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Abstract 

 

Research purpose:  

This study investigates the effect of firms’ climate risk on firm value and examines whether ESG practices moderate 

this relationship in emerging and frontier markets. 

 

Research motivation: 

Climate risk has become a critical concern for firms in vulnerable economies where exposure to extreme weather 

events is high, but insurance mechanisms and safeguards remain limited. Although prior studies link climate risk to 

firm value, evidence remains fragmented and concentrated in developed markets, creating a need for more context-

specific research. 

 

Research design, approach, and method: 

We analyze 1,683 firm-year observations from 561 firms across Vietnam, India, the Philippines, South Africa, and 

Malaysia during 2022–2024. To estimate causal effects, we adopt a Double Machine Learning (DML) framework that 

integrates Random Forest and XGBoost, allowing us to account for nonlinearity and control for confounding bias. 

 

Main findings: 

The results show that climate risk significantly reduces firm value, and this negative impact is amplified when 

interacted with ESG scores. These findings highlight the potential double-edged role of ESG in high-risk environments. 

 

Practical/managerial implications: 

Our results emphasize the importance of embedding ESG practices into firms’ financial strategies and technological 

innovation efforts. Moreover, they call for stronger regulatory frameworks and policy support to improve market 

resilience to climate-related risks. 

 

Keywords: Double Machine Learning, ESG Practices, Firm’s Climate Risk, Firm Value, Random Forest, XGBoost 

1. INTRODUCTION 

In recent decades, concerns over climate change risk have been steadily increasing (Battiston et al., 2021; Bolton & 

Kacperczyk, 2021; Dowling, 2013; Hong et al., 2020). Investors have increasingly incorporated firms’ exposure to climate 

risk into their portfolio decision-making, with the prevailing view that such risks carry significant financial implications 

for businesses (Vestrelli et al., 2024), thereby influencing corporate value. 

Accordingly, climate risk has long been recognized as a major threat to human society (Xu et al., 2024). According to the 

Atlas of Mortality and Economic Losses from Weather, Climate and Water Extremes (1970–2019) released by the World 

Meteorological Organization (WMO) on September 1, 2021, climate-related disasters have risen sharply over the past 50 
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years, accounting for 50% of all recorded disasters, 45% of disaster-related deaths, and 74% of economic losses, with 

91% of fatalities occurring in developing countries (Xu et al., 2024). A growing body of research shows that firms with 

higher climate exposure often face higher costs of capital and lower valuations, as investors demand a greater risk 

premium (Huang et al., 2022; Jin et al., 2025; Kling et al., 2021). At the same time, the introduction of instruments such 

as the European Union Emissions Trading System (EU-ETS) has directly increased the operating costs of high-emission 

firms, thereby affecting their profitability and market value (Dewaelheyns et al., 2023; Lambertides & Tsouknidis, 2024; 

Makridou et al., 2019). On a broader scale, the investment market has witnessed a profound shift, with global ESG funds 

surpassing USD 30 trillion in 2022 (GSIA, 2022), indicating that investors are increasingly aligning capital allocation 

decisions with firms’ ability to manage climate risks. Taken together, these developments underscore that examining the 

impact of climate risk on firm value is not only of academic significance but also of urgent practical relevance for both 

corporations and the financial markets. 

Previous studies have documented various economic consequences of climate risk for firms and financial markets (Dell 

et al., 2014; Stern, 2007; Xu et al., 2022). However, empirical evidence remains inconsistent (Xu et al., 2024). Some 

research suggests that climate risk undermines the fundamental drivers of firm value—for instance, by reducing national 

and regional productivity (Burke et al., 2015), lowering stock and bond returns and thereby weakening investor 

expectations (Cao & Wei, 2005; Hirshleifer & Shumway, 2003; Huynh & Xia, 2021; Kamstra et al., 2003; Liu & Lin, 

2023), increasing the cost of equity and financial risk (Huynh et al., 2020), heightening earnings and cash flow volatility 

(Huang et al., 2018), as well as decreasing revenue and operating income, which directly determine market value 

(Pankratz et al., 2023). Conversely, other studies argue that climate risk may generate positive effects on firm value—for 

example, by stimulating risk-taking behavior and raising market valuations (Xu et al., 2022), improving financial 

performance in specific industries such as mining (Sun et al., 2020), encouraging carbon reduction in highly polluting 

sectors and thereby enhancing reputation and competitive advantage (Ren et al., 2022), or fostering employment and 

breakthrough green innovation that expand long-term growth potential (Sautner et al., 2023). These divergent findings 

highlight the need for further research to clarify the true impact of climate risk on firm value. 

Although climate change is a global phenomenon with far-reaching impacts on economies and societies, existing studies 

on the effects of climate risk on firm value have thus far concentrated primarily on developed economies or within specific 

national contexts (Huynh & Xia, 2021; Javadi & Masum, 2021; Lemma et al., 2018). However, evidence indicates that 

emerging and frontier economies often suffer greater losses from extreme climate events while lacking adequate insurance 

mechanisms to mitigate these risks (Agoraki et al., 2024; Akhtaruzzaman et al., 2023; Arian & Naeem, 2025; Bals et al., 

2007; Lee et al., 2021). This research gap is noteworthy, as the combination of high vulnerability and limited risk -

mitigation capacity may amplify the impact of climate risk on firm value in these contexts. Accordingly, extending the 

scope of analysis to emerging and frontier economies can provide more comprehensive empirical evidence and, at the 

same time, make an important contribution to policy discussions on enhancing the resilience of firms and financial 

markets in the face of climate change. 

Moreover, while measuring climate risk at the firm level is a critical prerequisite for assessing its impact on firm value, 

such metrics remain underdeveloped in emerging and frontier economies. Previous studies have primarily relied on data 

from developed countries, where transparency and climate-related disclosure systems are more advanced (Bolton & 

Kacperczyk, n.d.; Kölbel et al., 2020; Sautner et al., 2023; Vestrelli et al., 2024). Common indicators, such as carbon 

emissions, participation in voluntary initiatives, or data from the CDP, typically cover only large firms listed in developed 

markets (Ding et al., 2024; Grahn, 2025; Siddique et al., 2021). By contrast, in emerging and frontier economies, climate-

related disclosure is often limited, participation in international reporting initiatives is low, and carbon data are either 

missing or inconsistent (Ding et al., 2024; Gerged, 2021; Mansour et al., 2025; Qian et al., 2025). This results in the 

absence of reliable measures for quantifying climate risk at the firm level. Therefore, empirical research is needed to 

advance the development of climate risk metrics that are better aligned with the specific contexts of emerging economies. 

Accordingly, our study aims to assess the impact of climate change risk on firm value in the context of emerging and 

frontier economies—regions that often bear severe losses from extreme climate events but lack adequate risk insurance 

mechanisms and reliable firm-level metrics. By combining data aggregation with machine learning techniques, this 

research not only provides more comprehensive empirical evidence but also contributes to the ongoing debate on the 

economic implications of climate risk. Machine learning offers powerful capabilities for economic analysis by moving 

beyond traditional methods to uncover complex, non-linear patterns in large datasets. This enables economists to make 

more accurate forecasts and to analyze unstructured data for novel insights. 

From an academic perspective, this study addresses an important gap in the literature, as most prior research has 

concentrated on developed economies or relied on climate disclosure data that predominantly cover large listed firms. By 

extending the analytical framework to emerging and frontier markets—where climate risks may exert stronger effects on 

firm value but remain underexplored—this study enriches our understanding of climate-related financial risks. 

From a practical perspective, the research offers valuable insights for firms in identifying and managing climate risks, for 

investors in adjusting capital allocation strategies and firm valuation, and for policymakers in designing regulatory 
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frameworks, governance tools, and supportive mechanisms to enhance the resilience of financial markets and businesses 

to climate change. 

The study focuses on emerging and frontier economies given their high exposure to climate risks such as storms, droughts, 

floods, and heatwaves, alongside limited insurance mechanisms and weak climate disclosure systems, which force firms 

to directly absorb related damages and costs. Investigating this context thus provides a more comprehensive picture of 

the true effects of climate risk on firm value in vulnerable environments. 

Among these economies, we select Vietnam, India, the Philippines, South Africa, and Malaysia. In addition to data 

availability, these countries represent typical markets with diverse industrial structures, varying degrees of capital market 

development, and significant carbon-intensive sectors—industries directly affected by climate change. 

Furthermore, the financial sector is excluded because business models in this domain—such as banking, insurance, and 

securities—are primarily exposed to climate risk indirectly through investment portfolios or loan exposures, rather than 

through direct physical impacts on production and operations. Excluding the financial sector allows for a clearer and more 

consistent comparison across firms that are directly exposed to climate risks (Huynh et al., 2020; Sautner et al., 2023). 

The remainder of this paper is structured as follows. Section 2 reviews the relevant literature and develops the research 

hypotheses. Section 3 describes the data and methodology. Section 4 reports and discusses the empirical results. Section 

5 concludes and provides implications. 

2. LITERATURE REVIEW AND HYPOTHESIS DEVELOPMENT 

Firm valuation has become an essential requirement in corporate activities (Stryjakiewicz et al., 2014), particularly as 

climate risk emerges as a major challenge. Climate risks are commonly categorized into two groups—physical risks and 

transition risks (TCFD, 2017)—both of which exert profound impacts on corporate operations and sustainable 

development. The intersection between climate change and firm value represents an intriguing nexus that warrants 

increasing academic attention worldwide (Pradhan et al., 2025). 

The relationship between climate risk and firm value can be explained through various theoretical lenses. From the 

perspective of stakeholder theory, Freeman (2010) argues that firms must balance the interests of all stakeholders rather 

than focusing solely on shareholders. When climate risks materialize, shifts in stakeholder support, trust, and cooperation 

may lead firms to face higher capital costs, unstable cash flows, and weakened market reputation, ultimately resulting in 

lower valuations. Signaling theory emphasizes the role of reducing information asymmetry and enhancing financial 

transparency in building trust with stakeholders (Spence, 1973). Firms with greater transparency can signal to investors 

their commitment to addressing climate change, thereby mitigating the adverse effects of climate exposure on firm value 

(Jin et al., 2025). Legitimacy theory, meanwhile, suggests that environmental disclosure is not merely a compliance 

mechanism but also a means to align with societal expectations and values (Barkemeyer, 2007; Deegan, 2006). When 

such expectations are met, firm value tends to increase. The observed positive correlation between climate risk disclosure 

and market valuation underscores the importance of effectively communicating climate-related exposures to investors 

(Vestrelli et al., 2024). This highlights the pressing need for systematic research to further clarify the impact of climate 

risk on firm value, both theoretically and empirically. 

Building on this foundation, we develop the first hypothesis of our study, which posits a significant negative relationship 

between climate risk and firm value. This hypothesis is grounded in empirical evidence showing that climate risk exerts 

substantial effects on economic and financial performance (Nordhaus, 2006; Dell et al., 2014; Del Fava et al., 2024; 

Pradhan et al., 2025). Earlier studies predominantly focused on climate risks at the national or city level, or across specific 

geographic regions. From this starting point, the growing global concern over climate variability has motivated both 

policymakers and scholars to broaden the scope of inquiry, aiming to better understand how environmental factors 

influence corporate valuation. 

A growing body of recent empirical studies consistently confirms that climate risk (both physical and transition) exerts a 

significant negative effect on firm value. At the micro level, climate-related risks directly erode firm value by reducing 

financial performance, cash flows, debt financing capacity, and market valuation (Naseer et al., 2024; Bagh et al., 2024a). 

The primary transmission mechanisms arise from direct costs such as physical damages, supply chain disruptions, and 

emerging legal liabilities (Berkman et al., 2024). In addition, climate risk generates indirect costs through financial 

volatility, particularly by constraining firms’ access to debt financing due to rising financial costs (Liu et al., 2025a), 

thereby leading to higher capital costs (Lemma et al., 2019; Matsumura et al., 2013) and adverse stock market reactions 

(Hossain & Masum, 2022; Dzieliński et al., 2022). At the macro level, Naseer et al. (2025a) find that climate risk increases 

market volatility, reflecting investor sensitivity to policy, physical, and transition risks. These adverse effects are 

especially pronounced in state-owned enterprises, carbon-intensive industries, and in regions with weak institutional 

frameworks, where governance lacks resilience (Song et al., 2025; Jin et al., 2025). 

Nevertheless, evidence also suggests that this negative relationship is not absolute but can be moderated by managerial 

capabilities, technological innovation, and institutional policies. Firms with stronger managerial capacity may mitigate 
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adverse impacts of climate risk through strategic adjustments and enhanced financial adaptability (Almaghrabi, 2023; 

Song et al., 2025). In addition, the roles of R&D intensity (Naseer et al., 2025a), asset reallocation (Hoang et al., 2025), 

and capital structure adjustments (Ahmad et al., 2023; Huang et al., 2022) are emphasized in reducing losses, 

strengthening resilience, and enhancing adaptive capacity. At the institutional and policy level, robust governance 

frameworks (Jin et al., 2025), transparent markets, and global initiatives such as the Paris Agreement (Naseer et al., 

2025b) provide stabilizing effects, enabling markets to more accurately price climate risks. Moreover, the advancement 

of financial technology has been shown to partially offset the impact of climate risks on firm value and dividends by 

improving financial management and access to capital (Abbasi et al., 2025). Nonetheless, these moderating factors merely 

weaken the magnitude of the impact rather than eliminating the overall negative trend. 

Although the majority of studies emphasize the adverse effects of climate risk on firm value, there is still evidence 

suggesting that this relationship may be positive or inconclusive. In certain cases, specific climate factors, such as heavy 

rainfall or droughts, have been found to enhance financial performance in the power sector, while other climate 

phenomena exert opposite effects, indicating that the relationship is unstable and highly industry-specific (Sun et al., 

2023). From a financial management perspective, climate risk has also been shown to increase the value of cash holdings, 

as investors perceive them as precautionary signals and assign higher valuations to firms with strong governance and 

social responsibility (Guizani et al., 2025). Moreover, some studies report heterogeneous results, where transition risks 

reduce market value but exhibit a positive association with accounting-based financial performance indicators (Mondal 

& Bauri, 2024). These findings broaden the discussion by suggesting that climate risk not only poses challenges but may 

also create strategic opportunities for firms, such as proactively pursuing adaptive opportunities (Elijido-Ten & Clarkson, 

2019) or leveraging green transitions to enhance ESG reputation and strengthen long-term positioning (Naseer et al., 

2024). Nevertheless, other studies also reveal that such opportunities are not consistently reflected in firm valuations, as 

investors tend to place greater emphasis on legal and market risks, while the benefits from climate-related opportunities 

are largely sector-dependent (Li et al., 2024). Accordingly, existing research findings remain fragmented and lack 

consensus, providing insufficient grounds to affirm a sustainable positive relationship. 

Based on these foundations, this study develops the first hypothesis: 

H1: Climate risk is negatively associated with firm value. 

The challenges posed by climate risks to firm value, encompassing both physical and transition risks, are widely 

recognized as severe. Recent studies highlight that ESG practices may serve as an important moderating mechanism in 

the relationship between climate risks and firm value. Specifically, ESG is considered a modern risk management tool 

that not only signals positively to investors but also enhances transparency and meets stakeholder expectations. 

Implementing ESG practices not only strengthens stakeholder trust but also mitigates adverse impacts of climate change, 

thereby underscoring the strategic role of ESG in climate risk management (Bagh et al., 2024a, 2024b). 

However, most prior research has primarily focused on CSR, which is often viewed as the precursor to ESG. CSR mainly 

emphasizes social and community responsibilities and has increasingly been demonstrated as a mechanism that enhances 

corporate resilience against climate risks. Empirical evidence shows that when faced with climate risks, firms tend to 

intensify CSR activities to mitigate the negative effects on performance (Ozkan et al., 2023). CSR can help maintain 

stability in the banking sector by enhancing resilience and securing long-term profitability (An et al., 2023; Khemiri et 

al., 2025), while reducing adverse stakeholder reactions during crises (Christensen, 2016; Flammer, 2013). Even during 

the COVID-19 pandemic, CSR was found to immediately improve firms’ image and market value by strengthening social 

trust (Qiu et al., 2021). Similarly, Hossain and Masum (2022) emphasize that CSR can act as a “strategic buffer,” 

significantly mitigating the detrimental effects of climate risks. 

Although widely studied, CSR has remained largely focused on social and community aspects, whereas ESG is more 

comprehensive as it integrates environmental and governance dimensions, directly linked to the challenges of climate 

change. Recent evidence suggests that ESG not only subsumes CSR but also incorporates modern governance 

mechanisms, green technological innovation, and a sustainability-oriented strategy, thereby generating long-term positive 

impacts on firm value (Bagh et al., 2024a; Al-Kubaisi & Abu Khalaf, 2025; Liu et al., 2025b; Behl et al., 2022). This 

implies that ESG may represent a more holistic mechanism than CSR in addressing climate risks. Nevertheless, empirical 

evidence directly examining the moderating role of ESG in the climate risk–firm value relationship remains scarce. This 

gap is particularly significant in the context of growing pressures from climate change as well as the increasing demand 

from investors for sustainability. 

Based on the above arguments, we propose the second hypothesis: 

H2a: ESG practices positively moderate the relationship between climate risks and firm value. 

H2b: ESG practices negatively moderate the relationship between climate risks and firm value. 

 

3. DATA AND METHODOLOGY 
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3.1. Sample, data, and sources 

We constructed a panel dataset comprising 561 publicly listed firms from selected frontier and emerging markets, 

including Vietnam, India, the Philippines, South Africa, and Malaysia, over the period 2022 – 2024. The study period is 

determined based on data availability. The dataset is built from annual financial information obtained from the Refinitiv 

Eikon database, combined with ESG data provided by Refinitiv. Refinitiv’s ESG scores are measured transparently and 

objectively, reflecting firms’ relative ESG performance, commitments, and effectiveness across more than 500 

comparable indicators covering ESG categories and other controversial issues (Lee & Raschke, 2023). Firm-level climate 

risk data are estimated using Python-based text mining of information disclosed in annual reports. In addition, 

macroeconomic variables, including GDP growth and inflation, are collected from the World Bank database. 

One note that our dataset covers the period 2022–2024. While we have complete data for both the dependent variable 

(firm value) and the main independent variable (firm-level climate risk) over a long period, the inclusion of ESG variables 

as moderators constrains the time horizon. In emerging and frontier markets, ESG data are still limited in coverage and 

consistency. To maximize the number of firm-level observations with complete information, we therefore restrict our 

sample to three years. 

During data processing, we exclude: (i) firms operating in the financial sector, and (ii) firm-year observations with missing 

values for key variables. After filtering and cleaning, the final dataset consists of 1,683 firm-year observations, ensuring 

sufficient reliability for empirical analysis. The research sample is further classified by major industries and years, 

following the Standard Industrial Classification system. 

3.2. Variables definition and measurement 

We employ Tobin’s Q as the primary measure of firm value. Following the definition of Brainard and Tobin (1968) and 

Tobin (1969), Tobin’s Q is the ratio of the market value of a firm to the replacement cost of its capital, reflecting the 

firm’s incentives to invest in capital. Hayashi (1982) identified the conditions under which the average Tobin’s Q equals 

the marginal Tobin’s Q, thereby providing a critical theoretical foundation for the application of this indicator. Subsequent 

studies, such as Chung and Pruitt (1994), have further refined and extended the concept, reinforcing the role of Tobin’s 

Q as a market-based measure of firm value. In this study, Tobin’s Q is defined as the ratio of the total book value of equity 

and liabilities to the total market value of equity and liabilities, as expressed in Equation (1). This measurement approach 

has been widely adopted in prior research (Bagh, Bouri et al., 2024; Bagh, Fuwei et al., 2024; Jin et al., 2025). 

𝑇𝑜𝑏𝑖𝑛′𝑠 𝑄𝑖,𝑡 =
𝐸𝑞𝑢𝑖𝑡𝑦 𝑚𝑎𝑟𝑘𝑒𝑡 𝑣𝑎𝑙𝑢𝑒𝑖,𝑡 + 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠 𝑚𝑎𝑟𝑘𝑒𝑡 𝑣𝑎𝑙𝑢𝑒𝑖,𝑡

𝐸𝑞𝑢𝑖𝑡𝑦 𝑏𝑜𝑜𝑘 𝑣𝑎𝑙𝑢𝑒𝑖,𝑡 + 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠 𝑏𝑜𝑜𝑘 𝑣𝑎𝑙𝑢𝑒𝑖,𝑡

 (1) 

The choice of Tobin’s Q (TQR) to analyze the impact of climate change risk on firm value is justified by two main 

reasons. First, Tobin’s Q is a comprehensive measure that captures both tangible and intangible assets. Climate change 

risk can significantly affect both types of assets, for instance, by causing physical damage to plants and equipment while 

also eroding intangible assets such as brand reputation and customer relationships (Busch & Hoffmann, 2011; Jin & 

Jorion, 2006). Second, Tobin’s Q is a market-based indicator that reflects investors’ expectations of a firm’s future cash 

flows (Guenster et al., 2011). Hence, climate change risk can alter these expectations, leading to considerable fluctuations 

in firm value. 

To examine the sensitivity of firm value to climate risk shocks, we construct a climate risk measure based on information 

extracted from annual reports. This methodology builds on and adapts previous studies, in particular the text analysis 

approach of Bua et al. (2022) and Nguyen et al. (2023, 2025). Due to our limited access to large amounts of climate news 

data, and given that our research objective is to measure climate risk at the firm level (rather than relying on news data as 

in Bua et al. (2022)), we use the natural hazard dictionary developed by Nguyen et al. (2023). Specifically, the 

measurement procedure is implemented as follows: 

1. Text preprocessing: annual reports of enterprises are converted to digital text format and standardized (removal of 

special characters, standardization of uppercase/lowercase words, word separation). 

2. Applying the natural disaster dictionary: we use a list of terms related to hazards and natural disasters from Nguyen 

et al. (2023). For each report, we identify and count the number of occurrences (term frequency – tf) of these terms. 

List of words: adaptive capacity, air burst, airbursts, apocalypse, apocalypses, ash fall, ashfall, avalanche, avalanches, 

blizzard, blizzards, calamity, calamities, cataclysm, cataclysms, climate change, climate warms, coastal erosion, cold 

wave, cold waves, coping capacity, cyclone, cyclones, debacle, debacles, derecho, derechos, disaster, disaster risk, 

disaster risk management, disaster risks, disasters, drought, droughts, earthquake, earthquakes, El Niño, extreme heat, 

extreme rain, extreme rainfall, extreme rains, extreme temperature, extreme temperatures, extreme weather, firestorm, 

firestorms, flood, flooded, flooding, floodings, floods, fog, fogs, forest fire, forest fires, freeze, freezes, freezing, gale, 

gales, geophysical hazard, geophysical hazards, global warming, hail, hailstorm, hailstorms, hazard mitigation, heat wave, 

heat waves, heavy rainfall, heavy snow, high wind, high winds, hurricane, hurricanes, hydrological hazard, hydrological 

hazards, La Niña, Landfall, landfalls, landslide, landslides, lava flow, lava flows, microburst, microbursts, mudslide, 

mudslides, natural hazard, natural hazards, rainfall, rainfalls, rainstorm, rainstorms, rock fall, rock-fall, rockfall, rockfalls, 

rogue wave, rogue waves, seiche, seiches, severe winter condition, severe winter conditions, snow, snowstorm, 

snowstorms, storm, storms, thunderstorm, thunderstorms, tornado,tornadoes, tremor, tsunami, tsunamis, twister, typhoon, 



ICECH2025 - The 13th International Conference on Emerging Challenges: Business Dynamics in Disruptive Economy  

 

6 

volcanic, volcano, volcanos, whirlpool, whirlpools, wildfire, wildfires, wind, winds, windstorm, windstorms, 

winterstorm, winterstorms 

3. Calculating the TF–IDF weight: to assess the importance of each term in each report, we calculate the TF–IDF (term 

frequency – inverse document frequency). This index allows us to distinguish highly distinctive words (frequently 

appearing in a company’s report but rarely in other reports) from common but less distinctive words. 

4. Constructing a climate risk index: we synthesize information from the TF–IDF weights related to the natural disaster 

vocabulary to form a climate risk measure for each company. This index reflects the level of concern and awareness 

of the company’s management board towards climate risks, as shown through the annual report. High index values 

indicate that businesses show greater concern for climate risks, while low values indicate limited concern. 

For ESG practices, according to previous studies (Aydoğmuş et al., 2022; De La Fuente et al., 2021), we use the firm’s 

overall ESG index based on the ESG scores from Refinitiv. The scoring scale is classified as follows: Scores from 0 to 

25 (0–0.25) represent relatively poor ESG performance and a lack of transparency in ESG-related data disclosure. Scores 

from 26 to 50 (0.26–0.50) indicate acceptable ESG performance with a medium level of transparency in ESG data 

disclosure. Scores from 51 to 75 (0.51–0.75) reflect good ESG performance and higher-than-average transparency in ESG 

data disclosure. Finally, scores from 76 to 100 (0.76–1.00) denote excellent ESG performance along with high 

transparency in ESG data disclosure. 

Firm value is used as the outcome variable, firm’s climate risk is the treatment variable, and the ESG index is the 

moderator variable. We employ several confounders at both firm-level and macro-level that may affect firm value. The 

description and measurement of the control variables are presented in detail in Table 1. 

 

Variables  Measurement References 

Firm size (SIZE) 
Firm size (SIZE) = natural logarithm of total 

assets in year t 

(Hossain and Masum, 2022; Naseer 

et al., 2025a; Song et al., 2025) 

Financial leverage 

(LEV) 

Financial leverage (LEV) = debt-to-equity ratio in 

year t 

(Bagh et al., 2024; Hoang et al., 

2025; Naseer et al., 2025b, 2024) 

lctat 
Total current liabilities in year t / Total assets in 

year t 
(Nguyen et al., 2025) 

lctlt 
Total current liabilities in year t / Total liabilities 

in year t 
(Nguyen et al., 2025) 

chlct Cash in year t / Total current liabilities in year t (Nguyen et al., 2025) 

cheat 
(Cash and short-term investments in year t) / 

(Total assets in year t−1) 
(Nguyen et al., 2025) 

Inventory ratio 

(Inventory) 
Inventory in year t / Revenue in year t−1 (Kim and Kiymaz, 2024) 

Growth 
Revenue growth = (Revenue in year t − Revenue 

in year t−1) / Revenue in year t−1 

(Hossain and Masum, 2022; Naseer 

et al., 2025a; Song et al., 2025) 

GDP growth 

(GDPgrowth) 
GDP growth of countries in year t 

(Al-Kubaisi and Abu Khalaf, 2025; 

Liu et al., 2014) 

Inflation (INF) Inflation of countries in year t 
(Al-Kubaisi and Abu Khalaf, 2025; 

Bagh et al., 2024) 

Table 1. List of confounders used in the study 

3.3. The models 

To assess the robustness of the causal effect, we consider two models as presented below. Each model includes several 

additional firm-specific characteristics as potential confounders. We only present linear regression models. For other 
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models, for example machine learning–based models, we still use the same set of variables as in the linear regression but 

allow nonlinear interactions among these variables. 

First, we represent the causal relationship in Figure 1 as follows: 

 

Figure 1. Theorical framework 

To specify the causal relationship, we employ the following models: Model 1 (as represented in Equation 2) does not 

include the moderator variable, whereas Model 2 (as represented in Equation 3) incorporates the moderating effect on 

this relationship. 

Model 1: 

𝐹𝑉𝑖,𝑡 = 𝐹𝐶𝑅𝑖,𝑡 + 𝑆𝐼𝑍𝐸𝑖,𝑡 + 𝐿𝐸𝑉𝑖,𝑡+𝑙𝑐𝑡𝑎𝑡𝑖,𝑡 + 𝑙𝑐𝑡𝑙𝑡𝑖,𝑡 + 𝑐ℎ𝑙𝑐𝑡𝑖,𝑡 + 𝑐ℎ𝑒𝑎𝑡𝑖,𝑡 + 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦𝑖,𝑡 +  𝐺𝑟𝑜𝑤𝑡ℎ𝑖,𝑡 +

𝐺𝐷𝑃𝑔𝑟𝑜𝑤𝑡ℎ𝑖,𝑡 + 𝐼𝑁𝐹𝑖,𝑡  (2) 

Model 2: 

𝐹𝑉𝑖,𝑡 = 𝐹𝐶𝑅𝑖,𝑡 + 𝐹𝐶𝑅𝑖,𝑡 × 𝐸𝑆𝐺𝑖,𝑡 + 𝑆𝐼𝑍𝐸𝑖,𝑡 + 𝐿𝐸𝑉𝑖,𝑡+𝑙𝑐𝑡𝑎𝑡𝑖,𝑡 + 𝑙𝑐𝑡𝑙𝑡𝑖,𝑡 + 𝑐ℎ𝑙𝑐𝑡𝑖,𝑡 + 𝑐ℎ𝑒𝑎𝑡𝑖,𝑡 + 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦𝑖,𝑡 +

 𝐺𝑟𝑜𝑤𝑡ℎ𝑖,𝑡 + 𝐺𝐷𝑃𝑔𝑟𝑜𝑤𝑡ℎ𝑖,𝑡 + 𝐼𝑁𝐹𝑖,𝑡  (3) 

3.4. Methodology 

In this study, we employ advanced machine learning algorithms within the framework of Double Machine Learning to 

model the complex relationships among variables. Specifically, Random Forest and XGBoost are selected as the nuisance 

models to estimate both the outcome and the treatment conditional on the confounders.  

The structural Equation (4) specifies the outcome variable as a function of the treatment and the confounders: 

𝑌𝑡
𝑖 = 𝑓(𝑇𝑡

𝑖 , 𝐷𝑡
𝑖) + 𝜀𝑡 (4) 

In this context, 𝑌𝑡
𝑖  (outcome) denotes the firm value in year t; 𝑇𝑡

𝑖 (treatment) represents the firm’s climate risk extracted 

from the company’s annual reports in year t; 𝐷𝑡
𝑖  (confounders) includes firm-specific characteristics and 

macroeconomic variables; and 𝜀𝑡 is an error term. 

Double or debiased machine learning (DML), as originally introduced by Chernozhukov et al. (2018), is an advanced 

strategy for conducting causal inference with observational data. The key idea of DML relies on the Neyman orthogonality 

condition of the score function. DML also acknowledges several additional assumptions, such as standard 

unconfoundedness, nonlinear moment conditions, and other regularity requirements. Despite these assumptions, DML 

offers several advantages: it leverages the predictive power of machine learning methods, accounts for nonlinear 

relationships among variables, imposes relatively mild assumptions, corrects bias due to regularization (through Neyman 

orthogonality) and overfitting (via cross-fitting), and mitigates confounding bias. 

Random Forest (Breiman, 2001) is an ensemble learning method that constructs a “forest” of multiple decision trees 

during training. For regression tasks, the model’s final prediction is obtained by averaging the predictions of all individua l 

trees. By averaging predictions across a large number of trees trained on bootstrap samples and by considering random 

subsets of variables at each node, Random Forest effectively reduces variance and mitigates overfitting. Due to its 

flexibility and strong performance, Random Forest is well-suited for capturing nonlinear relationships in the estimation 

models of DML. 

XGBoost (Chen & Guestrin, 2016) is a gradient boosting algorithm renowned for its computational efficiency and 

predictive accuracy. XGBoost builds models sequentially, with each new decision tree added to correct the residual errors 

of the preceding trees. Its key distinction lies in the optimization of an objective function that incorporates both L1 and 

L2 regularization terms, thereby controlling model complexity and preventing overfitting. The ability to handle missing 

data, the flexibility to customize loss functions, and the efficiency when applied to large-scale datasets make XGBoost a 

powerful tool for modeling prediction functions in causal inference. 

 



ICECH2025 - The 13th International Conference on Emerging Challenges: Business Dynamics in Disruptive Economy  

 

8 

 

 

4. RESULTS AND DISCUSSION 

4.1. Descriptive statistics 

Table 2 presents the descriptive statistics of the variables, including the total number of observations, mean, standard 

deviation, minimum value, maximum value, and variance inflation factor (VIF). The VIF results fall within the acceptable 

threshold, indicating that none of the variables suffer from multicollinearity issues based on the criterion of VIF > 10. 

 

Variable Obs Mean Std. dev Min Max VIF 

FV 1,683 2.727636 3.283673 0.022280 23.668140  

FCR 1,683 1.767157 0.651114 0.000000 3.887897 1.20 

ESG 1,683 45.331220 17.131800 5.616526 92.594410 2.39 

SIZE 1,683 8.807894 0.660616 6.799331 11.358350 1.99 

LEV 1,683 0.191134 0.168927 0.000000 1.317903 2.13 

lctat 1,683 0.279163 0.172958 0.000000 2.398591 1.93 

lctlt 1,683 0.647132 0.229708 0.000000 1.060532 2.89 

chclt 1,683 0.316572 2.703103 0.000000 107.087700 1.06 

cheat 1,683 0.162601 0.151462 0.000207 1.341252 1.37 

Inventory 1,683 0.144977 0.125917 0.000000 0.791741 1233 

Growth 1,683 10.681050 86.200220 -100.000000 3,066.086 1.01 

GDPgrowth 1,683 6.661966 2.301560 0.579854 9.190755 1.34 

INF 1,683 3.261676 2.472932 -1.872256 6.403485 1.30 

Note: VIF values below 10 indicate no multicollinearity problem. 

 

Table 2. Descriptive Statistics and Variance Inflation Factor (VIF) 

Table 2 reports the descriptive statistics of the variables employed in this study. Firm value (FV) has a mean of 2.73 with 

a standard deviation of 3.28, indicating substantial variation across firms in the sample. The firm-level climate risk index 

(FCR) shows an average value of 1.77, ranging from 0 to 3.89, which suggests heterogeneity in firms’ exposure to climate-

related shocks. The ESG score has a mean of 45.33, with a relatively large standard deviation of 17.13, reflecting wide 

dispersion in firms’ sustainability practices. Regarding control variables, firm size (SIZE) averages 8.81, while leverage 

(LEV) averages 0.19. Firm growth (Growth) exhibits strong variability, with a mean of 10.68% but a wide range from –

100% to more than 3,000%, highlighting pronounced performance differences among firms. At the macroeconomic level, 

GDP growth averages 6.66% and inflation (INF) averages 3.26%, broadly consistent with the characteristics of emerging 

economies. The variance inflation factors (VIFs) reported in Table 2 provide an additional diagnostic for multicollinearity 

among the explanatory variables. All VIF values are below 2, substantially lower than the conventional cut-off thresholds 

of 5 or 10 commonly suggested in the literature. This indicates that correlations among independent variables are not 

sufficiently high to bias the estimation results. In other words, the explanatory power of each variable can be interpreted 

with confidence, and the regression outcomes are unlikely to suffer from inflated standard errors due to multicollinearity. 
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Figure 2. Histogram plots of three main variables 

In figure 2, we present three histogram plots, each illustrating the distribution of a key variable in the study. The Firm 

Value (Tobin's Q) - Distribution plot shows that most firms in the sample have low Tobin's Q values, with a sharp peak 

on the left and a long tail extending to the right. This represents a right-skewed distribution. This pattern indicates that 

only a few firms have high Tobin's Q values, while the majority are valued by the market close to their book value. The 

Firm’s Climate Risk (TFIDF) Distribution plot exhibits a near-normal distribution, with a central peak and gradual decline 

toward both sides. This suggests that the climate risk for firms in the sample is concentrated around a medium level, with 

very few firms facing extremely low or high climate risk. The ESG Score - Distribution plot also approximates a normal 

distribution, with a peak in the ESG score range of 60 to 70. This indicates that most firms in the sample have moderately 

high ESG scores, suggesting that many companies have implemented environmental, social, and corporate governance 

practices. 

4.2. Empirical results and discussion 

The study investigates the impact of a firm's climate risk (Treatment) on firm value, measured by Tobin’s Q (Outcome). 

We focus on two main scenarios to clarify the roles of confounders and the moderator variable. Based on the analytical 

results provided, we interpret in detail the following two cases: 

First, we test the direct effect of a firm's climate risk on firm value without incorporating the moderator. In this scenario, 

the study estimates the Average Treatment Effect (ATE) of a firm's climate risk on firm value, while controlling for the 

influence of confounders. The LinearDML model is employed, with XGBoost and Random forest serving as the base 

learner to capture the relationships among variables. 

 Direct effect Moderating effect 
 XGBoost Random forest XGBoost Random forest 

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

 FV FV FV FV 

FCR -0.132** -0.103* -0.132** -0.103* 

 [-0.209, -0.055] [-0.207, 0.001] [-0.209, -0.055] [-0.207, 0.00] 

ESG   0.042** 0.038** 
   [0.037808, 0.045270] [0.034752, 0.041154] 

FCR*ESG   -0.267** -0.137* 

   [-0.351941, -0.182799] [-0.245413, -0.028815] 

SIZE -0.151*** -0.089*** -0.197*** -0.052*** 

 [-0.151, -0.151] [-0.089, -0.089] [−0.197,−0.197] [−0.053,−0.052] 

LEV 0.353*** 0.801*** 0.851*** 0.133*** 

 [0.353, 0.353] [0.801, 0.801] [0.851,0.851] [0.133,0.133] 

lctat -1.353*** -1.567*** -0.997*** -0.995*** 

 [-1.353, -1.353] [-1.567, -1.567] [−0.997,−0.997] [−0.995,−0.995] 

lctlt -0.524*** -0.309*** -0.492*** -0.659*** 

 [-0.524, -0.524] [-0.309, -0.309] [−0.493,−0.492] [−0.659,−0.659] 

chclt 0.009*** 0.017*** 0.005*** 0.014*** 

 [0.009, 0.009] [0.017, 0.017] [0.005,0.005] [0.014,0.014] 

cheat -0.662*** -0.346*** -0.641*** -0.439*** 
 [-0.662, -0.662] [-0.346, -0.346] [−0.641,−0.641] [−0.439,−0.439] 
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Inventory -0.172*** -0.024*** -0.281*** 0.086*** 
 [-0.172, -0.172] [-0.024, -0.024] [−0.281,−0.281] [0.086,0.086] 

Growth -0.002** -0.002 -0.003** -0.004** 
 [-0.003, 0] [-0.006, 0.001] [−0.006,0.000] [−0.009,0.000] 

GDPgrowth -0.008*** -0.022*** -0.017*** -0.031*** 
 [-0.008, -0.008] [-0.022, -0.022] [−0.017,−0.017] [−0.031,−0.031] 

INF 0.011*** 0.018*** 0.014*** 0.024*** 
 [0.011, 0.011] [0.018, 0.018] [0.014,0.014] [0.024,0.024] 

     

     

 

Note, In Table 3, Columns 1-2 display result of the LinearDML Model XGBoost and Randomforest estimation for the 

direct impact of firm’s clumate risk (FCR) on firm’s value (FV). Subsequently, we assess the moderating role of ESG 

practices between FCR and FV, presenting results in columns 5-6. 95% confidence intervals in brackets. ***, **, * denote 

significance at the 1%, 5%, and 10% levels, respectively 

Table 3. Results of the LinearDML Model XGBoost and Random Forest 

These results imply that, after controlling for confounding factors, corporate climate risk has a significant negative impact 

on firm value. Specifically, for every unit increase in the climate risk index, Tobin's Q is expected to decrease by an 

average of 0.132 units in both the XGBoost and Random forest algorithms. In the XGBoost algorithm, the p-value is less 

than the 5% significance level, indicating that the impact is significant, but this significance level is not maintained in the 

Random forest algorithm but is still guaranteed to be less than 10%. Furthermore, the 95% confidence interval does not 

include zero, reinforcing the conclusion that the negative impact of climate risk is real and not random. Climate risk has 

a significant and negative impact on firm value, suggesting that investors undervalue companies with high levels of 

climate risk. This finding highlights the importance of controlling for founders to obtain accurate and unbiased causal 

estimates, thereby providing convincing evidence of the negative impact of climate risk on firm value. 

Based on the analysis results, the control variables (confounders) exhibit diverse and statistically significant effects on 

Firm Value (FV), reinforcing the robustness of the model. Specifically, both micro- and macro-level financial factors 

show consistent patterns. Financial leverage (LEV) exerts a strong and stable positive impact across all four models, 

suggesting that prudent use of debt can provide tax shields or enhance managerial discipline, in line with the premises of 

the Capital Structure Theory (Modigliani & Miller, 1958). In contrast, Firm Size (SIZE) demonstrates a significant 

negative relationship with FV, which may reflect the complexity, reduced flexibility, or internal governance challenges 

often observed in large conglomerates, even after controlling for other factors. 

Variables related to liquidity and working capital management also play a pivotal role. The cash-to-current liabilities ratio 

(chlct) is positively associated with FV, highlighting that maintaining sufficient liquidity to meet short-term obligations 

is valued by the market (Opler et al., 1999). Conversely, the ratio of cash and short-term investments to total assets (cheat) 

shows a negative sign, particularly in models with high statistical significance. This finding reflects the “Cash Holding 

Paradox,” whereby excessive cash holdings may signal inefficient asset utilization or weak governance, leading investors 

to assign lower valuations to such assets (Dittmar & Mahrt-Smith, 2007). 

At the macroeconomic level, inflation (INF) consistently exerts a positive effect, potentially because firms with strong 

pricing power can pass on inflationary costs to consumers, thereby preserving or enhancing nominal value (Bagh et al., 

2024). Meanwhile, revenue growth (Growth) and GDP growth (GDPgrowth) mostly display negative or insignificant 

effects, suggesting that during periods of rapid expansion, firms may face higher opportunity costs, greater expansion 

expenditures, or market expectation pressures, resulting in relatively lower valuations relative to the additional risk (Liu 

et al., 2014). These findings not only help control for the influence of exogenous factors but also provide critical insights  

for understanding the operational context in which Firm Climate Risk (FCR) and ESG practices affect FV. 

Overall, across both models, firm’s climate risk consistently maintains a negative relationship with firm value, which is 

fully consistent with Hypothesis H1. The findings of the present study are also in line with prior works such as Bagh, 

Bouri et al. (2024); Bagh, Fuwei et al. (2024); Jin et al. (2025); Naseer et al. (2024, 2025) which suggest that climate risk 

can erode firm value through costs arising from environmental damages (Walker & Wan, 2012). This evidence is also 

consistent with earlier macro-level research (Dell et al., 2014; Burke et al., 2015), which documented the adverse effects 

of climate change on economic growth and productivity. Accordingly, the present study not only reinforces the prevailing 

trend in the literature but also contributes credible causal evidence by applying Double Machine Learning to address 

confounding, thereby helping to bridge the research gap concerning the direct impact of climate risk on firm value. 

Second, we examine the moderating effect of ESG on the relationship between climate risk and firm value. This scenario 

is more complex, as it not only controls for confounding variables but also incorporates the moderating role of ESG 

scores. Specifically, we want to examine whether the impact of climate risk on firm value varies depending on the level 

of ESG practices adopted by the firm. The estimated mean treatment effect in this case is -0.2674, which is significantly 
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larger in absolute value than in Case 1. This result represents a Conditional Average Treatment Effect (CATE), which is 

averaged over all values of the ESG moderator. The negative and statistically significant ATE again confirms the adverse 

impact of climate risk. The increase in magnitude from -0.1316 to -0.2674 shows that when ESG is included in the model, 

the relationship between climate risk and firm value becomes more pronounced. This suggests that ESG plays an 

important moderating role in shaping this relationship. Table 3 shows a coefficient of −0.26737 (at the 5% significance 

level) for the XGBoost algorithm and -0.13711 (at the 10% significance level) for the Random Forest algorithm. The 

moderating effect of ESG is negative. This means that when climate risk increases, companies with high ESG scores are 

punished by the market more heavily than companies with low ESG scores. In other words, ESG does not mitigate the 

negative impact of FCR, but even amplifies it. 

When testing the moderating role of ESG through an interaction model to evaluate Hypothesis H2, the results reveal that 

ESG practices significantly alter the relationship between climate risk and firm value. Incorporating ESG into the model 

makes the adverse effect of climate risk more evident, thereby supporting Hypothesis H2b, which posits that the 

interaction between FCR and ESG practices may amplify the negative effect of climate risk on firm value. This implies 

that overlooking ESG could lead to underestimating the actual magnitude of the impact. Furthermore, the interaction 

results suggest that ESG is not only a preventive mechanism but may also amplify negative effects when market 

expectations are not met. This finding contrasts with Bagh et al. (2024) but aligns with signaling theory and stakeholder 

theory: firms with high ESG scores are expected to manage environmental risks more effectively, so when they still suffer 

from adverse climate risk impacts, the market reacts more strongly, leading to significant declines in stock prices and 

firm value (Connelly et al., 2010; Li et al., 2025). These results shed light on the ongoing debate in prior studies (Xu et 

al., 2022, 2024) and highlight the dual nature of ESG: it can serve both as a mitigating mechanism and as a potential 

amplifier of negative effects. This constitutes an important academic contribution of the present study in explaining the 

moderating effect of ESG. 

 

Figure 3. Conditional Causal Effects Plot (CATE Plot) 

Next, we provide a conditional average treatment effect (CATE) plot that provides key insights into how climate risk 

impacts firm value across different ESG performance levels. All estimated impacts are below zero, confirming that 

climate risk has a uniform negative impact on firm value. This finding is consistent with previous studies showing that 

environmental and regulatory uncertainty, extreme weather events, and other climate-related risks can reduce firm 

financial performance (Bagh, Bouri et al., 2024; Bagh, Fuwei et al., 2024; Jin et al., 2025; Naseer et al., 2024, 2025). 

Notably, the magnitude of this negative impact varies across ESG score quantiles. Companies with the lowest ESG scores 

(5,616–23,565) suffered the strongest adverse impacts, while those in the lower ESG quartiles suffered the strongest 

negative effects, with a CATE of approximately -0.31, suggesting that failure to fully engage with ESG may leave 

companies particularly vulnerable to climate-related shocks. In contrast, companies in the highest ESG quartile (68,143 

to 92,594) experienced the smallest value decline, of only -0.16. This difference suggests that adopting ESG standards 

acts as a financial cushion, helping companies improve their resilience and mitigate the decline in value when faced with 

climate risks. This reinforces the view that ESG practices, including proactive environmental management and sustainable 

corporate governance, can act as a buffer against external risks. However, the graph also shows that the negative impac t 
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does not disappear even at the highest ESG levels (68,143–92,594), suggesting that a high ESG score alone does not 

provide complete protection. This non-linear pattern may reflect several factors. First, although ESG activities improve 

resilience, extreme or systemic climate risks may still affect all companies regardless of their ESG performance. Second, 

high ESG scores may be correlated with higher market visibility or reporting requirements, which may increase the 

exposure to climate risks in the eyes of investors. 

The shaded band around the CATE line represents the 95% confidence interval (95% CI), which reflects the uncertainty 

of the estimate. The fact that the entire shaded band lies below the x=0 axis reinforces the statistical significance of the 

results, suggesting that the negative impact of climate risks is not random. These confidence intervals tend to be wider at 

the low and middle ESG quantiles, but remain relatively stable. Notably, at the highest ESG quantile, the confidence 

intervals appear to narrow, implying that the estimates of ESG-leading companies’ resilience are more accurate. Taken 

together, these results highlight that improving ESG scores is an effective strategy for mitigating financial risks associated 

with climate change. 

5. CONCLUSION 

This study provides clear empirical evidence of a negative relationship between climate risk and corporate value, with 

the magnitude of the impact varying significantly depending on the ESG practice conditions. First, the study adapted 

previous studies using the tf-idf method, combined with a vocabulary related to natural disasters and climate change to 

suit the determination of corporate risk levels. Then, using the ability to handle complex non-linear relationships and 

provide higher prediction accuracy on many real-world datasets, the authors used Random forest and XGBoost algorithms 

to automatically capture and model the complex and non-linear interactions in this relationship. The analysis results show 

that although climate risks significantly reduce Tobin’s Q, ESG integration does not fully mitigate this impact and may 

even amplify the negative impact of climate risks on corporate value, especially for companies with weak ESG practices. 

This result implies that companies with low ESG scores are more vulnerable to climate risks than those with higher ESG 

practices. This finding emphasizes that ESG for businesses cannot be considered as a superficial risk management tool 

but must be integrated with sustainable finance strategies and technological innovation. Only by comprehensively 

integrating these factors can businesses enhance their resilience to climate risks and maintain long-term value. Based on 

these findings, some recommendations can be proposed. First, businesses should move beyond token ESG adoption and 

ensure that ESG policies are closely aligned with long-term strategic planning, financial risk management, and low-carbon 

technology innovation. Second, investors are encouraged to evaluate ESG performance in conjunction with a business’s 

actual exposure to physical and transition climate risks, thereby avoiding over-reliance on ESG scores as a standalone 

signal. Third, policymakers and regulators in emerging and frontier markets should strengthen disclosure standards, 

encourage sustainable investing, and promote frameworkssuch as the TCFD recommendations – to enhance transparency 

in reporting climate-related risks. Finally, global coordination and knowledge-sharing forums should be created to support 

companies in vulnerable markets in adhering to best practices and building resilience to climate shocks.  

This study also acknowledges several limitations, including the limited data coverage, the limited focus on emerging and 

frontier markets, and the limited three-year data period due to data collection constraints. Future research could expand 

to analyze each ESG pillar (E, S, G), consider heterogeneous impacts across sectors, and incorporate additional regulatory 

factors such as corporate governance, green technology innovation, or participation in global climate initiatives. These 

future directions promise to provide a more comprehensive understanding of the impact mechanisms and corporate 

resilience to climate risks. 
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