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Weathering AI: Artificial intelligence, climate change, and the Paris Agreement 

Abstract 

We explore the impact of artificial intelligence (AI) workforce adoption on shareholder 

value in the context of climate change, using stock market reactions to the Paris Agreement as a 

natural experiment. Leveraging an innovative dataset from Babina et al. (2024), which employs 

advanced textual analysis to measure AI-skilled employees, we provide empirical evidence that AI 

workforce adoption significantly enhances cumulative abnormal returns during this critical policy 

event. Firms with greater climate change exposure derive smaller benefits from AI adoption, likely 

because of competing priorities between investing in AI initiatives and addressing climate-related 

strategies. Moreover, AI adoption enhances R&D efforts, signaling strong innovation potential, 

but raises concerns about resource allocation in highly profitable firms. Finally, we demonstrate 

that abnormal returns attributable to AI workforce adoption predict long-term firm value, 

emphasizing AI’s strategic importance in driving shareholder value and adaptability in a climate-

conscious economy. 
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"AI is one of the most important things humanity is working on. It is more profound than 

electricity or fire." 

— Sundar Pichai, Google CEO, speaking at a town hall event in San Francisco, January 2018 

“We are the first generation that can end poverty, the last that can end climate change.” 

— Ban Ki-moon, UN Secretary General, remarks at the Catholic University of Leuven, Belgium, 

2015 

1. Introduction 

Artificial intelligence (AI) is revolutionizing industries, creating new opportunities for 

growth, and forcing firms to rethink how they adapt to a world increasingly shaped by climate 

change (Agrawal et al., 2019; Belhadi et al., 2021; Lee et al., 2019). At the same time, the growing 

severity of climate-related risks—intensified by landmark policies like the Paris Agreement—

demands that firms develop new strategies for resilience and long-term value creation (Bernstein 

et al., 2019; Giglio et al., 2021; Sautner et al., 2023). These two forces—rapid AI adoption and 

accelerating climate risk—have become defining features of modern business, with far-reaching 

implications for shareholder value and corporate strategy. 

This study is driven by the urgent need to understand how AI workforce adoption shapes 

shareholder value during major climate policy shifts. We focus on the Paris Agreement as a major 

global policy event, using stock market reactions as a lens to assess whether AI-skilled employees 

enhance firm adaptability and investor confidence. With climate policy introducing new 

uncertainties and expectations, investors are increasingly attentive to how firms leverage advanced 

technologies to remain competitive and resilient. While existing research recognizes the promise 

of AI for innovation and operational efficiency (Agrawal et al., 2019; Mihet & Philippon, 2019), 
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there is little direct evidence on its economic impact at moments of regulatory transformation, 

especially when climate risk is high. 

This study is anchored by a direct comparison of two competing perspectives on the impact 

of AI workforce adoption in the climate policy context. On one hand, the “adaptation advantage 

hypothesis” suggests that AI adoption enhances firm resilience and adaptability to climate change, 

leading to more favorable outcomes for shareholders. 1  On the other hand, the “AI burden 

hypothesis” argues that heavy investment in AI may divert critical resources away from targeted 

climate strategies, potentially resulting in negative investor reactions during periods of major 

policy change. By explicitly contrasting these two views, our analysis is designed to reveal whether 

AI workforce adoption is perceived by investors as a strategic asset or a potential liability in the 

evolving landscape shaped by climate risk and regulatory transformation. 

Drawing on detailed measures of AI workforce adoption (Babina et al., 2024), our analysis 

shows that firms with higher shares of AI-skilled employees experience more favorable market 

reactions to the Paris Agreement. However, this benefit diminishes for firms facing greater climate 

risk, underscoring the challenge of balancing technology investments with the immediate demands 

of climate adaptation. We further find that the value investors place on AI adoption is shaped by 

internal firm characteristics, such as R&D investment, profitability, and leverage—offering new 

insights into when AI is seen as a strategic advantage. 

 
1 A growing body of research suggests several mechanisms by which AI adoption may help firms adapt to climate 

change and mitigate climate risks. AI-driven analytics can enable firms to better predict and manage physical climate 

risks (e.g., extreme weather), optimize resource allocation, and strengthen supply chain resilience (Babina et al., 2024; 

Sautner et al., 2023). AI also supports compliance by automating regulatory monitoring and reporting, while fostering 

innovation in energy efficiency and emissions reduction (Mihet & Philippon, 2019; Brynjolfsson et al., 2021). At the 

firm level, an AI-skilled workforce enhances adaptability by equipping employees with tools for rapid scenario 

analysis, climate risk modeling, and the integration of climate data into strategic planning. These capabilities may 

allow firms to proactively address evolving climate challenges, comply with policy, and capitalize on emerging 

opportunities in a low-carbon economy. 
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Importantly, the positive stock market reactions to AI workforce adoption are not fleeting: 

they are predictive of sustained improvements in firm value, measured by Tobin’s q, in the years 

following the Paris Agreement. This underscores the long-term importance of building AI talent 

for resilience and growth in a climate-conscious economy. 

This paper makes several significant contributions to the intersection of artificial 

intelligence (AI) and climate change, offering valuable insights into how technological adoption 

influences firm performance during critical policy events. First, it enriches the growing body of 

literature on the economic implications of climate change by examining how AI adoption interacts 

with climate-focused regulatory and market dynamics (Bernstein et al., 2019; Chatjuthamard, 

Mook Lee, et al., 2024; Chindasombatcharoen et al., 2024; Choi et al., 2020; Nordhaus, 2019; 

Painter, 2020; Sautner et al., 2023; Seltzer et al., 2022; Stroebel & Wurgler, 2021; Treepongkaruna 

et al., 2024). By leveraging the Paris Agreement as a global exogenous event, our study highlights 

how technological preparedness and adaptability influence shareholder value in the context of 

climate policy shifts, adding to research on how firms navigate climate challenges. 

Second, this paper contributes to recent literature leveraging textual analysis to extract 

insights into firm characteristics that are otherwise difficult to measure (Buehlmaier & Whited, 

2018; Florackis et al., 2022; Li, 2010; Loughran & Mcdonald, 2011, 2016; Loughran & McDonald, 

2020; Ongsakul et al., 2024, 2023; Ungpakorn et al., 2023; Wongsinhirun & Chatjuthamard, 2023). 

We employ the innovative AI workforce measure developed by Babina et al. (2024), which uses 

advanced textual analysis to quantify the presence of AI-skilled employees at the firm level. Our 

finding that this measure is significantly related to shareholder value during the Paris Agreement 

highlights its practical utility and underscores its importance as a tool for understanding the 

economic implications of AI adoption. This application not only demonstrates the robustness of 
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the measure but also paves the way for future research on the intersection of AI workforce 

integration and financial performance. 

Third, our findings contribute to the literature on firm-specific attributes and their 

interaction with technological adoption (Chen & Tajdini, 2024; Nafizah et al., 2024). This study 

shows that AI adoption complements R&D investments, signaling innovation potential, while 

raising resource allocation concerns for highly profitable firms—insights grounded in resource-

based theory (Barney, 1991; Barney et al., 2021; Das & Teng, 2000; Hart, 1995), innovation theory 

(Schumpeter, 1942), and agency theory (Fama, 1980; Jensen & Meckling, 1976; Jiraporn et al., 

2011). The analysis also highlights how leverage enhances the perceived value of AI adoption, as 

it signals managerial discipline (Chatjuthamard et al., 2022; Harris & Raviv, 1991; Harvey et al., 

2004; Jiraporn & Gleason, 2007; Jiraporn & Liu, 2008; Titman & Wessels, 1988). 

Fourth, this paper adds to the understanding of governance structures and their role in 

moderating market reactions to AI adoption. The findings suggest that traditional governance 

metrics, such as board independence and managerial ownership (Chatjuthamard et al., 2023; 

Duchin et al., 2010; Jensen & Meckling, 1976; Morck et al., 1988; Nguyen & Nielsen, 2010; 

Wongsinhirun et al., 2023), have limited influence on market perceptions of AI workforce adoption 

during climate-focused events. This highlights the need to rethink governance frameworks to better 

align with the strategic implications of technological and environmental objectives, contributing 

to the literature on dynamic governance in the context of innovation (Hillman et al., 2011; 

Samarawickrama, 2022). 

Finally, our study breaks new ground by connecting short-term market reactions, as 

measured by cumulative abnormal returns (CARs), to long-term firm value, as measured by 

Tobin’s q. This linkage provides evidence that market responses to AI workforce adoption during 
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the Paris Agreement reflect genuine expectations of sustained economic benefits, bridging the gap 

between event-driven investor sentiment and broader performance outcomes. By tying these 

findings to the efficient market hypothesis and resource-based theory (Fama, 1970; Malkiel, 2003; 

Barney, 1991; Barney et al., 2021; Das & Teng, 2000; Hart, 1995), our study offers a robust 

theoretical framework for understanding how AI adoption drives shareholder value over time. 

2. Pertinent information and prior research 

This study explores the intersection of artificial intelligence (AI), climate change, and the 

regulatory implications of the Paris Agreement, emphasizing the strategic significance of AI 

workforce adoption in enhancing corporate resilience and shareholder value amidst climate-related 

risks and opportunities. 

Artificial intelligence (AI) has become increasingly central to corporate strategy, with 

profound implications for economic productivity, innovation, and competitive advantage. AI 

technologies, characterized by their advanced predictive capabilities and scalability, enable firms 

to improve operational efficiencies and foster innovative outcomes, aligning AI with historical 

general-purpose technologies like electricity and the Internet (Agrawal et al., 2019; Brynjolfsson 

et al., 2021). Recent empirical evidence demonstrates that firms actively investing in AI experience 

accelerated growth in market value, sales, and employment, largely driven by product innovation 

(Babina et al., 2024). However, the critical driver behind the successful adoption of AI is not 

merely technology itself but the skilled workforce capable of leveraging AI systems effectively. 

Babina et al. (2024) emphasize this workforce dimension, utilizing advanced textual analysis of 

resume data to quantify the presence and impact of AI-skilled labor in firms, making a compelling 

case for why AI labor should be viewed as distinct and critical within broader AI adoption. 
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Climate change represents a systemic risk to global economies and financial markets, 

impacting firm performance, asset valuation, and investment strategies (Bernstein et al., 2019; 

Giglio et al., 2021). Companies exposed to significant climate risks—such as extreme weather 

events or stringent regulatory frameworks—often face higher capital costs, reduced valuations, 

and increased market scrutiny (Choi et al., 2020; Painter, 2020; Seltzer et al., 2022). Institutional 

investors increasingly incorporate climate vulnerability into their decision-making, viewing 

climate risk management as essential to sustained financial performance and stability (Krueger et 

al., 2020). Emerging literature using innovative textual analytics has further advanced our 

understanding of firm-specific climate risk, capturing nuanced variations in vulnerability through 

machine-learning methods applied to earnings call transcripts (Sautner et al., 2023). Such granular 

measures significantly enrich our comprehension of how firms' strategic and financial outcomes 

are influenced by climate-related challenges. 

The Paris Agreement, adopted in December 2015, marked a turning point in global climate 

governance, mandating substantial reductions in greenhouse gas emissions and enhancing 

adaptation measures. As the most prominent international climate accord to date, the Paris 

Agreement significantly reshaped the regulatory and market environment, prompting firms 

worldwide to reassess their sustainability strategies and risk management frameworks 

(Lesnikowski et al., 2017; Streck et al., 2016). Prior research underscores the Paris Agreement's 

broad implications, highlighting how regulatory shifts under this framework impacted market 

valuations, corporate financing decisions, and investor expectations, especially for firms in 

environmentally sensitive industries (Chishti et al., 2024; Painter, 2020). 

Critically, the intersection of AI adoption, climate risk management, and regulatory 

responses remains underexplored. Existing studies separately highlight AI’s potential in boosting 
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productivity (Babina et al., 2024), the economic consequences of climate risk (Giglio et al., 2021; 

Sautner et al., 2023), and the regulatory impacts of the Paris Agreement (Streck et al., 2016). Yet, 

an integrated assessment that directly investigates how AI workforce adoption specifically affects 

firm value and resilience during significant climate-related policy events, such as the adoption of 

the Paris Agreement, is lacking. This gap is particularly relevant because AI’s analytical and 

predictive capabilities could significantly enhance firms' adaptive responses to climate change, 

improving their risk management capabilities and facilitating compliance with evolving regulatory 

demands. 

Our study addresses this intersection explicitly by investigating whether and how the 

strategic adoption of AI-skilled labor influences shareholder value during the regulatory changes 

introduced by the Paris Agreement. By bridging literature on AI labor (Babina et al., 2024), climate 

risk management (Sautner et al., 2023), and international regulatory frameworks (Lesnikowski et 

al., 2017), we provide a comprehensive understanding of the strategic implications of AI workforce 

investments in navigating climate-induced uncertainties. This integrated perspective underscores 

the broader economic and strategic importance of AI labor within climate-conscious regulatory 

environments, extending the theoretical and empirical boundaries of existing research. 

3. Hypothesis development 

3.1. The adaptation advantage hypothesis 

This hypothesis argues that companies with greater AI adoption witnessed more favorable 

market reactions to the Paris Agreement. This hypothesis posits that artificial intelligence (AI) is 

pivotal in addressing the multifaceted challenges posed by climate change by fostering innovation, 

enhancing operational efficiency, and mitigating associated risks. This hypothesis highlights AI's 

transformative role in reducing physical, transition, and operational risks while positioning firms 
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to capitalize on the opportunities presented by the shift to a low-carbon economy (Deng et al., 

2023; Liu et al., 2022; Roux et al., 2023; Shaik et al., 2024; Tao et al., 2024; Yang et al., 2024). 

First, AI’s ability to analyze vast datasets and identify actionable insights supports the 

development of climate-friendly technologies, such as renewable energy systems, energy-efficient 

manufacturing processes, and smart grids. Firms investing in AI demonstrate heightened product 

innovation, evident in increased trademarks and patents, which positions them as leaders in climate 

resilience and sustainable economic growth (Babina et al., 2024; Bai et al., 2021;  Choi & Kwon, 

2023; Dehdarian & Tucci, 2021; Hötte & Jee, 2022; Rikap, 2022; Verendel, 2023). AI adoption 

not only supports green technology hiring and green patenting but also strengthens firms' ability 

to adapt to shifting regulatory landscapes (Chen et al., 2023; Fabrizi et al., 2018; Feng et al., 2024; 

Liang et al., 2023; Meng et al., 2020; Sautner et al., 2023; Wang et al., 2023). 

Moreover, AI's predictive capabilities are instrumental in addressing physical risks 

associated with climate change, such as extreme weather events and environmental degradation. 

Machine learning models can forecast hurricanes, floods, and wildfires with precision, enabling 

firms to implement preemptive measures. Additionally, satellite imagery processed by AI can track 

deforestation, glacier melting, and rising sea levels, providing actionable insights for long-term 

risk mitigation (Giglio et al., 2021; A. Jones et al., 2023; Leal Filho et al., 2022; Sautner et al., 

2023). AI also optimizes resource allocation during disaster management by identifying vulnerable 

regions and prioritizing aid delivery. These capabilities not only reduce the direct impact of climate 

disasters but also lower associated economic costs, enhancing firms' and communities' resilience 

(Cao, 2023; Huynh & Kiang, 2024; Sautner et al., 2023). 

Furthermore, the global shift toward decarbonization introduces significant regulatory and 

market uncertainties, which AI can help firms navigate effectively. By analyzing complex 



10 
 

regulatory frameworks and modeling various scenarios, AI enables firms to anticipate and comply 

with evolving environmental regulations. AI’s capacity to process high-dimensional data allows 

firms to evaluate their exposure to transition risks, such as carbon taxation or emission caps (Giglio 

et al., 2021; Hacker, 2023; Luers et al., 2024). In addition, the Paris Agreement brought heightened 

regulatory uncertainty, prompting investors to favor firms with adaptive capacities. AI investments 

signal such preparedness, enhancing market valuations and attracting capital (Pata et al., 2024; 

Salman et al., 2024). In sum, this hypothesis suggests that companies with higher levels of AI 

adoption experienced more favorable market reactions following the adoption of the Paris 

Agreement. 

H1: Companies with greater AI workforce adoption experienced more favorable stock 

market reactions to the Paris Agreement. 

3.2. The AI burden hypothesis 

Conversely, this hypothesis argues that firms with substantial investments in AI 

experienced negative stock market reactions to the Paris Agreement. This outcome stems from 

concerns about resource allocation, strategic misalignment, and the relative advantages of firms 

that had not yet heavily adopted AI. The hypothesis highlights how the intersection of AI adoption 

and climate-focused regulatory frameworks could create perceptions of vulnerability rather than 

strength. 

First, AI adoption is resource-intensive, requiring substantial investments in infrastructure, 

talent, and ongoing development. While these investments can drive innovation, they may also 

leave firms with fewer resources to implement climate-specific initiatives mandated or encouraged 

by the Paris Agreement. For example, measures such as transitioning to renewable energy or 
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improving carbon efficiency demand significant capital and operational focus. Investors may have 

perceived AI-heavy firms as prioritizing technological advancement at the expense of immediate, 

impactful climate actions (Chishti et al., 2024; Lozo & Onishchenko, 2021; Sahil et al., 2023; 

Shaik et al., 2024). This resource trade-off becomes even more significant under the Paris 

Agreement, which heightened regulatory and social expectations for firms to demonstrate tangible 

progress in reducing emissions and improving sustainability. Firms perceived as over-allocated 

toward AI may have been viewed as less flexible and less prepared to meet these expectations, 

leading to a more cautious or negative market response. 

Second, AI's application to general business processes does not inherently align with 

climate objectives. Without a clear demonstration of how AI investments support decarbonization 

or mitigate climate risks, firms risk appearing strategically misaligned. For instance, investors may 

have questioned whether AI-heavy firms were sufficiently prioritizing efforts to transition their 

operations in line with global sustainability goals (Vaio et al., 2020; Kulkov et al., 2024; Singh & 

Goyal, 2023; Spacey Martín et al., 2024). 

Furthermore, the Paris Agreement may have been perceived as more advantageous to firms 

that had not yet adopted AI at scale. These firms, unburdened by the fixed costs and inertia 

associated with large AI investments, may have been viewed as more agile and able to reallocate 

resources dynamically toward climate initiatives. Investors may have seen these firms as better 

positioned to capitalize on Paris Agreement measures, such as subsidies for renewable energy 

adoption or incentives for carbon reduction, reinforcing the negative reaction to AI-heavy firms. 

Finally, AI investments also raise societal and ethical concerns that may have contributed 

to negative market reactions. For example, the automation capabilities of AI could exacerbate job 

displacement, particularly in sectors undergoing transformations driven by climate-focused 
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regulations. Automation technologies often replace labor, potentially amplifying social and 

economic disruptions. These concerns, when coupled with a perception of insufficient climate 

action, could have dampened enthusiasm for AI-heavy firms among socially conscious investors 

(Eilstrup-Sangiovanni & Hall, 2025; Girón & Ivanova, 2023). 

H2: Companies with greater AI workforce adoption experienced less favorable stock 

market reactions to the Paris Agreement. 

4. Sample selection and data description 

4.1. Sample selection 

Our analysis begins with a dataset provided by Babina et al. (2024), offering detailed 

insights into the AI workforce. Stock return data for the event study analysis is sourced from the 

Center for Research in Security Prices (CRSP), while company-specific characteristics are drawn 

from COMPUSTAT, with outliers handled through winsorization at the 1st and 99th percentiles. 

To evaluate market reactions to the signing of the Paris Agreement on Climate Change, we apply 

the standard event study methodology. Firm-specific exposure to climate change is measured using 

a unique metric developed by Sautner et al. (2021), derived from advanced textual analysis 

techniques. Information on board characteristics is obtained from Institutional Shareholder 

Services (ISS). Data on managerial ownership is sourced from the EXECUCOMP database, which 

reports the percentage of total equity held by the top five executives. The final dataset includes 

1,501 publicly listed U.S. companies. The standard event study methodology is employed to 

evaluate market reactions to the signing of the Paris Agreement on Climate Change. 2  More 

 
2 If the event date falls on a non-trading day, it is adjusted to the next available trading day. As a result, although the 

Paris Agreement was announced on December 12, 2015, the event date is designated as December 14, 2015, the 

nearest subsequent trading day. 
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information about how we estimate the cumulative abnormal returns (CAR) is available in the 

Appendix.  

4.2. Measuring the AI workforce 

Recently developed by Babina et al., (2024), the dataset used to analyze the AI workforce 

leverages employee resume data, offering a detailed perspective on the availability and distribution 

of AI-specific talent. AI-skilled employees are a critical component of firms' ability to engage with 

and capitalize on AI, serving as the backbone of successful implementation. While computational 

resources and data infrastructure provide essential support, it is the specialized human capital in 

AI that enables firms to effectively utilize these tools. 

The Cognism resume database is the primary data source for this analysis, containing 

extensive records of job histories, roles, and accomplishments for millions of individuals 

worldwide. Through this dataset, AI-skilled workers are identified by examining job titles, skills, 

and achievements such as patents, publications, and awards. For instance, resumes listing skills 

like "TensorFlow" or titles such as "Machine Learning Engineer" are categorized as AI-related. 

The methodology calculates an "AI-relatedness" score for each skill by analyzing its co-occurrence 

with core AI competencies like machine learning, natural language processing, and computer 

vision. Highly specialized terms such as "deep learning" receive high AI-relatedness scores, while 

general skills like "Microsoft Office" score significantly lower. A job is classified as AI-related if 

its average AI-relatedness score surpasses a predefined threshold, ensuring precision in identifying 

roles focused on AI technologies. 

These classified roles are aggregated at the firm level, enabling the calculation of the 

proportion of AI-skilled employees relative to a company's total workforce. Rigorous validation, 
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including manual inspections and correlation analyses with factors like increased R&D spending, 

ensures the accuracy of the classifications. This approach differentiates between roles that involve 

specific AI expertise and those associated with more generic data-related tasks, maintaining a clear 

focus on true AI integration. 

This methodology offers a robust, data-driven framework for identifying AI-related roles 

and tracking their evolution over time. By relying on co-occurrence patterns of skills with core AI 

competencies, it avoids the limitations of traditional keyword-based approaches, which often rely 

on arbitrary classifications. Instead, it focuses on roles genuinely tied to AI, providing a more 

comprehensive understanding of AI workforce dynamics. Its scalability and adaptability across 

industries further enhance its applicability, capturing AI trends in diverse fields beyond technology. 

More detailed information about this methodology is available in Babina et al. (2024).  

4.3. Climate change exposure 

 For firm-specific exposure to climate change, we utilize the dataset developed by Sautner 

et al. (2023), which provides firm-specific, time-varying indicators of climate change 

susceptibility derived from earnings conference call transcripts. Using an advanced machine 

learning approach, Sautner et al. (2023) identify climate change-related bigrams and calculate their 

frequency within the text by dividing the number of such bigrams by the total number of bigrams. 

This metric serves as a proxy for the frequency of climate-related events or shocks experienced by 

individual firms (Heo, 2021). Details regarding the metric’s construction and methodology are 

elaborated in Sautner et al. (2023). 

Earnings conference calls, where companies discuss quarterly or annual financial 

performance, have become a prominent platform for engaging with stakeholders, including 
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analysts and investors. Managers often use these calls to emphasize their achievements during 

favorable periods and to address concerns during challenging times (Hossain et al., 2022). Given 

this dual purpose, conference calls offer a logical and effective source for measuring a firm's 

exposure to climate risks. As Hossain et al. (2022) note, this method has several distinct 

advantages, including its strong correlation with key economic indicators documented in the 

literature, such as public awareness of climate change (Sautner et al., 2023; Hossain et al., 2022). 

While many climate-related studies rely on metrics such as carbon emissions, pollution 

levels, or natural disaster data, the measure introduced by Sautner et al. (2023) offers a broader 

and more inclusive assessment of climate risk. Traditional data sources like carbon emissions are 

often limited to firms that voluntarily disclose such information, excluding a significant number 

of polluters who opt not to report their emissions. In contrast, Sautner et al.’s (2023) methodology 

covers a much wider range of companies, making it a more comprehensive tool for assessing 

climate vulnerability (Hossain et al., 2022). 

The widespread adoption of this innovative metric underscores its value. Several recent 

studies have incorporated it to better understand climate-related risks and their economic 

implications (Hossain et al., 2022; Heo, 2022; Chindasombatcharoen et al., 2024). By leveraging 

earnings call data, this approach captures various aspects of climate risk that are often overlooked 

by traditional measures, making it an increasingly preferred choice for contemporary climate 

finance research. 

4.4. Empirical strategy 

 We estimate the following regression model to examine the effect of AI workforce adoption 

on stock market reactions to the Paris Agreement: 
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CARi (-1,+1) = α + β1 (Share of AI Workers)i + β2 (Controls)i + Industry Fixed Effects + ε 

 where i indexes firms. 

The dependent variable, cumulative abnormal return (CAR), is measured over the event 

window (–1, +1) to capture the immediate stock market response. Our empirical strategy employs 

ordinary least squares (OLS) regressions, and all regressions include industry fixed effects based 

on the first two digits of SIC codes. Robust standard errors are clustered by industry. Additional 

robustness checks, such as propensity score matching, entropy balancing, and instrumental-

variable analysis, are performed as detailed in later sections. 

Furthermore, to assess whether the effect of AI workforce adoption on market reactions 

varies with firms’ climate change exposure, we include interaction terms in our regression models. 

Specifically, we interact the share of AI workers with overall climate change exposure as well as 

with key sub-dimensions such as physical risk, regulatory risk, and new opportunities. This 

approach allows us to test whether the relationship between AI workforce adoption and shareholder 

value depends on the type or intensity of climate-related risks and opportunities faced by the firm. 

4.5. Additional variables 

A comprehensive set of control variables is incorporated to address confounding 

influences. Firm size is included because larger firms typically have more resources and greater 

visibility, which may influence market reactions to policy events. Profitability is added to capture 

a firm’s financial health, as profitable firms are often perceived as more capable of absorbing costs 

associated with climate policies or AI adoption. However, agency theory suggests that profitability 

may also raise concerns about resource misallocation (Jensen and Meckling, 1976). 
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We include leverage as it reflects a firm’s financial risk profile and can moderate market 

reactions. High leverage can signal financial discipline but may also introduce perceptions of 

heightened risk (Myers, 1977). Capital expenditures are considered to account for long-term 

strategic investments, as firms with significant physical asset investments are often viewed as more 

committed to sustainable growth (Teece et al., 1997). Similarly, R&D investments are included as 

a proxy for innovation potential, complementing AI adoption and signaling a firm’s adaptability 

and future growth prospects, consistent with innovation theory (Schumpeter, 1942). 

Additional controls include advertising spending, which reflects brand equity and market 

visibility. High advertising spending may signal strategic intent and influence investor perceptions, 

as suggested by signaling theory (Spence, 1973). Dividends are incorporated to capture financial 

stability and management’s confidence in future earnings, aligning with Lintner's (1956) insights 

on dividend relevance. Liquidity, measured by the current ratio, is included to evaluate a firm’s 

ability to meet short-term obligations, which may be critical during policy shifts. Lastly, the 

effective tax rate accounts for regulatory exposure, as firms with higher tax burdens may respond 

differently to climate-related policy changes (Giglio et al., 2021). 

We focus on CAR (-1, +1) as the primary dependent variable to capture immediate market 

reactions to the Paris Agreement. This narrow event window minimizes the influence of 

confounding factors and ensures that the results reflect the direct impact of the policy event. The 

variable definitions are shown in Table A1 in the Appendix and the summary statistics are available 

in Table 1.  

5. Results 

 5.1. Baseline regression analysis 
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Table 2 evaluates the effect of AI workforce adoption on stock market reactions around the 

signing of the Paris Agreement, with the cumulative abnormal returns (CARs) serving as the 

dependent variable. The analysis primarily focuses on CAR (-1, +1), a narrow event window 

encompassing the day before, the day of, and the day after the agreement's announcement. By 

isolating a short time frame, CAR (-1, +1) captures investor sentiment directly associated with the 

Paris Agreement while reducing the influence of confounding factors. 

To confirm the robustness of the results, we also examine CAR (-2, +2), a wider event 

window that includes two days before, the day of, and two days after the signing. While this 

broader window offers additional insights, it is more likely to encompass other market-moving 

events that could confound the effect of AI workforce adoption. As a result, CAR (-2, +2) is used 

as a supplementary check to validate the findings from the narrower CAR (-1, +1) window. Also, 

the clustering of standard errors by industry further strengthens the analysis, addressing potential 

within-industry correlations that could bias results.  

 The regression results in Table 2 reveal that the share of AI workers consistently shows a 

positive and significant effect, supporting the adaptation advantage hypothesis that AI adoption 

enhances firms’ capacity to adapt to climate-focused policies. The results suggest that investors 

view AI-skilled labor as a strategic asset, reflecting its role in fostering resilience and innovation 

amid regulatory and operational shifts brought by the Paris Agreement. 

 We estimate the economic significance of the share of AI workers by calculating the 

standardized coefficient of the share of AI workers in Model 2 of Table 2 and find that a rise in the 

share of AI workers by one standard deviation results in an improvement in the stock market 

reactions by 4.7%. Therefore, the document effect is not only statistically significant, but it is also 

economically meaningful.  
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 Our results are unlikely to be significantly influenced by endogeneity, as the analysis relies 

on an event study methodology that evaluates stock market reactions to the adoption of the Paris 

Agreement—a global policy event that is exogenous and beyond the control of individual firms. 

This setup minimizes concerns about reverse causality, as the Paris Agreement's signing represents 

an external shock to all firms rather than a firm-driven event. Nevertheless, as a precaution and to 

ensure the robustness of our findings, we conduct additional analyses.  

5.2. Propensity score matching (PSM) 

Table 3 employs propensity score matching (PSM) to confirm the robustness of our results 

and address potential endogeneity concerns. PSM is particularly advantageous because it allows 

for the creation of statistically comparable treatment and control groups, ensuring that the observed 

effect of AI workforce adoption is not driven by pre-existing differences between firms. By 

matching firms based on key characteristics, PSM effectively isolates the impact of the share of 

AI workers on stock market reactions.3 

In Panel A, we classify firms in the top quartile of AI workforce share as the treatment 

group. For each treatment firm, we identify a matching control firm from the rest of the sample 

based on nine firm characteristics: the control variables used in the regression analysis. This 

approach ensures that the treatment and control groups are statistically identical in all aspects 

except for their share of AI workers. 

 
3 Propensity Score Matching (PSM) provides significant benefits in research. Firstly, it minimizes selection bias by 

equating covariates across treatment and control groups, effectively simulating the conditions of a randomized 

experiment. This approach ensures that observed differences in outcomes are linked to the share of AI workers rather 

than unrelated firm attributes. Secondly, PSM improves result clarity by accounting for confounding factors such as 

company size, profitability, debt levels, and market conditions that could otherwise distort the analysis. By enhancing 

the comparability between treatment and control groups, PSM bolsters the robustness and credibility of the findings, 

making it a powerful method in observational studies (Chindasombatcharoen et al., 2024; Lennox et al., 2012; 

Rosenbaum & Rubin, 1983). 
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The results in Panel A show that, before matching, significant differences exist between the 

two groups across several characteristics, such as firm size, leverage, profitability, and R&D 

investments. These differences suggest that firms with higher shares of AI workers tend to be 

larger, less leveraged, more profitable, and more focused on research and development. However, 

after matching, these differences disappear, as indicated by the reduced pseudo R-squared from 

0.211 pre-match to 0.021 post-match. 4  This outcome confirms that our matching procedure 

successfully eliminates observable differences between treatment and control firms, making them 

indistinguishable apart from their AI workforce share. 

In Table 3, Panel B, we re-estimate the effect of AI workforce adoption on stock market 

reactions using the matched sample. The coefficient for the share of AI workers is 0.638 and highly 

significant (at the 1% level), indicating a strong positive effect of AI workforce adoption on 

cumulative abnormal returns. This result reinforces the findings from the baseline regression, 

demonstrating that firms with greater AI workforce adoption experience more favorable market 

reactions to the Paris Agreement. By using the matched sample, we ensure that this effect is not 

driven by confounding differences in firm characteristics, providing a more robust estimate. 

5.3. Entropy balancing 

Table 4 utilizes entropy balancing to ensure robustness by addressing potential imbalances 

between treatment and control groups. Entropy balancing is a weighting method that equalizes the 

 
4 The R-squared value reflects the extent to which variation in the treatment variable, in this case, the share of AI 

workers, is accounted for by the observable characteristics used during matching. Prior to matching, the R-squared 

value is relatively high because the significant disparities between treatment and control groups enable observable 

characteristics to explain much of the variability. After matching, however, the R-squared decreases as the process 

equalizes the treatment and control groups, ensuring that observable variables no longer systematically account for 

differences in AI workforce adoption. This adjustment makes the treatment and control groups statistically 

comparable, leaving less variation in the share of AI workers attributable to the covariates. The reduction in R-squared 

is an expected result of effective matching, signifying that observable imbalances have been addressed and the groups 

are now more comparable. 
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distributions of covariates across groups, ensuring that the comparison is statistically valid and 

free from biases related to observable characteristics. This approach retains all observations in the 

sample, enhancing statistical power while achieving a high degree of balance (Hainmueller, 2012; 

Hainmueller & Xu, 2013; Tübbicke, 2022). 

The results in Table 4 confirm the positive effect of AI workforce adoption on stock market 

reactions to the Paris Agreement. The coefficient for the share of AI workers is 0.447 and 

statistically significant at the 5% level, further supporting the conclusion that firms with a higher 

proportion of AI-skilled employees experience stronger positive cumulative abnormal returns. The 

application of entropy balancing reinforces the robustness of this result by ensuring that observed 

effects are not confounded by differences in firm characteristics. 

5.4. Instrumental-variable analysis (IV) 

Table 5 employs instrumental-variable (IV) analysis to address potential endogeneity 

concerns and provide more reliable causal estimates of the effect of AI workforce adoption on 

stock market reactions. IV analysis is particularly advantageous in this context as it separates the 

exogenous variation in the independent variable (AI workforce adoption) from its potential 

correlation with unobserved factors, ensuring that the results more accurately reflect the causal 

impact (Angrist & Krueger, 2001; Hahn & Hausman, 2002; Larcker & Rusticus, 2010). 

The first instrument used is the average share of AI workers within the same industry. This 

variable is justified because industry-level averages capture general trends in AI adoption that are 

likely to influence a firm’s propensity to adopt AI, while remaining exogenous to firm-specific 

unobserved factors affecting stock market reactions. For instance, firms in industries with a high 

prevalence of AI-skilled employees may face competitive or normative pressures to adopt AI, but 
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this industry-level AI prevalence is unlikely to directly affect an individual firm’s stock returns 

following the Paris Agreement, beyond its influence on the firm’s AI adoption decision. 

The IV results are shown in Table 5. In Model 1, the first stage of the IV analysis estimates 

the relationship between the share of AI workers and the instrument (industry average of AI 

workers). The coefficient for the instrument is highly significant (0.891, p<0.01), confirming that 

industry-level AI adoption strongly predicts firm-level AI adoption. This result indicates that the 

chosen instrument is valid and provides sufficient variation in the endogenous variable (share of 

AI workers) to support the IV estimation. In the second stage, Model 2, the instrumented share of 

AI workers is used to estimate its effect on stock market reactions (CARs) to the Paris Agreement. 

The coefficient for the instrumented share of AI workers is 2.323, significant at the 5% level, 

indicating a robust positive effect of AI workforce adoption on cumulative abnormal returns.  

To ensure robustness, we execute additional analysis by using two instruments 

simultaneously: the average share of AI workers in the same industry and the average share of AI 

workers in the same zip code. The inclusion of a second instrument enhances the robustness of the 

causal inference by providing additional variation to identify the effect of AI workforce adoption 

on stock market reactions. 

The second instrument is the average share of AI workers within the same zip code. Using 

zip code averages as an instrument is justified because zip codes are assigned based on geographic 

and logistical efficiency for mail delivery, rather than firm-specific characteristics (Chintrakarn et 

al., 2017, 2015; Jiraporn et al., 2014)). This inherent randomness in zip code assignments ensures 

that the instrument is exogenous to individual firm decisions or attributes. Local zip code areas 

often represent natural clusters of economic activity and labor market conditions. For instance, 

firms in regions with a higher prevalence of AI-skilled employees may adopt AI due to the 
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availability of local talent and supportive ecosystems. However, the regional concentration of AI 

workers is unlikely to directly affect a firm’s stock market reaction to the Paris Agreement, beyond 

its role in influencing AI adoption. 

In Model 3 (Table 5), the first stage of the IV analysis estimates the relationship between 

the share of AI workers and the two instruments. Both instruments—industry average and zip code 

average of AI workers—are significant predictors of firm-level AI adoption. The coefficient for 

the zip code average is 0.955 (p<0.01), indicating a strong association between local AI workforce 

prevalence and firm-specific AI adoption. The inclusion of this instrument captures regional 

factors that complement the industry-level variation provided by the first instrument, ensuring 

robust identification of exogenous variation in AI adoption. 

Model 4 uses the instrumented share of AI workers from the first stage to estimate its effect 

on stock market reactions (CARs) to the Paris Agreement. The coefficient for the instrumented 

share of AI workers is 0.529 (p<0.05), confirming a significant positive effect of AI workforce 

adoption on cumulative abnormal returns. Importantly, the Hansen J-statistic is not statistically 

significant, suggesting that our instruments are acceptable. This result aligns with the adaptation 

advantage hypothesis, suggesting that firms with greater AI workforce adoption are better 

positioned to benefit from market confidence during climate policy shifts. 

5.5. Oster’s (2019) approach for testing coefficient stability 

Oster's  (2019) method tests how robust regression results are to omitted variable bias by 

assessing how much stronger unobservable factors would need to be compared to the observed 

controls to invalidate the findings. The key idea is that if adding more controls doesn’t change the 

coefficient of interest significantly, it is unlikely that unobserved factors could overturn the results. 
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Using this approach, we find that unobservable factors would need to be 3.30 times as 

influential as the included controls to invalidate the effect of AI workforce adoption on stock 

market reactions to the Paris Agreement. This high threshold highlights the robustness of our 

results and suggests that omitted variables are unlikely to undermine the conclusions. The strength 

of this coefficient stability shows the validity of our findings, reinforcing the importance of AI 

workforce adoption in driving shareholder value during critical climate policy events. 

5.6. The role of firm-specific exposure to climate change 

Analyzing firm-specific exposure to climate change is critical for understanding how 

individual companies are impacted by and respond to the broader challenges of a changing climate. 

Climate change exposure reflects the degree to which a firm is affected by or involved in 

discussions and strategies related to climate change, which can shape financial performance, 

stakeholder perceptions, and strategic priorities. Unlike general measures, firm-specific metrics 

capture the unique vulnerabilities and opportunities faced by each company, providing a more 

precise understanding of their position within the evolving landscape of climate awareness 

Chatjuthamard, Chintrakarn, et al., 2024; Chatjuthamard, Lee, et al., 2024; Chindasombatcharoen 

et al., 2024; Likitapiwat et al., 2023; Ongsakul et al., 2024; Sautner et al., 2023; Treepongkaruna 

et al., 2024). This detailed perspective is particularly relevant in evaluating responses to major 

global events, such as the Paris Agreement. It helps to identify how firms with varying levels of 

climate engagement are perceived by investors and how this perception influences their market 

performance.  

Sautner et al. (2023) measure firm-specific exposure to climate change by analyzing 

earnings conference call transcripts. Using advanced machine learning techniques, they identify 

climate-related bigrams (two-word phrases) and calculate their frequency in the text. This 
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frequency is then normalized by dividing it by the total number of bigrams in the transcript. The 

resulting metric reflects how frequently climate-related topics are discussed during earnings calls, 

serving as a proxy for the firm’s exposure to climate-related risks and events. 

Table 6, Model 1, investigates how the interaction between the share of AI workers and 

firm-specific climate change exposure influences cumulative abnormal returns (CARs) 

surrounding the Paris Agreement. The negative and significant coefficient for the interaction term 

reveals a notable dynamic: while AI workforce adoption generally enhances investor confidence, 

its benefits appear to diminish for firms with higher levels of climate change exposure. 

This result likely reflects the heightened expectations and scrutiny faced by firms with 

greater climate exposure. Companies more engaged in or vulnerable to climate change issues are 

often expected to demonstrate clear, actionable strategies for addressing these challenges. When 

such firms also invest heavily in AI, investors may question whether these resources are being 

effectively aligned with climate-related objectives. If AI adoption is perceived as being unrelated 

to—or insufficiently integrated into—climate risk mitigation strategies, it may dilute investor 

enthusiasm, even if AI adoption signals broader adaptability. 

Additionally, higher climate change exposure may amplify concerns about resource 

allocation. Firms with significant climate-related challenges may be expected to prioritize direct 

investments in sustainability initiatives, such as renewable energy adoption or emissions 

reductions. If these firms allocate substantial resources to AI without a clear connection to their 

climate strategies, investors may view this as a potential misalignment of priorities, further 

diminishing the perceived benefits of AI. 
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According to Sautner et al. (2023), firm-specific climate change exposure can be divided 

into three dimensions: physical risk, regulatory risk, and new opportunities. These dimensions 

offer a comprehensive framework for understanding how climate change impacts firms differently 

and influences their financial and operational strategies. The first dimension, physical risk, refers 

to the direct effects of climate change on a firm’s operations, assets, and supply chains. Extreme 

weather events such as hurricanes, floods, and wildfires can cause significant disruptions, damage 

infrastructure, and increase costs for firms. Companies with higher physical risk are more 

vulnerable to these environmental threats, which can reduce their resilience and, consequently, 

their attractiveness to investors.  

The second dimension, regulatory risk, captures the challenges firms face in complying 

with climate-related policies and regulations. These risks arise from measures such as carbon taxes, 

emissions caps, or mandatory disclosures, which may impose additional costs or require 

operational adjustments. Firms operating in regions or industries subject to stringent climate 

policies are particularly exposed to regulatory risk, as compliance can directly affect their 

profitability and competitiveness. The third dimension, new opportunities, represents the potential 

benefits that climate change can create for firms. The transition to a low-carbon economy brings 

opportunities in areas such as renewable energy, sustainable products, and green technologies. 

Firms that can successfully position themselves to take advantage of these opportunities may gain 

new revenue streams, attract greater investor interest, and enhance their competitive edge. 

To gain further insights, we examine the interaction between the share of AI workers and 

each specific dimension of climate change exposure. In Table 6, Models 2 through 4 explore the 

interaction between the share of AI workers and different dimensions of climate change 

exposure—physical risk, regulatory risk, and new opportunities. In Model 2, the positive but 
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statistically insignificant interaction suggests that AI workforce adoption does not strongly 

influence market perceptions of a firm's ability to address physical risks from climate change. 

Similarly, Model 3 finds no significant effect for the interaction with regulatory risk, indicating 

that investors do not associate AI adoption with improved capacity to navigate regulatory 

uncertainties tied to the Paris Agreement. Model 4 shows a negative but insignificant interaction 

with new opportunities, suggesting that AI workforce adoption does not enhance investor 

perceptions of a firm's ability to capitalize on climate-driven opportunities. 

The significant interaction between the share of AI workers and overall firm-specific 

climate change exposure, contrasted with the lack of significance for its specific components, 

highlights the holistic nature of investor perceptions when evaluating AI adoption in the context 

of climate change. Overall climate exposure serves as a broad indicator of a firm’s engagement 

with climate-related challenges, encapsulating the combined effects of physical risks, regulatory 

pressures, and emerging opportunities. This aggregate view resonates more strongly with 

investors, who may find it challenging to parse the distinct impacts of individual dimensions in 

isolation. 

A key explanation lies in the theory of salience (Bordalo et al., 2012), which suggests that 

investors focus on prominent and easily interpretable metrics. Overall climate exposure is a salient 

indicator, offering a straightforward measure of a firm’s climate engagement and strategic 

adaptability. By contrast, individual dimensions like physical risk or regulatory compliance may 

be perceived as more complex and context-dependent, reducing their immediate relevance in 

shaping market reactions to events like the Paris Agreement. 

Another contributing factor is the ambiguity surrounding the direct role of AI in addressing 

specific components of climate exposure. For example, while AI can assist in mitigating physical 



28 
 

risks through predictive modeling and optimization, its tangible benefits in this domain may not 

be immediately apparent to investors. Similarly, the connection between AI adoption and 

regulatory risk management may seem indirect, as investors often expect regulatory compliance 

to be addressed through traditional measures like policy adaptation or legal frameworks rather than 

through technological innovation. 

The significance of the interaction with overall exposure also aligns with theories of 

general-purpose technologies (GPTs), which emphasize the transformative potential of 

innovations like AI to enhance firm-level resilience and adaptability across multiple domains. 

Investors may view AI adoption as a signal of a firm’s ability to tackle the multifaceted challenges 

posed by climate change. This broad perception contrasts with the more fragmented impact of AI 

on individual dimensions, which may require clearer connections to firm-specific climate 

strategies to gain investor recognition. 

Finally, signaling theory (Spence, 1973) provides additional insights into these findings. A 

firm’s investment in AI serves as a strong signal of its commitment to innovation and adaptability 

in the face of climate challenges. However, this signal may lose potency when applied to narrower 

components of climate exposure, such as regulatory or physical risks, which demand targeted 

strategies rather than general technological adoption. Without explicit alignment between AI 

investments and these specific dimensions, the benefits of AI adoption may not fully translate into 

enhanced market perceptions. 

5.7. The role of climate change sentiment 

According to Sautner et al. (2023), climate change sentiment represents the tone or attitude 

of discussions surrounding climate-related issues, capturing whether a firm’s narrative is positive, 
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negative, or neutral. This is distinct from climate change exposure, which measures the degree to 

which a firm is impacted by or engaged with climate-related risks and opportunities. While 

exposure reflects the firm’s involvement in addressing climate challenges, sentiment provides 

insights into how these challenges and opportunities are perceived and communicated by 

stakeholders. Sentiment focuses on the framing of climate discussions, offering a qualitative 

dimension that complements the quantitative aspect of exposure. 

Following Sautner et al. (2023), we use the climate change sentiment measure to capture 

the net tone of climate-related discussion by integrating both positive and negative sentiment in 

each of the three key dimensions: physical risk sentiment, regulatory risk sentiment, and 

opportunity sentiment. Physical risk sentiment captures the tone and language used when 

discussing the direct physical impacts of climate change (e.g., extreme weather). Regulatory risk 

sentiment reflects attitudes toward climate-related regulations and policy developments. 

Opportunity sentiment measures the framing of climate change as a source of potential business 

opportunities. These sentiment measures provide a nuanced view of how firms communicate about 

different aspects of climate change and allow us to assess whether investor responses to AI 

workforce adoption are conditioned by these specific types of climate-related sentiment. 

Table 7 examines how the interaction between the share of AI workers and climate change 

sentiment affects cumulative abnormal returns (CARs) around the Paris Agreement. The results 

reveal important nuances in the market’s perception of AI adoption within the context of climate 

sentiment. For overall climate change sentiment, the interaction term is negative but statistically 

insignificant, indicating that investors do not strongly link the general tone of climate discussions 

with the perceived benefits of AI adoption. This could stem from the broad nature of sentiment 

metrics, which may not directly convey actionable strategies or specific outcomes. 
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However, the interaction between AI adoption and sentiment related to physical risks is 

both positive and statistically significant, suggesting that firms with strong AI adoption and 

positive discussions about managing physical climate risks experience enhanced market reactions. 

This aligns with the idea that AI’s capabilities in predictive modeling and data analysis can directly 

address physical risks, such as extreme weather events, which resonates positively with investors. 

Conversely, the interactions with sentiment around regulatory risks and new opportunities 

are not statistically significant. This implies that while AI may play a role in navigating regulatory 

challenges or capitalizing on climate-driven opportunities, investors may perceive these areas as 

requiring more direct or specialized strategies beyond general AI adoption. Regulatory risk 

management often involves compliance frameworks and legal expertise, while new opportunities 

may demand targeted environmental innovations, which AI alone may not sufficiently signal. 

In summary, the results emphasize the importance of climate sentiment in shaping market 

perceptions, particularly in contexts where AI adoption aligns closely with specific challenges like 

physical risks. However, the lack of significance in other dimensions suggests that firms must 

clearly articulate how AI investments contribute to actionable climate strategies to fully leverage 

investor confidence. By aligning AI adoption with tangible outcomes, firms can enhance the 

perceived value of their climate-related initiatives. 

5.8. Interactions with firm-specific characteristics 

Table 8 examines how the interaction between the share of AI workers and firm-specific 

attributes—R&D investments, profitability, leverage, and capital expenditures—affects 

cumulative abnormal returns (CARs) around the Paris Agreement. Firm characteristics such as 
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resources, financial health, and management practices shape how investors perceive the value of 

AI adoption, particularly in addressing climate-related challenges. 

Resource-based theory (Barney, 1991) suggests that firms with substantial internal 

resources, like high R&D spending, are better positioned to benefit from AI, enhancing 

adaptability and competitive advantage. Similarly, innovation theory (Schumpeter, 1942) 

underscores the impact of combining AI with a firm’s innovative capabilities. Agency theory 

(Jensen & Meckling, 1976) and signaling theory (Spence, 1973) indicate that leverage can reassure 

investors about managerial discipline, while profitability may raise concerns over resource 

misallocation. The dynamic capabilities framework (Teece, Pisano, and Shuen, 1997) highlights 

the importance of aligning strategic investments, such as capital expenditures and AI adoption, 

with changing environmental and market conditions. 

Empirically, Model 1 shows a strong positive interaction between the share of AI workers 

and R&D, supporting the notion that investors view this combination as a signal of long-term value 

creation (Schumpeter, 1942). Model 2 finds a negative interaction with profitability, suggesting 

investor skepticism toward profitable firms adopting AI, possibly due to agency concerns over 

misaligned priorities (Jensen & Meckling, 1976).5 Model 3’s positive interaction with leverage is 

consistent with agency and signaling theories (Jensen & Meckling, 1976; Spence, 1973), indicating 

that financial discipline strengthens confidence in AI investments. Model 4 shows that capital 

 
5 One possible interpretation, grounded in agency theory (Jensen & Meckling, 1976), is that profitable firms are often 

viewed as having more slack resources and managerial discretion. In these cases, investors may worry that additional 

investments—including in advanced technologies like AI—are not subject to sufficient discipline and may be at 

greater risk of being directed toward projects with lower strategic urgency or unclear climate impact. By contrast, for 

firms with lower profitability or more constrained resources, AI investments may signal a disciplined, targeted effort 

to improve operational efficiency, adaptability, and long-term competitiveness—attributes especially valued in the 

face of climate-related uncertainty. Thus, the negative moderation by profitability does not contradict the overall 

positive impact of AI workforce adoption, but rather highlights that the incremental value of such investments depends 

on how they interact with a firm’s financial context and perceived managerial discipline.  
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expenditures and AI adoption together enhance perceived adaptability, consistent with the dynamic 

capabilities perspective (Teece, Pisano, and Shuen, 1997). Overall, these results underscore that 

AI adoption is most valued when it complements strong internal resources or signals efficient 

management, but may be questioned in resource-rich firms if not clearly linked to climate 

strategies. 

5.9. The role of corporate governance 

Table 9 explores how corporate governance moderates the relationship between AI 

workforce adoption and cumulative abnormal returns (CARs) around the Paris Agreement. 

Corporate governance is a critical factor in shaping strategic decisions, resource allocation, and 

investor confidence. Strong governance structures are expected to enhance the alignment of 

managerial actions with shareholder interests, particularly during significant policy shifts. By 

examining attributes such as board independence, gender diversity, and managerial ownership, 

Table 9 evaluates whether governance mechanisms influence the perceived value of AI adoption 

in the context of climate-related challenges. 

The decision to focus on corporate governance is supported by key theoretical frameworks. 

Agency theory (Jensen and Meckling, 1976) posits that governance mechanisms like independent 

directors and managerial ownership help mitigate conflicts of interest between managers and 

shareholders, ensuring efficient resource utilization. Moreover, resource dependence theory 

(Pfeffer & Salancik, 1978) highlights the role of diverse and independent boards in providing 

external expertise and fostering strategic adaptability. Governance structures that enhance 

oversight and decision-making may amplify the benefits of AI workforce adoption, signaling 

greater preparedness to navigate climate-related risks and opportunities. 
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The results, however, reveal complex dynamics. The interaction between the share of AI 

workers and the percentage of independent directors is positive but not statistically significant. 

This finding suggests that while independent boards enhance oversight, their role in influencing 

the market’s perception of AI adoption during climate policy events may be limited. Independent 

directors are often more effective in addressing traditional governance concerns than in facilitating 

complex technological strategies like AI adoption. 

Similarly, the interaction between the share of AI workers and the percentage of female 

directors is negative and not significant. Although gender-diverse boards have been associated 

with better decision-making and innovation (Adams & Ferreira, 2009; Pattanaporn Chatjuthamard 

et al., 2021; Ongsakul et al., 2020; Papangkorn et al., 2021; Post & Byron, 2015), their influence 

on the perceived benefits of AI adoption during climate policy shifts appears minimal. This may 

reflect the broader challenge of linking board diversity to specific strategic outcomes, such as 

leveraging AI in the context of climate change. 

The interaction with managerial ownership is also negative and not significant. While 

managerial ownership can align incentives with shareholder interests, it may also lead to 

entrenchment, reducing strategic flexibility (Morck et al., 1988). In the case of AI adoption, this 

balance may explain why managerial ownership does not significantly moderate the market’s 

perception of technological investments during climate-related events. 

5.10. The effect of the abnormal returns attributable to AI workforce adoption on 

subsequent firm value 

Table 10 examines whether the abnormal returns attributable to AI workforce adoption in 

response to the Paris Agreement can predict subsequent firm value, as measured by Tobin’s q. This 
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analysis is particularly significant in the context of climate change, as it evaluates whether market 

reactions during a landmark policy event translate into sustained economic benefits for firms. The 

Paris Agreement’s focus on emissions reductions and sustainability has created a global 

environment where technological adaptability and innovation are crucial. By linking short-term 

market reactions to long-term firm value, Table 10 sheds light on the economic implications of AI 

adoption as a tool for addressing climate-related challenges and opportunities. 

We begin by estimating the predicted cumulative abnormal return from Model 2 in Table 

2, which reflects the impact of AI workforce adoption, and then run the following analysis. 

(Tobin’s q)2016 = α + β1 (Predicted CAR(-1,+1)) + β2 (Controls)2015 + Industry Fixed Effects 

+ ε 

Understanding whether CAR (-1, +1) predicts future firm value is vital because it 

demonstrates whether investors correctly anticipate the long-term benefits of AI adoption in the 

context of climate change. According to the efficient market hypothesis (EMH) (Fama, 1970), 

stock prices reflect all available information, including expectations about a firm’s ability to adapt 

to the demands of a low-carbon economy. Moreover, resource-based theory (Barney, 1991) 

suggests that firms leveraging unique resources, such as AI-skilled employees, are better 

positioned to gain a competitive advantage in the shifting regulatory and market landscapes driven 

by climate policies like the Paris Agreement. 

The results in Table 10 strongly support the link between AI workforce adoption and long-

term firm value. The coefficient for predicted CAR (-1, +1) is positive and highly significant in 

both models. These findings indicate that firms with higher abnormal returns during the Paris 

Agreement event window achieve greater subsequent firm value, reflecting investor recognition 
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of AI’s role in addressing climate-focused challenges. The persistence of this relationship over 

multiple years highlights the enduring impact of AI adoption as a strategic asset. 

In the first model, the significant effect of CAR (-1, +1) on Tobin’s q in 2016 suggests that 

firms with greater AI workforce adoption are perceived as better equipped to innovate and adapt 

to the regulatory and operational changes introduced by the Paris Agreement. This aligns with the 

intensified global focus on sustainability, where AI plays a critical role in managing risks and 

exploring green opportunities. In the second model, the consistent positive effect over the 2016–

2018 period demonstrates that the market’s initial optimism is not fleeting but instead translates 

into sustained economic benefits. This finding supports dynamic capabilities theory (Teece, 

Pisano, and Shuen, 1997), which emphasizes the role of technological resources like AI in enabling 

firms to adapt and thrive in rapidly changing environments. 

These results demonstrate the importance of AI adoption not only in signaling short-term 

adaptability during major climate policy events but also in contributing to long-term firm value in 

the low-carbon economy. Firms with greater AI workforce adoption are likely to gain a competitive 

edge through enhanced innovation, operational efficiency, and resilience to climate-related risks. 

These results strongly corroborate Babina et al. (2024), who also document the beneficial effect of 

AI workforce adoption on firm value. In addition, our findings align with the objectives of the 

Paris Agreement, where technological investments are integral to the transition toward sustainable 

business practices. By connecting short-term market reactions to subsequent firm performance, 

Table 10 highlights the strategic value of AI as a cornerstone of climate resilience and sustainable 

growth. 

5.11. The U.S. withdrawal from the Paris agreement 
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To deepen our understanding of how AI workforce adoption influences firm value in 

varying climate policy environments, we conduct an additional event study centered on the U.S. 

withdrawal from the Paris Agreement. This analysis serves as a critical complement to our main 

investigation of the Agreement’s adoption, enabling us to assess not only how the market rewards 

AI adoption during periods of strong climate policy support, but also how it responds when such 

policy momentum falters or reverses. 

The U.S. withdrawal stands as a highly relevant policy shock. Announced on June 1, 2017, 

this move signaled a dramatic shift in federal climate strategy and reduced regulatory commitment 

to climate action, raising questions about the future of climate governance and corporate adaptation 

in the United States. Importantly, the process was drawn out: while the intent to withdraw was 

declared in 2017, the official notification was submitted in November 2019, and the withdrawal 

did not become effective until November 2020. Thus, although the announcement generated 

immediate debate and uncertainty, it did not precipitate abrupt regulatory change for U.S. firms. 

Our analysis reveals a noteworthy asymmetry: while firms with a larger AI workforce 

experienced significant positive market reactions to the adoption of the Paris Agreement, their 

stock price responses to the withdrawal announcement were statistically insignificant. That is, 

investors did not penalize or reward firms with greater AI capabilities in the wake of the policy 

reversal (results available upon request). 

Several factors likely contribute to this muted response. First, the withdrawal was widely 

anticipated—Trump had made his intentions explicit during his campaign—so the market likely 

priced in this shift well in advance of the official announcement. Second, AI investments may be 

perceived by investors as conferring broad, enduring value that extends beyond climate adaptation, 

making them less sensitive to fluctuations in U.S. policy. Third, the lengthy, multi-year withdrawal 
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process allowed both firms and markets to gradually adjust their expectations and strategies, 

dampening any immediate reaction. Lastly, any potential negative effects of weakened U.S. 

climate policy may have been offset by ongoing global momentum toward climate action, 

reinforcing the idea that AI capabilities remain strategically valuable even as domestic policy ebbs 

and flows. 

Collectively, these findings suggest that the market rewards AI workforce adoption most 

strongly in times of advancing climate policy, but views such investments as resilient assets whose 

value is not easily undermined by individual policy reversals. 

5.12. Practical managerial implications 

The findings of this study provide valuable insights for corporate managers, investors, 

policymakers, and board members as they navigate the integration of artificial intelligence (AI) 

within climate-focused strategies. 

Managers should recognize that AI workforce adoption enhances shareholder value by 

signaling innovation and adaptability. However, for firms with high climate exposure, investors 

may be wary of resource misallocation if AI investments are not clearly tied to climate strategies. 

Managers must demonstrate how AI contributes to sustainability goals, such as emissions tracking 

and risk management, to alleviate these concerns. Highlighting AI’s role in addressing climate 

risks can improve investor confidence and market perception. Investors can use these insights to 

assess how AI adoption influences long-term firm value in the context of climate risks. Firms with 

higher AI workforce adoption show stronger market reactions, particularly when aligned with 

innovation efforts like R&D. However, investors should be cautious with firms that adopt AI 

without clearly linking it to climate actions, as this could signal misaligned priorities. 
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Policymakers should consider incentivizing AI-driven climate solutions. Since AI adoption 

enhances firm adaptability to climate policies, governments could offer tax incentives or grants for 

AI projects focused on reducing emissions and managing climate risks. Supporting AI innovations 

in sustainability would encourage more firms to adopt these technologies in meaningful ways. 

Board members must ensure that AI investments are aligned with climate strategies. Traditional 

governance metrics, such as board independence, have limited influence on market reactions to AI 

adoption during climate events. Boards should demand clear reporting on how AI investments 

contribute to climate resilience and shareholder value. 

Firms in high-exposure industries, such as energy and manufacturing, should focus on 

integrating AI into climate-specific solutions like risk modeling and carbon footprint reduction. 

Conversely, firms with strong R&D programs are better positioned to benefit from AI adoption. 

Leveraging AI for climate-related innovations can enhance both shareholder value and long-term 

competitive advantage. Overall, firms should align AI strategies with climate goals to maximize 

investor confidence and long-term growth, especially in an era of heightened climate awareness. 

Finally, our results indicate that AI workforce adoption drives not only short-term market 

reactions but also long-term firm value, offering critical insights for managers and other 

stakeholders. For managers, this highlights the importance of viewing AI as a strategic, long-term 

investment rather than a short-term technological trend. Integrating AI into core business processes 

and sustainability initiatives can help firms enhance their adaptability to evolving climate policies 

and maintain competitive advantages over time. For investors and policymakers, these findings 

reinforce the idea that firms with AI-driven innovation capabilities are better positioned to achieve 

sustainable growth. Boards should also recognize that AI adoption has lasting impacts on firm 
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performance and ensure that it aligns with long-term value creation strategies, particularly in the 

context of climate-related risks and opportunities. 

6. Conclusions 

Climate change and artificial intelligence (AI) are rapidly emerging as critical factors in 

shaping the global economy and corporate strategies. Climate change presents systemic risks to 

businesses and financial markets, while AI is transforming industries by enhancing decision-

making, operational efficiency, and innovation potential (Giglio et al., 2021; Agrawal, Gans, and 

Goldfarb, 2019). Our study emphasizes the connection between AI workforce adoption and 

shareholder value, using an event study framework centered on the Paris Agreement, a landmark 

climate policy event. Leveraging a novel dataset developed by Babina et al. (2024), we examine 

how AI-skilled employees contribute to firms’ resilience and adaptability, as reflected in stock 

market reactions, providing critical insights into the value AI adoption generates for shareholders 

in the context of climate change. 

Our results reveal a significant and robust positive effect of AI workforce adoption on stock 

market reactions to the Paris Agreement. These findings remain consistent across a range of 

robustness checks, including propensity score matching, entropy balancing, and instrumental-

variable analysis, showing the reliability of the results. Furthermore, our findings reveal a 

significant interaction between AI adoption and firm-specific climate change exposure, indicating 

that the benefits of AI adoption may decline for firms with higher climate exposure. This effect is 

likely driven by concerns over resource allocation, as firms face competing priorities between AI 

investments and climate-focused initiatives. Also, the results on climate change sentiment show 

that positive sentiment about physical risks enhances the market’s response to AI workforce 
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adoption, emphasizing AI’s role in addressing tangible climate challenges. However, sentiment 

related to regulatory risks and new opportunities has no significant effect. 

Interactions with firm-specific attributes provide additional insights. For example, AI 

adoption complements R&D investments, signaling innovation potential, but raises concerns about 

resource allocation for highly profitable firms. Similarly, the positive interaction with leverage 

highlights how financial discipline may enhance the perceived value of AI adoption. Governance 

characteristics, such as board independence and managerial ownership, show limited influence on 

the market’s perception of AI adoption during climate policy shifts, suggesting that traditional 

governance metrics may require stronger alignment with technological and environmental 

strategies. 

Finally, we demonstrate that the abnormal returns attributable to AI workforce adoption 

during the Paris Agreement predict subsequent firm value, as measured by Tobin’s q. This finding 

emphasizes that market reactions to AI adoption are not merely short-term but reflect genuine 

expectations of sustained economic benefits, supporting theories like the efficient market 

hypothesis and resource-based theory. 

These findings provide actionable insights for corporate managers. Firms should align AI 

investments with their climate strategies to maximize investor confidence and long-term value 

creation. Communicating how AI adoption addresses both climate risks and opportunities is 

crucial, particularly for firms with high climate exposure. Additionally, integrating governance 

structures to support technological and environmental goals can further enhance the strategic value 

of AI adoption. By leveraging AI as a tool for climate resilience, firms can position themselves as 

leaders in the low-carbon economy. 
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Table 1: Summary statistics 

This table displays the descriptive statistics for the sample. All firm-level variables, unless otherwise indicated, are 

measured annually. Stock market reaction variables are calculated using daily returns. The share of AI workers is 

defined as the proportion of AI-skilled employees at the firm, measured annually using resume data following Babina 

et al. (2024), and is treated as a continuous variable in all analyses. For ease of presentation, we scale firm-specific 

exposure to climate change and its components by multiplying each measure by 1,000. Control variables are defined 

in Appendix Table A1. Robust standard errors are clustered by industry. 

Variable Mean SD 25th Median 75th 

      
Stock Market Reactions      

CAR (-1,+1) -0.013 0.044 -0.032 -0.008 0.009 

CAR (-2,+2) -0.011 0.063 -0.035 -0.009 0.014 

AI Workforce      

Share of AI Workers 0.002 0.004 0.000 0.000 0.001 

Firm Characteristics      

Firm Size 7.074 1.872 5.787 6.967 8.302 

Profitability 0.024 0.184 0.007 0.066 0.112 

Leverage 0.272 0.259 0.036 0.231 0.415 

Capital Expenditures 0.042 0.043 0.014 0.028 0.056 

R&D Investments 0.057 0.101 0.000 0.009 0.079 

Advertising Spending 0.014 0.033 0.000 0.000 0.010 

Dividends 0.014 0.027 0.000 0.000 0.020 

Current Ratio 2.579 2.298 1.243 1.966 3.070 

Effective Tax Rate 0.144 0.530 0.000 0.234 0.354 

Climate Change      

Climate Change Exposure 0.733 1.455 0.096 0.279 0.663 

Physical  0.010 0.092 0.000 0.000 0.000 

Regulatory 0.032 0.223 0.000 0.000 0.000 

New Opportunities 0.265 0.730 0.000 0.068 0.221 

Corporate Governance      

Ln (Board Size) 2.294 0.198 2.197 2.303 2.398 

% Independent Directors 79.939 10.902 75.000 83.333 88.889 

% Female Directors 15.400 10.553 10.000 14.286 22.222 

% Managerial Ownership 2.672 5.270 0.291 0.803 2.262 
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Table 2: The effect of AI worker adoption on shareholder value around the adoption of the 

Paris Agreement 

This table presents the regression results. All firm-level variables, unless otherwise indicated, are measured annually. 

Stock market reaction variables are calculated using daily returns. The share of AI workers is defined as the proportion 

of AI-skilled employees at the firm, measured annually using resume data following Babina et al. (2024), and is treated 

as a continuous variable in all analyses. Control variables are defined in Appendix Table A1. Robust standard errors 

are clustered by industry. 

  (1) (2) (3) (4) 

 CAR (-1,+1) CAR (-1,+1) CAR (-2,+2) CAR (-2,+2) 

          

Share of AI Workers 0.517** 0.487* 0.628** 0.388* 

 (2.226) (1.734) (2.057) (1.953) 

Firm Size  0.002***  0.002** 

  (3.715)  (2.215) 

Profitability  0.042*  0.017 

  (1.678)  (0.621) 

Leverage  -0.022***  -0.017** 

  (-4.114)  (-2.401) 

Capital Expenditures  -0.037  -0.018 

  (-0.755)  (-0.256) 

R&D Investments  0.023  0.037 

  (0.647)  (0.812) 

Advertising Spending  0.058  0.066 

  (1.559)  (1.342) 

Dividends  -0.088  -0.153* 

  (-1.389)  (-1.988) 

Current Ratio  0.001  0.001 

  (0.804)  (0.700) 

Effective Tax Rate  0.003**  0.002 

  (2.054)  (0.940) 

Constant -0.014*** -0.027*** -0.012*** -0.026*** 

 (-37.500) (-5.537) (-23.387) (-2.671) 

Industry Fixed Effects Yes Yes Yes Yes 

Observations 1,498 1,498 1,497 1,497 

Adjusted R-squared 0.032 0.082 0.035 0.044 

Robust t-statistics in parentheses    
*** p<0.01, ** p<0.05, * p<0.1    
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Table 3: Propensity score matching (PSM) 

This table presents the regression results with propensity score matching. All firm-level variables, unless otherwise 

indicated, are measured annually. Stock market reaction variables are calculated using daily returns. The share of AI 

workers is defined as the proportion of AI-skilled employees at the firm, measured annually using resume data 

following Babina et al. (2024), and is treated as a continuous variable in all analyses. Control variables are defined in 

Appendix Table A1. Robust standard errors are clustered by industry. 

 

Panel A: Diagnostic testing 

 Pre-Match Post-Match 

  (1) (2) 

 

Treatment 

(High Share of AI Workers) 

Treatment 

(High Share of AI Workers) 

      

Firm Size 0.282*** 0.101 

 (4.541) (1.369) 

Profitability 1.613*** -0.465 

 (3.009) (-0.775) 

Leverage -1.046** -0.206 

 (-2.029) (-0.607) 

Capital Expenditures -0.559 1.749 

 (-0.204) (0.494) 

R&D Investments 9.503*** -0.810 

 (5.105) (-0.482) 

Advertising Spending 2.827 -0.178 

 (0.837) (-0.047) 

Dividends -2.150 -3.875 

 (-0.893) (-1.356) 

Current Ratio 0.046 -0.016 

 (1.486) (-0.540) 

Effective Tax Rate 0.056 0.056 

 (0.405) (0.249) 

Constant -2.525*** -1.249 

 (-5.154) (-1.622) 

Industry Fixed Effects Yes Yes 

Pseudo R-squared 0.211 0.021 

Observations 1,224 745 

Robust z-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.1  
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Table 3: Propensity score matching (PSM) (Continued) 

 

Panel B: Regression analysis 

  (1) 

 CAR (-1,+1) 

    

Share of AI Workers 0.638*** 

 (4.223) 

Firm Size 0.004*** 

 (4.316) 

Profitability -0.023 

 (-1.350) 

Leverage -0.002 

 (-0.350) 

Capital Expenditures -0.078* 

 (-1.735) 

R&D Investments -0.039 

 (-1.120) 

Advertising Spending 0.054* 

 (1.815) 

Dividends 0.002 

 (0.032) 

Current Ratio 0.001 

 (0.730) 

Effective Tax Rate 0.006*** 

 (3.149) 

Constant -0.035*** 

 (-3.807) 

Industry Fixed Effects Yes 

Observations 745 

Adjusted R-squared 0.066 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Table 4: Entropy Balancing 

This table presents the regression results with entropy balancing. All firm-level variables, unless otherwise indicated, 

are measured annually. Stock market reaction variables are calculated using daily returns. The share of AI workers is 

defined as the proportion of AI-skilled employees at the firm, measured annually using resume data following Babina 

et al. (2024), and is treated as a continuous variable in all analyses. Control variables are defined in Appendix Table 

A1. Robust standard errors are clustered by industry. 

  (1) 

 CAR (-1,+1) 

    

Share of AI Workers 0.447** 

 (2.214) 

Firm Size 0.003*** 

 (5.891) 

Profitability 0.005 

 (0.382) 

Leverage -0.003 

 (-0.528) 

Capital Expenditures -0.027 

 (-0.764) 

R&D Investments -0.010 

 (-0.473) 

Advertising Spending 0.030* 

 (1.983) 

Dividends -0.088** 

 (-2.191) 

Current Ratio 0.001 

 (1.441) 

Effective Tax Rate 0.009*** 

 (8.716) 

Constant -0.030*** 

 (-6.459) 

Industry Fixed Effects Yes 

Observations 1,498 

Adjusted R-squared 0.038 

Robust t-statistics in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Table 5: Instrumental-variable analysis (IV) 

This table presents the regression results with an instrumental-variable analysis. All firm-level variables, unless 

otherwise indicated, are measured annually. Stock market reaction variables are calculated using daily returns. The 

share of AI workers is defined as the proportion of AI-skilled employees at the firm, measured annually using resume 

data following Babina et al. (2024), and is treated as a continuous variable in all analyses. Control variables are defined 

in Appendix Table A1. Robust standard errors are clustered by industry. 

  (1) (2) (3) (4) 

 First Stage Second Stage First Stage Second Stage 

 Share of AI Workers CAR (-1,+1) Share of AI Workers CAR (-1,+1) 

          

Share of AI Workers (Industry Average) 0.891***  0.244***  

 (9.537)  (3.132)  
Share of AI Workers (Instrumented)   2.323**  0.529** 

  (2.564)  (2.239) 

Share of AI Workers (Zip Code Average)   0.955***  

   (10.518)  
Firm Size 0.000** 0.002*** 0.000* 0.002*** 

 (2.121) (3.834) (1.942) (4.006) 

Profitability 0.001 0.042** -0.000 0.044** 

 (0.566) (2.068) (-0.065) (2.259) 

Leverage -0.001* -0.019*** 0.000 -0.022*** 

 (-1.872) (-3.804) (0.411) (-4.314) 

Capital Expenditures 0.003* -0.053 0.000 -0.055 

 (1.701) (-1.615) (0.194) (-1.667) 

R&D Investments 0.010** 0.010 0.001 0.033 

 (2.468) (0.351) (0.947) (1.307) 

Advertising Spending 0.005** 0.044 0.001 0.051 

 (2.625) (1.108) (0.711) (1.290) 

Dividends -0.003 -0.067 -0.000 -0.077 

 (-0.683) (-1.128) (-0.221) (-1.312) 

Current Ratio 0.000 0.001 0.000 0.000 

 (0.541) (0.677) (0.334) (0.529) 

Effective Tax Rate -0.000 0.004** -0.000 0.004** 

 (-0.853) (2.327) (-0.242) (2.160) 

Constant -0.002* -0.026*** -0.001*** -0.025*** 

 (-1.945) (-5.567) (-2.949) (-4.962) 

Observations 1,501 1,501 1,501 1,501 

Adjusted R-squared 0.145 0.061 0.560 0.059 

F-Statistics 90.96*** - 279.96*** - 

Hansen J-Statistics - - - 1.604 

Robust t-statistics in parentheses     
*** p<0.01, ** p<0.05, * p<0.1     
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Table 6: Interactions with climate change exposure 

This table presents the regression results with interactions with climate change exposure. All firm-level variables, 

unless otherwise indicated, are measured annually. Stock market reaction variables are calculated using daily returns. 

The share of AI workers is defined as the proportion of AI-skilled employees at the firm, measured annually using 

resume data following Babina et al. (2024), and is treated as a continuous variable in all analyses. Control variables 

are defined in Appendix Table A1. Robust standard errors are clustered by industry. 

  (1) (2) (3) (4) 

 CAR (-1,+1) CAR (-1,+1) CAR (-1,+1) CAR (-1,+1) 

          

Share of AI Workers × Climate Change Exposure -333.733**    

 (-2.378)    
Climate Change Exposure 2.388*    

 (1.970)    
Share of AI Workers × Physical Risk  7,569.827   

  (0.850)   
Physical Risk  5.225   

  (0.888)   
Share of AI Workers × Regulatory Risk   2,677.047  

   (0.830)  
Regulatory Risk   -0.968  

   (-0.149)  
Share of AI Workers × New Opportunities    -464.666 

    (-1.376) 

New Opportunities    6.351*** 

    (3.285) 

Share of AI Workers 0.779*** 0.476* 0.478 0.614** 

 (3.666) (1.736) (1.636) (2.410) 

Firm Size 0.002*** 0.002*** 0.002*** 0.002*** 

 (3.790) (3.725) (3.653) (3.682) 

Profitability 0.043* 0.042 0.042* 0.043* 

 (1.748) (1.669) (1.687) (1.747) 

Leverage -0.022*** -0.022*** -0.022*** -0.022*** 

 (-4.097) (-4.202) (-4.086) (-4.140) 

Capital Expenditures -0.043 -0.037 -0.037 -0.048 

 (-0.902) (-0.758) (-0.763) (-1.069) 

R&D Investments 0.026 0.023 0.023 0.026 

 (0.742) (0.641) (0.651) (0.749) 

Advertising Spending 0.060 0.057 0.057 0.062 

 (1.639) (1.542) (1.548) (1.654) 

Dividends -0.091 -0.089 -0.088 -0.087 

 (-1.444) (-1.405) (-1.369) (-1.365) 

Current Ratio 0.001 0.001 0.001 0.001 

 (0.840) (0.820) (0.796) (0.820) 

Effective Tax Rate 0.003** 0.003** 0.003** 0.003** 

 (2.100) (2.053) (2.058) (2.063) 

Constant -0.030*** -0.028*** -0.027*** -0.029*** 

 (-6.190) (-5.556) (-5.512) (-5.774) 

Industry Fixed Effects Yes Yes Yes Yes 
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Observations 1,498 1,498 1,498 1,498 

Adjusted R-squared 0.085 0.081 0.081 0.089 

Robust t-statistics in 

parentheses    
*** p<0.01, ** p<0.05, * 

p<0.1    
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Table 7: Interactions with climate change sentiment 

This table presents the regression results with interactions with climate change sentiment. All firm-level variables, 

unless otherwise indicated, are measured annually. Stock market reaction variables are calculated using daily returns. 

The share of AI workers is defined as the proportion of AI-skilled employees at the firm, measured annually using 

resume data following Babina et al. (2024), and is treated as a continuous variable in all analyses. Control variables 

are defined in Appendix Table A1. Robust standard errors are clustered by industry. 

  (1) (2) (3) (4) 

 CAR (-1,+1) CAR (-1,+1) CAR (-1,+1) CAR (-1,+1) 

          

Share of AI Workers × Climate Change Sentiment -565.738    
 (-0.935)    

Climate Change Sentiment 0.928    
 (0.594)    

Share of AI Workers × Physical Risk Sentiment  59,984.690***   
  (6.513)   

Physical Risk Sentiment  -4.349   
  (-0.798)   

Share of AI Workers × Regulatory Risk Sentiment   1,317.338  
   (0.674)  

Regulatory Risk Sentiment   0.244  
   (0.040)  

Share of AI Workers × New Opportunities Sentiment    1,119.425 

    (0.742) 

New Opportunities Sentiment    5.696*** 

    (2.851) 

Share of AI Workers 0.561*** 0.491* 0.492* 0.401** 

 (3.166) (1.749) (1.742) (2.254) 

Firm Size 0.002*** 0.002*** 0.002*** 0.002*** 

 (3.739) (3.725) (3.712) (3.710) 

Profitability 0.042* 0.042 0.042* 0.043* 

 (1.692) (1.639) (1.684) (1.744) 

Leverage -0.022*** -0.022*** -0.022*** -0.022*** 

 (-4.123) (-4.068) (-4.082) (-4.361) 

Capital Expenditures -0.038 -0.038 -0.037 -0.048 

 (-0.784) (-0.782) (-0.757) (-1.051) 

R&D Investments 0.024 0.022 0.023 0.026 

 (0.676) (0.618) (0.655) (0.760) 

Advertising Spending 0.057 0.058 0.058 0.063 

 (1.552) (1.571) (1.563) (1.660) 

Dividends -0.088 -0.091 -0.089 -0.091 

 (-1.382) (-1.469) (-1.386) (-1.380) 

Current Ratio 0.001 0.001 0.001 0.001 

 (0.805) (0.802) (0.803) (0.818) 

Effective Tax Rate 0.003** 0.003** 0.003** 0.003** 

 (2.056) (2.009) (2.056) (2.050) 

Constant -0.028*** -0.027*** -0.027*** -0.029*** 

 (-5.613) (-5.583) (-5.608) (-5.734) 

Industry Fixed Effects Yes Yes Yes Yes 
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Observations 1,498 1,498 1,498 1,498 

Adjusted R-squared 0.081 0.083 0.080 0.089 

Robust t-statistics in parentheses    
*** p<0.01, ** p<0.05, * p<0.1    
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Table 8: Interaction with firm-specific characteristics 

This table presents the regression results with interactions with firm-specific characteristics. All firm-level variables, 

unless otherwise indicated, are measured annually. Stock market reaction variables are calculated using daily returns. 

The share of AI workers is defined as the proportion of AI-skilled employees at the firm, measured annually using 

resume data following Babina et al. (2024), and is treated as a continuous variable in all analyses. Control variables 

are defined in Appendix Table A1. Robust standard errors are clustered by industry. 

  (1) (2) (3) (4) 

 CAR (-1,+1) CAR (-1,+1) CAR (-1,+1) CAR (-1,+1) 

          

Share of AI Workers × R&D Investments 5.516***    

 (2.983)    
Share of AI Workers × Profitability  -3.941***   

  (-3.961)   
Share of AI Workers × Leverage   3.568***  

   (7.266)  
Share of AI Workers × Capital Expenditures    20.851*** 

    (3.342) 

Share of AI Workers -0.338 0.148 -0.115 -0.336 

 (-1.194) (0.653) (-0.585) (-0.982) 

Firm Size 0.002*** 0.003*** 0.002*** 0.002*** 

 (3.867) (4.125) (3.602) (3.795) 

Profitability 0.043* 0.054** 0.044* 0.044* 

 (1.769) (2.201) (1.798) (1.758) 

Leverage -0.023*** -0.023*** -0.028*** -0.022*** 

 (-4.338) (-4.747) (-5.932) (-4.136) 

Capital Expenditures -0.037 -0.038 -0.035 -0.064 

 (-0.743) (-0.761) (-0.725) (-1.188) 

R&D Investments 0.010 0.025 0.022 0.025 

 (0.255) (0.694) (0.635) (0.691) 

Advertising Spending 0.057 0.052 0.055 0.052 

 (1.531) (1.398) (1.486) (1.394) 

Dividends -0.089 -0.093 -0.089 -0.087 

 (-1.454) (-1.538) (-1.470) (-1.401) 

Current Ratio 0.001 0.001 0.001 0.001 

 (0.960) (1.065) (0.823) (0.919) 

Effective Tax Rate 0.003* 0.003* 0.004** 0.003** 

 (1.990) (1.923) (2.105) (2.054) 

Constant -0.027*** -0.029*** -0.025*** -0.027*** 

 (-5.403) (-5.979) (-4.979) (-5.370) 

Industry Fixed Effects Yes Yes Yes Yes 

Observations 1,498 1,498 1,498 1,498 

Adjusted R-squared 0.085 0.092 0.088 0.086 

Robust t-statistics in parentheses    
*** p<0.01, ** p<0.05, * p<0.1    
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Table 9: The role of corporate governance 

This table presents the regression results with interactions with corporate governance. All firm-level variables, unless 

otherwise indicated, are measured annually. Stock market reaction variables are calculated using daily returns. The 

share of AI workers is defined as the proportion of AI-skilled employees at the firm, measured annually using resume 

data following Babina et al. (2024), and is treated as a continuous variable in all analyses. Control variables are defined 

in Appendix Table A1. Robust standard errors are clustered by industry. 

  (1) (2) (3) 

 CAR (-1,+1) CAR (-1,+1) CAR (-1,+1) 

        

Share of AI Workers × % Independent Directors 0.027   

 (1.245)   
Share of AI Workers × % Female Directors  -0.062  

  (-1.337)  
Share of AI Workers × % Managerial Ownership   -0.010 

   (-0.154) 

% Managerial Ownership   -0.000 

   (-0.513) 

Ln (Board Size) 0.005 0.006  

 (0.612) (0.705)  
% Independent Directors 0.000 0.000  

 (0.014) (0.691)  
% Female Directors 0.000 0.000  

 (0.037) (0.594)  
Share of AI Workers -1.871 1.361* 0.481 

 (-0.967) (1.688) (1.020) 

Firm Size -0.000 -0.000 0.001 

 (-0.230) (-0.253) (1.258) 

Profitability 0.069* 0.070* 0.060** 

 (1.888) (1.897) (2.459) 

Leverage -0.014 -0.014 -0.016** 

 (-1.481) (-1.466) (-2.305) 

Capital Expenditures 0.113 0.107 0.048 

 (1.365) (1.282) (0.796) 

R&D Investments 0.067** 0.064** 0.025 

 (2.047) (2.031) (0.611) 

Advertising Spending 0.107 0.105 -0.006 

 (1.331) (1.303) (-0.112) 

Dividends -0.127** -0.132** -0.084 

 (-2.390) (-2.391) (-1.607) 

Current Ratio -0.001 -0.001 -0.000 

 (-0.763) (-0.877) (-0.448) 

Effective Tax Rate -0.001 -0.001 0.001 

 (-0.440) (-0.364) (0.503) 

Constant -0.024 -0.030 -0.022** 

 (-1.039) (-1.282) (-2.175) 

Industry Fixed Effects Yes Yes Yes 

Observations 574 574 757 

Adjusted R-squared 0.130 0.132 0.068 
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Robust t-statistics in parentheses   
*** p<0.01, ** p<0.05, * p<0.1   
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Table 10: The effect of the abnormal return attributable to AI workforce adoption on 

subsequent firm value 

This table presents the regression results investigating the impact of the abnormal return to subsequent firm value. All 

firm-level variables, unless otherwise indicated, are measured annually. Stock market reaction variables are calculated 

using daily returns. The share of AI workers is defined as the proportion of AI-skilled employees at the firm, measured 

annually using resume data following Babina et al. (2024), and is treated as a continuous variable in all analyses. 

Control variables are defined in Appendix Table A1. Robust standard errors are clustered by industry. 

  (1) (2) 

 (Tobin’s q)2016 (Average Tobin’s q)2016-2018 

      

CAR (-1, +1) (Predicted) 165.102*** 185.090*** 

 (4.377) (5.182) 

Firm Size -0.584*** -0.632*** 

 (-3.179) (-3.454) 

Profitability -3.732*** -4.734*** 

 (-3.147) (-4.500) 

Leverage 4.667*** 5.076*** 

 (4.059) (4.576) 

Capital Expenditures 8.007*** 8.794*** 

 (4.141) (4.099) 

R&D Investments -1.288 -1.819** 

 (-1.491) (-2.429) 

Advertising Spending -7.189*** -7.300** 

 (-2.686) (-2.596) 

Dividends 23.884*** 25.290*** 

 (4.685) (5.582) 

Current Ratio 0.101* 0.103* 

 (1.939) (1.812) 

Effective Tax Rate -0.330** -0.399*** 

 (-2.422) (-2.671) 

Constant 5.625*** 6.176*** 

 (4.481) (4.996) 

Industry Fixed Effects Yes Yes 

Observations 1,379 1,381 

Adjusted R-squared 0.233 0.240 

Robust t-statistics in parentheses  
*** p<0.01, ** p<0.05, * p<0.1  

  



55 
 

Appendix 

Table A1: Variable definitions 

With the exception of stock market reactions, all variables are based on annual data. 

Variable Definition 

Stock Market Reactions  

CAR (-1,+1) Cumulative abnormal returns from Day -1 to Day +1 

CAR (-2,+2) Cumulative abnormal returns from Day -2 to Day +2 

AI Workforce  

Share of AI Workers Proportion of AI workers developed by Babina et al. (2024)  

Firm-specific Characteristics 
 

Firm Size Ln (Total Assets) 

Profitability EBIT/Total Assets 

Leverage Total Debt/Total Assets 

Capital Expenditures Capital Expenditures/Total Assets 

Advertising Intensity Advertising Expense/Total Assets 

R&D Investments R&D Expense/Total Assets 

Dividend  Dividends/Total Assets 

Current Ratio Current Assets/Current Liabilities 

Effective Tax Rate Tax Expense/Pre-tax Income 

Climate Change  

Climate Change Exposure Firm-specific climate change exposure developed by Sautner et al (2023) 

Physical  Firm-specific climate change exposure due to physical risk 

Regulatory Firm-specific climate change exposure due to regulatory risk 

New Opportunities Firm-specific climate change exposure due to new business opportunities.  

Board Attributes  

% of Independent Directors Percentage of independent directors on the board 

% of Female Directors Percentage of female directors on the board 

Ln (Board Size) Natural log of board size 

% Managerial Ownership Total percentage of equity held by the top five executives 
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Event study estimation 

We analyze market responses to the adoption of the Paris Agreement on climate change 

using a traditional event study approach. The estimation period extends from 300 days to 46 days 

prior to the event date, t. We estimate the predicted return (𝐸(𝑟𝑖,𝑡)) using the market model based 

on the CRSP equally-weighted index as the benchmark market index (𝑟𝑚,𝑡). Our proxy for the 

stock market reactions is the cumulative abnormal return (CAR) over the event windows (–1, 1).6 

Specifically, 

𝐶𝐴𝑅𝑖,𝑡 (−1,+1) = ∑ (𝑟𝑖,𝑡 − 𝐸(𝑟𝑖,𝑡))

𝑡=+1

𝑡=−1

 

where  𝑟𝑖,𝑡  denotes raw return on a stock i on the event day t and 𝐸(𝑟𝑖,𝑡) = 𝛼̂ 𝑖 + 𝛽̂ 
𝑖
× 𝑟𝑚,𝑡  

respectively. 

To enhance the reliability of our findings, we apply strict criteria to exclude potential 

confounding events overlapping with the Paris Agreement's adoption. Specifically, we focus on 

quarterly earnings announcements, given extensive evidence of abnormal returns associated with 

these events (Watts, 1978). As a result, firms that reported quarterly earnings within two business 

days of the agreement's signing are excluded from our analysis. 

 
6 If an event date falls on a non-trading day, it is adjusted to the nearest subsequent trading day. Thus, the event date 

for the adoption of the Paris Agreement is set to December 14, 2015, although the announcement was made on 

December 12, 2015. For the estimation window, a minimum of 100 non-missing return observations is required. The 

CRSP equally-weighted index is constructed by giving equal weight to each stock within the index, ensuring that no 

single stock disproportionately influences the index's performance. The index value is based on the overall 

performance of all included stocks, with periodic rebalancing to maintain the equal weight distribution. There must 

be no missing returns within the event window. For example, estimating the Cumulative Abnormal Return (CAR) for 

the window (-1, +1) requires three non-missing returns within that period. 
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We also evaluate the impact of financial analysts’ revisions on stock market dynamics. A 

wealth of research in finance and accounting underscores the influential role of sell-side analysts’ 

reports in shaping investor behavior. Positive abnormal returns often follow analyst upgrades (in 

earnings forecasts, price targets, and recommendations), while downgrades typically yield 

negative abnormal returns. To address this, we analyze three critical indicators: analyst 

recommendations, price targets, and annual EPS estimates. Leveraging I/B/E/S data, we compare 

these metrics with their prior values from the same analyst and brokerage, issued at least a year 

earlier. Companies experiencing revisions in any of these metrics within two business days of the 

Paris Agreement’s adoption are removed from our dataset. 
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