119) (0.262)

ln(Market cap) 0.001∗∗∗ 0.000 0.001∗∗ −0.001∗∗∗ 0.001 −0.002∗∗

(0.000) (0.001) (0.001) (0.001) (0.001) (0.001)
ln(Price) −0.003∗∗∗ −0.002∗∗ −0.002∗ −0.002∗∗∗ −0.005∗∗∗ 0.005∗∗∗

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Momentum −0.019∗∗∗ −0.015∗∗∗ −0.026∗∗∗ −0.008∗∗∗ −0.025∗∗∗ −0.039∗∗∗

(0.001) (0.002) (0.002) (0.002) (0.002) (0.005)
Idiosyncratic volatility −0.176∗∗∗ −0.600∗∗∗ −0.383∗∗∗ −0.249∗∗∗ −0.004 −0.274∗

(0.050) (0.090) (0.081) (0.068) (0.070) (0.157)
β 0.013∗∗∗ 0.258∗∗∗ −0.009∗∗∗ −0.003 0.014∗∗∗ −0.010∗∗∗

(0.001) (0.007) (0.002) (0.002) (0.002) (0.004)
ln(Turnover) −0.008 −0.074∗∗ −0.035 −0.103∗∗∗ −0.214∗∗∗ −0.387∗∗

(0.022) (0.037) (0.052) (0.035) (0.040) (0.157)
ln(Amihud) −0.001 −0.004 −0.007∗ −0.005 −0.016∗∗∗ −0.005

(0.003) (0.005) (0.004) (0.004) (0.003) (0.009)
Constant −0.022∗∗∗ 0.035∗∗ 0.027∗∗ 0.026∗∗ −0.023∗∗ −0.010

(0.008) (0.015) (0.012) (0.010) (0.010) (0.019)

GICS sector FE Yes Yes Yes Yes Yes Yes
Event FE Yes Yes Yes Yes Yes Yes
Observations (CAR[0,+5]) 28,239 7,095 10,580 13,888 17,500 3,376
R2 (CAR[0,+5]) 0.067 0.411 0.161 0.038 0.277 0.104

Notes. Panel A reports the matched AI safety risk coefficient across alternative CAR windows. Panel B reports the remaining coefficients of the baseline CAR[0,+5]
full-control specification, including matched AI governance, the matched-risk × governance interaction, all pre-event market controls, fixed effects, observations,
and R2. Variable definitions are in Table A1. All specifications include the standard pre-event market controls, GICS sector and event fixed effects; standard errors
are clustered by firm. Regulatory strengthening remains negative across all five windows; soft governance remains positive. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A7. Event-level two-step estimates with randomization inference tests

(1) (2) (3) (4) (5) (6)

Reg. strength. Reg. reversal Soft gov. Discourse Enforce. Placebo

Pooled (firm-event) −0.064∗∗∗ 0.131∗∗∗ 0.138∗∗∗ 0.025 0.015 0.280

(0.022) (0.026) (0.042) (0.043) (0.042) (0.197)

Equal-weighted mean 0.022 0.059 0.089 0.150 −0.250 0.280

(0.053) (0.060) (0.038) (0.147) (0.202) (0.197)

Inverse-variance-weighted mean −0.039∗ 0.094∗∗∗ 0.097∗∗∗ 0.088∗∗ −0.019 0.280

(0.021) (0.026) (0.037) (0.038) (0.033) (0.197)

Sign test (predicted dir.) 4/8 1/2 3/3 - 3/5 -

p = 0.64 p = 0.75 p = 0.12 - p = 0.50 -

Randomization inference p 0.000 0.000 0.010 - 0.696 -

Number of Events 8 2 3 4 5 1

Notes. The table subjects the matched AI safety risk effect of Table 5 (CAR[0,+5]) to small-sample diagnostics, treating the event, rather than the firm-event,
as the unit of observation. Step 1 estimates a separate matched-risk coefficient for each of the 23 events (single-event regressions, full market controls and GICS
sector fixed effects, heteroskedasticity-robust standard errors); Step 2 summarizes the event-level coefficients within each category. Pooled repeats the firm-event
coefficient of Table 5 (firm-clustered standard error); equal-weighted mean treats each event equally (standard error from the cross-event dispersion, t-distribution
with N − 1 degrees of freedom); inverse-variance-weighted mean weights events by precision. The sign test reports the number of events whose coefficient has
the category’s predicted sign and the one-sided binomial p-value against an even split; it is undefined for the discourse and placebo categories, which carry no
directional prediction. Randomization inference p is the share of 500 permutations, in which matched AI safety risk is reshuffled across firms within each event,
whose absolute coefficient is at least as large as the actual absolute coefficient (computed for the four directional categories). Standard errors in parentheses;
significance stars on the coefficient rows are from the stated standard error. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A8. EU AI Act re-dating: regulatory strengthening category across event
windows

(1) (2) (3)
CAR[−1,+5] CAR[0,+5] CAR[0,+10]

Matched AI safety risk −0.063∗∗ −0.046∗∗ −0.059∗

(0.024) (0.023) (0.031)
Matched AI governance −0.007 −0.004 0.004

(0.005) (0.005) (0.006)
Matched AI safety risk × Matched AI governance 0.103 0.101 0.021

(0.107) (0.106) (0.104)
ln(Market cap) 0.001∗ 0.001∗∗ 0.001∗∗

(0.000) (0.000) (0.001)
ln(Price) −0.003∗∗∗ −0.004∗∗∗ −0.007∗∗∗

(0.001) (0.001) (0.001)
Momentum −0.023∗∗∗ −0.018∗∗∗ −0.042∗∗∗

(0.002) (0.001) (0.002)
Idiosyncratic volatility −0.200∗∗∗ −0.128∗∗ −0.237∗∗∗

(0.056) (0.054) (0.078)
β 0.005∗∗∗ 0.006∗∗∗ 0.006∗∗

(0.002) (0.002) (0.002)
ln(Turnover) −0.018 −0.017 −0.064∗∗

(0.023) (0.022) (0.032)
ln(Amihud) 0.001 −0.001 −0.017∗∗∗

(0.003) (0.003) (0.004)
Constant −0.021∗∗ −0.012 0.024∗∗

(0.009) (0.009) (0.012)

GICS sector FE Yes Yes Yes
Event FE Yes Yes Yes
EU AI Act event Excluded Excluded Excluded
Observations 24,802 24,803 24,794
R2 0.049 0.040 0.092

Notes. The table audits the December 2023 macro confounds around the re-dated EU AI Act event.
Following the event re-dating, the EU AI Act enters the matched event study at the 2023-12-08
trilogue political agreement—the first market-moving news—rather than at the procedural 2024-
03-13 European Parliament vote. Because the single-event EU AI Act estimate is entangled with
two nearby macro events (the November US employment report on 2023-12-08 and the 2023-12-
13 FOMC “dovish pivot”), each column re-estimates the pooled regulatory strengthening matched
event study excluding the EU AI Act event over a different cumulative-abnormal-return window.
The matched AI safety risk coefficient remains negative and statistically significant across all three
windows, so the category-level result does not rest on the re-dated EU AI Act event. For compar-
ison, the full eight-event-category coefficients across windows (−0.084, −0.064, and −0.074) are
in Table A6. Each column is the full specification (matched AI safety risk, matched AI governance,
their interaction, and the standard pre-event market controls) with event and GICS sector fixed ef-
fects; standard errors are clustered by firm. Variable definitions are in Table A1. *** p < 0.01, **
p < 0.05, * p < 0.10.
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Table A9. Placebo tests for the matched AI safety risk event study

Panel A. Capability-shock placebo (ChatGPT release, 2022-11-30): CAR with different event windows.

(1) (2) (3)
CAR[−1,+5] CAR[0,+5] CAR[0,+10]

Matched AI safety risk 0.235 0.280 0.410∗

(0.203) (0.197) (0.245)
Matched AI governance 0.012 0.013 0.029

(0.024) (0.020) (0.028)
Matched AI safety risk × Matched AI governance −0.337 −0.409 −0.709∗∗

(0.283) (0.262) (0.305)
ln(Market cap) −0.001 −0.002∗∗ 0.000

(0.001) (0.001) (0.001)
ln(Price) 0.004∗∗∗ 0.005∗∗∗ 0.009∗∗∗

(0.002) (0.001) (0.002)
Momentum −0.045∗∗∗ −0.039∗∗∗ −0.074∗∗∗

(0.005) (0.005) (0.007)
β −0.014∗∗∗ −0.010∗∗∗ −0.006

(0.004) (0.004) (0.005)
Idiosyncratic volatility −0.382∗∗ −0.274∗ −0.420∗

(0.171) (0.157) (0.249)
ln(Turnover) −0.324∗∗ −0.387∗∗ −0.660∗∗∗

(0.162) (0.157) (0.235)
ln(Amihud) −0.005 −0.005 0.006

(0.009) (0.009) (0.013)
Constant −0.019 −0.010 −0.056∗

(0.020) (0.019) (0.030)

GICS sector FE Yes Yes Yes
Event FE Yes Yes Yes
Observations 3,376 3,376 3,376
R2 0.090 0.104 0.108
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Table A9. Placebo tests for the matched AI safety risk event study (continued)

Panel B. Random-match placebo across all six shock categories (CAR[0,+5], 200 draws).

(1) (2) (3)

True coef. Random mean
Random-match

p-value

Regulatory strengthening −0.052 −0.060 0.720

Regulatory reversal 0.137 0.137 0.395

Soft governance 0.126 0.106 0.305

Discourse signals 0.003 −0.013 0.935

Enforcement precedent 0.040 0.048 0.590

Capability placebo 0.230 0.498 0.920

Market controls Yes Yes Yes

GICS sector FE Yes Yes Yes

Event FE Yes Yes Yes

Notes. The table reports two placebos for the matched AI safety risk event study of Table 5. Panel A replaces the
safety/regulatory event set with a single capability shock—the public release of ChatGPT on 2022-11-30—and re-
estimates the matched-risk, matched-governance, and interaction specification across three CAR windows. Because
a capability shock changes neither the legal cost of an AI harm category nor the governance landscape, the financial-
internalization interpretation predicts no systematic repricing of matched AI safety risk or matched AI governance
text. Panel B reports a random-match placebo across all six categories: each event is reassigned a random set of
AI safety risk categories of the same size, matched risk is recomputed, and the CAR[0,+5] category regression is
re-estimated (200 draws). For each category the columns report the true matched-risk coefficient (column 1), the mean
coefficient across the 200 random-match draws (column 2), and the random-match p-value (column 3). The random-
match p-value is the two-sided share of the 200 draws whose coefficient is at least as large in absolute value as the true
matched-risk coefficient; a value far from zero indicates that the true coefficient is statistically indistinguishable from
what random category matching alone would produce. All regressions include the standard pre-event market controls,
GICS sector and event fixed effects, with standard errors clustered by firm. *** p < 0.01, ** p < 0.05, * p < 0.10.

64



Table A10. Filing window event study based on subsamples

(1) (2) (3)
Full sample
(all years) Post-2020 GenAI era

(≥2023)

AI safety risk × Item 1/7 gov. action −0.206∗∗ −0.220∗∗ −0.119
(0.095) (0.099) (0.084)

Item 1A gov. × Item 1/7 gov. action 0.037 0.034 0.008
(0.059) (0.059) (0.050)

AI safety risk 0.180∗∗∗ 0.182∗∗∗ 0.170∗∗∗

(0.056) (0.057) (0.061)
AI business risk −0.081 −0.101 −0.068

(0.076) (0.080) (0.087)
Item 1A AI governance (dummy) 0.008 0.009 0.008

(0.012) (0.012) (0.013)
Item 1A AI text share −0.032 0.033 −0.034

(0.183) (0.189) (0.230)
Item 1/7 AI text share −0.004 −0.065 0.042

(0.174) (0.224) (0.326)
Item 1/7 specific gov. action (dummy) 0.006 0.010 −0.007

(0.019) (0.020) (0.011)
ln(Market cap) 0.000 0.000 0.000

(0.001) (0.001) (0.001)
ln(Price) 0.001 0.001 0.001

(0.001) (0.002) (0.001)
Lagged return −0.009 −0.006 −0.031

(0.014) (0.017) (0.020)
Momentum (12-2) −0.001 0.001 0.003

(0.004) (0.006) (0.005)
Realized volatility 0.088 −0.078 0.104

(0.151) (0.140) (0.180)
12-month return volatility −0.034 −0.019 −0.090

(0.027) (0.035) (0.057)
β (24-month) 0.002 0.001 0.004

(0.002) (0.004) (0.004)
ln(Turnover) −0.194 −0.164 −0.359∗∗∗

(0.131) (0.142) (0.136)
ln(Amihud) 0.004 0.010 0.027∗∗∗

(0.006) (0.014) (0.008)
Constant −0.016 −0.023 0.016

(0.016) (0.029) (0.019)

GICS sector FE Yes Yes Yes
Event-month FE Yes Yes Yes
Firms 2,062 1,990 1,922
Observations 16,599 8,790 3,633
R2 0.058 0.068 0.100

Notes. The table reports filing-window CAR[0,+5] regressions around the firm’s own SEC 10-K filing date, testing
whether a concrete Item 1/Item 7 AI governance action attenuates the pricing of AI safety risk disclosure. The key
coefficient is the interaction of AI safety risk intensity with the specific Item 1/7 governance-action dummy. Each
column re-estimates the same model (AI safety risk and AI business risk, the Item 1A AI governance dummy, the
Item 1A and Item 1/7 AI text shares, the Item 1/7 governance-action dummy, its two interactions with the AI risk
and governance measures, the pre-filing month-lagged market controls listed in Table A1, and event-month and GICS
sector fixed effects) on a different sample window: the full sample, post-2020 filings, and GenAI-era filings from 2023
onward. Standard errors (in parentheses) are double-clustered by firm and event-month. *** p < 0.01, ** p < 0.05, *
p < 0.10.
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Table A11. Event study robustness checks based on overall and specific AI governance

(1) (2) (3) (4) (5)
Reg. strength. Reg. reversal Soft gov. Discourse Enforce.

Panel A. Specific governance (10-K Items 1/7, GovAction)
Matched AI safety risk −0.050 0.133∗∗∗ 0.041 −0.078 −0.040

(0.032) (0.033) (0.062) (0.049) (0.064)
AI governance (dummy) −0.002 0.012 0.003 0.003 0.004

(0.010) (0.015) (0.013) (0.011) (0.009)
Matched AI safety risk × AI governance 0.079 −0.139 −0.445 0.199 −0.132

(0.152) (0.121) (0.288) (0.316) (0.115)
ln(Price) −0.003∗∗∗ −0.002 −0.001 −0.002∗∗ −0.005∗∗∗

(0.001) (0.001) (0.001) (0.001) (0.001)
Pre-event return −4.990∗∗∗ −3.529∗∗∗ −5.928∗∗∗ −5.335∗∗∗ −5.120∗∗∗

(0.572) (1.200) (0.797) (0.876) (0.777)
Momentum 0.003 −0.003 −0.002 0.013∗∗∗ −0.004

(0.003) (0.005) (0.004) (0.004) (0.003)
Idiosyncratic volatility 0.083 −0.455∗∗∗ −0.113 −0.016 0.206∗∗∗

(0.056) (0.107) (0.088) (0.076) (0.078)
β 0.004∗∗ 0.256∗∗∗ −0.011∗∗∗ −0.004∗∗ 0.013∗∗∗

(0.001) (0.007) (0.002) (0.002) (0.002)
ln(Turnover) −0.043∗∗ −0.098∗∗∗ −0.072 −0.134∗∗∗ −0.237∗∗∗

(0.022) (0.035) (0.050) (0.036) (0.040)
ln(Amihud) 0.000 −0.002 −0.007 −0.004 −0.015∗∗∗

(0.003) (0.005) (0.004) (0.004) (0.003)
Constant −0.022∗∗∗ 0.023 0.001 0.005 −0.040∗∗∗

(0.008) (0.015) (0.013) (0.010) (0.010)

GICS sector FE Yes Yes Yes Yes Yes
Event FE Yes Yes Yes Yes Yes
Observations 27,654 6,938 10,339 13,559 17,104
R2 0.046 0.415 0.173 0.048 0.282
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Table A11. Event study robustness checks based on overall and specific AI governance (continued)

(1) (2) (3) (4) (5)
Reg. strength. Reg. reversal Soft gov. Discourse Enforce.

Panel B. AI governance (10-K Item 1A, AI_GovMitigation)
Matched AI safety risk −0.069∗∗∗ 0.122∗∗∗ 0.011 −0.085 −0.055

(0.027) (0.034) (0.066) (0.054) (0.064)
AI governance (dummy) −0.016∗∗ 0.003 0.023∗∗ −0.003 0.011

(0.007) (0.008) (0.010) (0.009) (0.009)
Matched AI safety risk × AI governance 0.274∗ 0.012 −0.186 0.199 −0.116

(0.150) (0.106) (0.237) (0.150) (0.177)
ln(Market cap) 0.001∗∗∗ 0.000 0.002∗∗∗ −0.001 0.001∗∗

(0.000) (0.001) (0.001) (0.001) (0.001)
ln(Price) −0.003∗∗∗ −0.002 −0.001 −0.002∗∗ −0.005∗∗∗

(0.001) (0.001) (0.001) (0.001) (0.001)
Pre-event return −4.988∗∗∗ −3.540∗∗∗ −5.918∗∗∗ −5.329∗∗∗ −5.111∗∗∗

(0.572) (1.199) (0.797) (0.875) (0.777)
Momentum 0.003 −0.003 −0.002 0.013∗∗∗ −0.004

(0.003) (0.005) (0.004) (0.004) (0.003)
Idiosyncratic volatility 0.082 −0.454∗∗∗ −0.113 −0.016 0.205∗∗∗

(0.056) (0.106) (0.088) (0.076) (0.078)
β 0.004∗∗ 0.256∗∗∗ −0.011∗∗∗ −0.004∗∗ 0.013∗∗∗

(0.001) (0.007) (0.002) (0.002) (0.002)
ln(Turnover) −0.044∗∗ −0.098∗∗∗ −0.071 −0.133∗∗∗ −0.237∗∗∗

(0.022) (0.035) (0.050) (0.036) (0.040)
ln(Amihud) 0.000 −0.002 −0.007 −0.004 −0.015∗∗∗

(0.003) (0.005) (0.004) (0.004) (0.003)
Constant −0.022∗∗∗ 0.023 0.002 0.007 −0.039∗∗∗

(0.008) (0.015) (0.013) (0.010) (0.010)

GICS sector FE Yes Yes Yes Yes Yes
Event FE Yes Yes Yes Yes Yes
Observations 27,654 6,938 10,339 13,559 17,104
R2 0.046 0.415 0.174 0.048 0.282

Notes. Each column is a CAR[0,+5] regression including matched AI safety risk, an AI governance indicator, their interaction, standard pre-event market controls,
GICS sector and event fixed effects, and firm-clustered standard errors. Panel A uses specific AI governance disclosed in 10-K Items 1 and 7. Panel B uses the
Item 1A AI governance indicator. The single capability-placebo event is excluded. *** p < 0.01, ** p < 0.05, * p < 0.10.

67



Table A12. Ownership reallocation around AI safety shocks

(1) (2) (3)
∆ Pension own. ∆ Non-pension own. ∆ Total own.

Matched AI safety risk −0.024 0.516 0.549
(0.050) (1.645) (1.654)

ln(Market cap) −0.002∗∗ 0.005 0.002
(0.001) (0.034) (0.034)

ln(Price) −0.004∗∗∗ 0.105∗ 0.102∗

(0.001) (0.054) (0.054)
Pre-event return 0.230 105.871∗∗∗ 106.699∗∗∗

(0.402) (34.333) (34.436)
Momentum 0.034∗∗∗ 1.101∗∗∗ 1.128∗∗∗

(0.003) (0.186) (0.186)
Idiosyncratic volatility 0.171∗∗∗ 11.049∗∗∗ 11.265∗∗∗

(0.057) (4.159) (4.165)
β −0.014∗∗∗ −0.202∗ −0.215∗∗

(0.002) (0.107) (0.108)
ln(Turnover) −0.034∗∗ 0.410 0.350

(0.015) (1.461) (1.465)
ln(Amihud) −0.004∗ −0.647∗∗∗ −0.651∗∗∗

(0.002) (0.178) (0.178)
Constant 0.053∗∗∗ 0.933 1.000

(0.015) (0.723) (0.727)

GICS sector FE Yes Yes Yes
Event FE Yes Yes Yes
Firms 4,003 4,003 4,003
Observations 77,301 77,301 77,301
R2 0.053 0.035 0.036

Notes. The table tests whether the event-window pricing of AI safety risk is accompanied by observable reallocation
of institutional ownership. Each column regresses the change in 13F ownership on matched AI safety risk text and
the standard pre-event market controls, with GICS sector and event fixed effects and standard errors clustered by
firm, pooling the non-placebo shock shock categories (the single capability-placebo event is excluded). Pre-event
ownership is the latest 13F quarter reportable by the event date (quarter-end plus 45 days); post-event ownership is
the 13F quarter two quarters later; the dependent variable is the change in ownership in percentage points of shares
outstanding, winsorized at the 1st and 99th percentiles. Pension ownership is held by the reviewed Thomson Reuters
s34 public-pension manager set, Non-pension ownership by all other 13F institutions, and Total by all 13F institutions.
The matched-risk coefficient is statistically insignificant for all three ownership measures; estimating each regression
separately by shock category yields the same null in every category. Because 13F ownership is quarterly and adjusts
slowly, these tests are best read as supporting evidence. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Table A13. Dynamic risk repricing around AI safety shocks

Event month Regulatory strengthening Regulatory reversal Soft governance Discourse signals Enforcement precedent Capability placebo

τ = −1 0.000 0.000 0.000 0.000 0.000 0.000
(ref.) (ref.) (ref.) (ref.) (ref.) (ref.)

τ = +0 −0.640∗∗ 1.571∗∗∗ 0.225 1.349∗∗∗ −0.965∗∗∗ 0.569
(0.294) (0.606) (0.705) (0.511) (0.370) (1.777)

τ = +1 −0.231 0.959 −0.385 −0.213 −0.012 1.588
(0.263) (0.601) (0.593) (0.467) (0.385) (2.076)

τ = +2 −0.184 1.165∗ 0.255 −0.291 1.382∗∗ 11.253∗∗∗

(0.295) (0.689) (0.417) (0.439) (0.545) (3.919)
τ = +3 0.399 1.066 −0.680 1.504∗∗ −1.182∗∗∗ 3.445∗∗

(0.300) (0.736) (0.426) (0.643) (0.417) (1.707)
τ = +4 0.717∗∗ 1.050 1.080∗ 0.388 1.022∗∗ 6.105∗∗∗

(0.307) (0.665) (0.566) (0.471) (0.406) (2.226)

Firm FE Yes Yes Yes Yes Yes Yes
Event × month FE Yes Yes Yes Yes Yes Yes
Firm-clustered SE Yes Yes Yes Yes Yes Yes

Notes. The table reports a stacked difference-in-differences regression estimated on a firm-event-month panel in event time. For each shock category, monthly
market-adjusted abnormal returns (in percentage points) are regressed on the interaction of a matched AI-safety-risk disclosure indicator with relative-month
dummies, absorbing firm fixed effects and event-by-relative-month fixed effects, with standard errors clustered by firm. Relative month τ = −1 is the omitted
reference month, so each post-event coefficient (τ ≥ 0) is the differential monthly abnormal return of matched-risk firms relative to the month before the shock and
traces the dynamic repricing in the five months following the event. *** p < 0.01, ** p < 0.05, * p < 0.10.
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Appendix B. Text extraction and AI text-measure construction

This appendix documents how the AI text measures used in the main text and in Appendix A are

constructed from 10-K filings. The pipeline is deterministic and rule-based: it parses each filing,

segments it into sentences, flags AI-related sentences, classifies them into risk, governance, and

harm sub-categories using fixed term dictionaries aligned with the NIST AI Risk Management

Framework1 and the EU AI Act2, and aggregates sentence counts into filing-level intensities (the

classification-then-count approach of Hassan et al. (2019) and Kim et al. (2023)). The resulting

measures are validated against independent human coding and a large-language-model classifier

(Step B.6).

B.1 Filing parsing and section extraction

We collect 10-K filings from SEC EDGAR. For each filing we strip HTML markup, normalize

Unicode and whitespace, and locate the standard item headers. We extract three sections: Item 1A

(Risk Factors), Item 1 (Business), and Item 7 (Management’s Discussion and Analysis). Each

section runs from its item header to the next item header, and a section is treated as missing if it

contains fewer than 500 characters of usable text. The Item 1A risk-factor text feeds the AI safety-

risk and Item 1A AI governance measures; Item 1 and Item 7 feed the Item 1/7 AI text share, the

AI-opportunity measure, and the specific governance-action measure.

B.2 Sentence segmentation and AI-relevance flagging

Each section is segmented into sentences, and a sentence is flagged as AI-related if it contains any

of the following:

• an explicit AI term, such as artificial intelligence, machine learning, large language model,

generative AI, neural network, algorithm, or automated decision;

• a named AI model or developer, such as GPT, ChatGPT, or OpenAI; or
1National Institute of Standards and Technology, “Artificial Intelligence Risk Management Framework (AI RMF 1.0),”
NIST AI 100-1, January 2023.

2European Parliament and Council of the European Union, “Regulation (EU) 2024/1689 of the European Parliament
and of the Council of 13 June 2024 Laying Down Harmonised Rules on Artificial Intelligence (Artificial Intelligence
Act),” Official Journal of the European Union, L series, 2024.
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• a standalone “AI” token appearing in an AI context, i.e., co-occurring with terms such as

model, algorithm, automation, data, bias, privacy, security, or regulation.

We apply false-positive guards so that, for instance, “LLM” in its legal-degree sense (Master of

Laws), or “AI” embedded in an unrelated token, is not counted.

B.3 Risk, governance, and opportunity classification

Each AI-related sentence is then labeled by the disclosure language it contains:

• an AI risk sentence contains risk or harm language (e.g., risk, threat, failure, error, breach,

liability, litigation, regulation, bias, discrimination, or privacy and security harm);

• an AI governance/mitigation sentence contains oversight or control language (e.g., gover-

nance, oversight, board or committee, policy, monitoring, controls, audit, or model valida-

tion and testing);

• an AI opportunity sentence (in Item 1 and Item 7) contains growth or commercialization

language.

A sentence may carry both a risk and a governance label.

B.4 AI safety-risk sub-categories

Each AI-risk sentence is assigned to one or more harm sub-categories using category-specific term

dictionaries:

• Regulatory exposure: regulation, compliance, law, legal, government, agency, AI Act, bill of

rights.

• Cyber/privacy exposure: cybersecurity, privacy, personal data, security or data breach, unau-

thorized, confidential.

• Bias/ethics: bias, fairness, discrimination, ethical, ethics, responsible AI, trustworthy AI.

• Accuracy/reliability: inaccuracy, incorrect, error, hallucination, unreliable, reliability, qual-

ity, validity.
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• Competition: competition, competitive, competitors, technological change, obsolescence,

keep pace, fall behind.

• IP/legal: intellectual property, copyright, infringement, trade secret, litigation, lawsuit, claims,

liability.

• Third-party dependence: third parties, vendors, suppliers, service providers, partners.

• Operational: operations, business interruption, disruption, system failure, deployment, im-

plementation, integration, infrastructure.

A separate frontier tier—catastrophic misuse, loss-of-control, and existential safety—is built from a

narrower dictionary (dual-use or malicious misuse of AI, bad actors, and human-extinction, loss-of-

control, or existential-risk language) and reported separately, because it appears in only a handful

of firm-event observations.

B.5 Measure construction

For firm i and filing d, the continuous AI risk-factor intensity is

AI Risk Textid =
# {Item 1A sentences classified as AI-related risk}

# {sentences in Item 1A}
, (B.1)

and the corresponding dummy equals one if the numerator is positive. Sub-category intensities

and the Item 1A AI governance measure are defined analogously, restricting the numerator to

sentences carrying the relevant sub-category or governance label. For shock family f , the matched

risk measure restricts the numerator to the sub-categories theoretically matched to f :

Matched AI Safety Riskidf =
# {Item 1A AI-risk sentences in sub-categories matched to f}

# {sentences in Item 1A}
,

(B.2)

where the family-to-sub-category mapping is given in Table 2. The Item 1/Item 7 AI text shares,

the AI-opportunity measure, and the specific governance-action measure are constructed in the
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same way from the Item 1 and Item 7 sections. Because every measure is scaled by section length,

the measures are comparable across filings of different lengths.

B.6 Validation

We validate the rule-based measures in two ways. First, two research assistants independently

hand-code a stratified random sample of 1,500 filing sections using the same twelve-category tax-

onomy as the language-model classifier described below, which yields extraction precision, recall,

and inter-coder agreement statistics. Second, we benchmark the rule-based measures against that

language-model classifier applied to the same sentences and test whether the language-model mea-

sures subsume the rule-based measures in return regressions.3

The classifier is DeepSeek deepseek-chat, queried through an OpenAI-compatible API at

temperature 0 with an 8,192-token output limit; each section is classified three times and the labels

are combined by majority vote. The model reads the section text and returns, as structured JSON,

every AI-related sentence quoted verbatim together with exactly one of twelve category labels:

• AI risk (five): safety (biased, erroneous, or uncontrolled outputs); misuse (harmful third-

party use); security (AI cyber/privacy vulnerabilities); dependency (reliance on third-party

AI); and regulatory (AI laws, compliance, enforcement).

• AI governance (five): governance structure (policies, oversight bodies, AI leads); risk as-

sessment (impact evaluations, audits, bias testing); monitoring (ongoing model and fairness

tracking); mitigation (red-teaming, safety teams, human-in-the-loop); and vague/aspirational

“responsible AI” language without concrete actions.

• AI opportunity (two): AI products and AI investment.

The classification prompt is, in condensed form:

System. You are a research assistant classifying AI-related disclosures in corporate 10-K fil-

ings; follow the instructions precisely.

User. Read the 10-K text below. Find every statement related to artificial intelligence, machine

3This mirrors the keyword-versus-large-language-model comparison of text measures in Siano (2025).
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learning, automated decision-making, or algorithmic systems. For each statement, quote the

relevant sentence(s) verbatim and classify it into exactly one of the twelve categories above.

Each quote is one to three sentences and maps to a single category; return an empty list if

no AI-related content exists; and exclude general technology, digitalization, or data-analytics

content unless it specifically mentions AI, machine learning, or algorithmic systems. Output

valid JSON only: a list of items, each with the verbatim quote and its category code (e.g.

RISK_SAFETY).

These checks support the validity of the textual measures.
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