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Abstract 

This paper examines how media exposure influences firms’ ESG decision making 

through reputational herding. Drawing on panel data for S&P 500 firms from 2011 to 2023, 

we base our analysis on Refinitiv ESG ratings, ESG-related media exposure, and AI-analyzed 

ESG scores from 10-K filings. We find that firms with higher media exposure tend to exhibit 

higher ESG ratings and faster reflection of internal disclosures in external assessments. In 

addition, corporate ESG development suggests the presence of reputational herding with 

asymmetric dynamics. When firms’ ESG ratings fall below peer benchmarks, they exhibit 

stronger upward herding under higher media exposure, while those exceeding peer 

benchmarks show more pronounced downward herding when media exposure is lower. Taken 

together, this paper highlights the role of media as a signal amplifier that conditions 

reputational incentives and the dynamics of ESG development. 
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1. Introduction 

Environmental, Social, and Governance (ESG) considerations have become key drivers of 

corporate strategy, investment decisions, and public perception. Empirical research consistently 

shows that poor ESG performance leads to negative corporate outcomes, including higher 

financing costs from increased risk perception, tighter financial constraints, and loss of firm value 

(Sassen et al., 2016; Gillan et al., 2021; Qian, 2024). In addition to considering these more direct 

negative consequences, firms often adjust their ESG behavior based on peer performance and 

public sentiment. This pattern is acknowledged as reputational herding, which stems from 

reputational concerns or a broader desire to conform (Scharfstein and Stein, 1990; Zwiebel, 1995; 

Graham, 1998; Hong et al., 2000)3.  

Yet such herding dynamics do not follow a simple linear pattern. When ESG engagement is 

too weak, firms face increasing reputational and financial penalties. However, overly strong ESG 

performance yields limited additional reputational or financial benefits. Prior studies suggest an 

inverted-U pattern in corporate social behavior, where reputational herding tends to peak at 

moderate performance levels and declines when firms move too far ahead or lag too far behind 

(Lee, 2022; Lei & Tu, 2024). A similar phenomenon has been observed in corporate social 

responsibility studies, where firms’ engagement fluctuates along with changes in their relative 

social positioning (Xiao et al., 2023). 

Media exposure may also shape the consistency of ESG behavior across firms. Figure 1 

illustrates the distribution of ESG scores among firms with high and low levels of ESG media 

exposure. Compared to the high-exposure group, the low-exposure group shows a wider spread 

 
3 See section 2 for related literature 
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with more extreme values, suggesting firms may either overperform or underperform in ESG 

initiatives based on individual discretion when media attention is limited. Figure 2 also shows that 

firms with higher ESG media exposure exhibit lower dispersion in ESG scores over time, as 

reflected by narrower standard deviation bounds around the group average. This indicates that 

stronger information reflection mechanisms lead to more coordinated ESG responses, 

strengthening reputational herding. In this context, media exposure may play a dual role in the 

process of ESG convergence. Firms under greater media scrutiny face stronger reputational 

pressure to implement ESG initiatives. However, as lagging firms begin to respond to peer 

movement, the spread of information through media coverage may accelerate convergence toward 

a moderate ESG range, reducing marginal efforts. In this way, the role of media may shift from 

acting as a catalyst for ESG adoption to a constraint that reinforces median-level convergence. 

[Insert Figure 1&2 here] 

Against this backdrop, this paper examines how ESG-related media exposure functions as a 

signal amplifier. Specifically, we develop a brief theoretical model that captures ESG decisions 

under noisy information carried by media exposure. Greater ESG media exposure strengthens the 

reflection of internal ESG activities in public assessments and pulls their ESG ratings toward peer 

benchmarks, motivating our hypotheses on reputational herding and convergence dynamics. To 

test the hypotheses derived from the model, we construct a panel dataset of S&P 500 firms from 

2011 to 2023, integrating three layers of data: structured ESG ratings from Refinitiv, annual counts 

of ESG-related news collected via Google News, and ESG scores generated by applying AI tools 

to 10-K annual reports. We first analyze how current ESG ratings relate to former ESG media 

exposure and lagged variables derived from AI-analyzed ESG scores. This allows us to examine 
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the role of media in amplifying information signals and enhancing information efficiency. 

Furthermore, to examine whether herding behavior exists, we employ a Cox model to evaluate the 

relative speed of ESG convergence across firms. We also supplement the analysis with regressions 

of ESG score changes on prior-year deviations from peer benchmarks, and apply the Phillips and 

Sul method to identify convergence clubs, reinforcing the robustness of the observed asymmetric 

herding dynamics. 

Our empirical results reveal that firms with high ESG media exposure are initially more likely 

to improve ESG performance, resulting in higher ESG ratings. Their internal ESG disclosures are 

also incorporated into external ratings more quickly, indicating more efficient information 

transmission. In addition, our analysis shows that corporate ESG decision-making also reflects 

reputational herding, where firms adjust their ESG positioning relative to peer benchmarks. This 

reputational herding follows asymmetric dynamics under varying levels of media exposure. 

Specifically, under high media exposure, firms below the peer average exhibit stronger upward 

adjustments toward the benchmark, while those above show weaker tendencies to converge 

downward. In contrast, when media exposure is limited, upward movements are more muted and 

downward convergence becomes more pronounced. Capital market reactions likewise vary 

systematically, as firms with higher media exposure exhibit quicker and more pronounced stock 

price responses to ESG-related news, especially negative events. By highlighting these 

differentiated dynamics, this study demonstrates how ESG media exposure conditions the 

reflection process and reputational incentives underlying ESG development. 

 

2. Related literature 
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Substantial empirical work shows that agents in financial settings adjust decisions with reference 

to others rather than fundamentals, generating convergence around benchmarks. Fundamental 

theories attribute this to payoff externalities and career concerns, which lead managers to align 

with prevailing choices even when their own information points elsewhere (Scharfstein and Stein 

1990; Zwiebel 1995; Bikhchandani and Sharma, 2000; Hirshleifer and Teoh, 2003). In this 

process, newsletters, analysts, and other intermediaries cluster around consensus forecasts and peer 

positions, with similar patterns documented for macroeconomic forecasters, security analysts, and 

institutional investors across markets, consistent with reputational concerns. (Ehrbeck and 

Waldmann, 1996; Graham, 1998; Chevalier and Ellison, 1999; Hong et al., 2000; Lamont, 2002; 

Sias, 2004; Massa and Patgiri, 2007). In addition, stronger conformity often appears near the 

middle of a status distribution and weaker conformity at the extremes, consistent with convergence 

toward a peer benchmark (Phillips and Zuckerman, 2001; Prato et al., 2019). These studies 

indicate that firms or individuals adjust behavior in response to social reputation and social 

routines. For firms, many internal decisions, especially regarding ESG where objectives are not yet 

clearly priced or standardized in markets, rest on private signals and incentives that are rarely 

observable. 

Nevertheless, most firms increasingly link ESG performance to risk and value. Better ESG 

lowers perceived risk, relaxes constraints, and is associated with firm value when aligned with 

firm characteristics and stakeholder expectations, while weak ESG raises financing costs and 

reduces value (Sassen et al., 2016; Gillan et al., 2021). Firms incur direct expenditures for ESG 

and adjustment costs when moving from initial positions, so ESG development reflects a cost and 

benefit tradeoff (Hamermesh and Pfann, 1996). Subsequent research further documents 
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nonlinearities and diminishing marginal benefits at very high engagement, implying interior 

choices that balance reputational rewards and marginal costs and depend on relative positioning 

within the peer group (Lee, 2022; Lei and Tu, 2024; Qian, 2024). These features suggest that firms 

monitor distance to a peer benchmark and adjust toward the sample average, creating observable 

convergence over time.  

In this convergence process, media exposure further reduces information frictions, amplifies 

firm level signals, and speeds diffusion to assessments and prices, so exposure acts as a signal 

amplifier in information reflection (Engelberg and Parsons, 2011; Han and Sangiorgi, 2018). In 

ESG settings, higher coverage is associated with higher external assessments and brand outcomes, 

consistent with a spotlight effect that strengthens reputational incentives (He et al., 2023; Zou et 

al., 2024). Work on disclosure timing and public events shows that reflection is not instantaneous, 

with lags depending on potential leakage and channel intensity, implying heterogeneous delays 

between internal actions and external recognition across firms with different exposure 

(McWilliams and Siegel, 1997; Ding et al., 2018; Callen et al., 2022).  

While prior studies shed light on reputational herding, ESG incentives, and media exposure, 

several gaps remain. Most research examines levels of ESG engagement rather than the dynamic 

path of adjustment, accordingly this study investigates whether convergence or herding dynamics 

exhibit consistent patterns of movement. Existing work also links exposure to higher external 

assessments and faster market reflection, but evidence on how exposure shapes the reflection of 

internal ESG disclosures into external ratings is limited. This paper seeks to rigorously explore the 

interaction between media exposure and reputational herding, which has not been systematically 

analyzed. 
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3. Theoretical Motivation 

In this section, we develop a theoretical model to formalize how firms adjust their ESG activities 

in response to information frictions and peer pressures. I consider a setup where a firm chooses its 

ESG activity, while the market observes only noisy information about this activity through media 

exposure. First, I define 𝑋 to be the firm’s choice of ESG activity level in the current period, 

and 𝑥0 to be the initial level of ESG activity, which 𝑥0 is public information, 𝑋 is private 

information to the firm, and the market has a prior of 𝑋 normally distributed with mean 𝑥0 

and variance 𝜎𝑥
2. Although the market (or outsiders of the firm) does not observe 𝑋 directly, they 

instead receive a noisy signal 𝑆 =  𝑋 +  𝜀 where the error term 𝜀 is normally distributed with 

mean zero and variance 𝜎𝜀
2. This setting reflects the role of media exposure in shaping 

information precision: a higher signal precision (corresponding to a lower variance 𝜎𝜀
2) is 

associated with greater media coverage (Han and Sangiorgi, 2018). 

Based on this signal, the market forms a conditional expectation of the firm’s ESG activity, 

𝑚 ≡  𝐸[𝑋 | 𝑆]  =  𝑥0  +  𝛽(𝑆 −  𝑥0) 

which represents the realized market assessment for external stakeholders and can be interpreted as 

the ESG rating. Here, the coefficient 𝛽 is the informativeness of the signal, given by 

𝜎𝑋
2 (𝜎𝑋

2 + 𝜎𝜀
2)⁄  according to the standard Bayesian learning framework. Thus, 𝛽 increases with signal 

precision, defined as 1 𝜎𝜀
2⁄ . Intuitively, stronger media exposure reduces the noise in the market 

signal, making external ratings more closely aligned with firms’ ESG activities. From the firm’s 

perspective, what matters ex ante is its expectation of 𝑚 given its own choice of 𝑋, denoted by 

𝑚̂: 

𝑚̂  ≡  𝐸[𝑥0  +  𝛽(𝑆 −  𝑥0) | 𝑋]  =  𝑥0  +  𝛽(𝑋 − 𝑥0)            (1) 
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And the firm maximizes the following objective function: 

𝑈(𝑋) =  𝑎 𝑚 −  𝑏(𝑚 − 𝑚̅)2 −  𝑐𝑋 −  𝑑(𝑋 − 𝑥0)2            (2) 

where 𝑎, 𝑏, 𝑐 and 𝑑 are positive constants, and 𝑚̅ denotes the average ESG assessment across 

firms in the sample, serving as the peer benchmark. The first term 𝑎 𝑚 captures the benefit from 

higher perceived ESG performance, reflecting the reputational and financial rewards of improved 

ratings4. The second term − 𝑏(𝑚 − 𝑚̅)2, represents a quadratic adjustment component relative 

to the peer benchmark 𝑚̅, capturing the diminishing marginal benefit of higher reputation  

𝑚 up to the “bliss point”, 𝑚̅ + 𝑎 2𝑏⁄ 5. This specification is consistent with reputational herding 

pressures emphasized in prior work. Classic models of relative performance highlight that 

managers tend to align with industry benchmarks due to reputation concerns (Zwiebel, 1995), and 

similar dynamics of herding toward public reference points are documented in the context of 

financial analysts (Graham, 1999). The third term − 𝑐𝑋 represents the direct expenditure required 

for ESG activities, while the adjustment cost − 𝑑(𝑋 − 𝑥0)2 accounts for frictions in departing 

from the firm’s initial position, such as organizational inertia or the costs of changing established 

practices (Hamermesh and Pfann, 1996).  

Taking the conditional expectation of equation (2) with respect to 𝑋, we obtain the firm’s 

objective function6: 

 
4 This is in line with prior arguments that CSR engagement can build reputation when strategically aligned with firm 

characteristics (Brammer and Pavelin, 2004). 
5 This is a simplifying assumption for analytical tractability. Specifically, mentoring a certain level of 𝑚 entails a cost. 

Alternatively, we can assume that 𝑚 ≤  𝑚̅ +  𝑎 2𝑏⁄ , ensuring that the function 𝑎 𝑚 −  𝑏(𝑚 −  𝑚̅)2 remains increasing 

within the relevant range. The point 𝑚̅ +  𝑎 2𝑏⁄  thus represents a “bliss point”, beyond which additional increases in 𝑚 no 

longer improve the outcome. 

6 Using 𝑚 =  𝑥0 +  𝛽(𝑆 −  𝑥0) with 𝑆 =  𝑋 +  𝜀, write 𝑚 =  𝑥0 +  𝛽(𝑋 −  𝑥0) +  𝛽𝜀. Taking conditional expectations 

given 𝑋, 𝐸[𝑚 | 𝑋]  =  𝑚̂,   𝐸[(𝑚 −  𝑚̅)2| 𝑋] =  (𝑚̂ − 𝑚̅)2 +  𝛽2𝜎𝜀
2. Hence, 𝐸[𝑈(𝑋) | 𝑋]  =  𝑎 𝑚̂  −  𝑏[(𝑚̂ −  𝑚̅)2  +  𝛽2𝜎𝜀

2]  −

 𝑐𝑋 −  𝑑(𝑋 −  𝑥0)2 =  𝑎 𝑚̂  −  𝑏(𝑚̂ −  𝑚̅)2  −  𝑐𝑋 −  𝑑(𝑋 −  𝑥0)2 −  𝑏𝛽2𝜎𝜀
2. The final term is constant in 𝑋 and does not 

affect the maximization, which yields the expression used in the text. 
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𝐸[𝑈(𝑋) | 𝑋]  =  𝑎 𝑚̂  −  𝑏(𝑚̂ − 𝑚̅)2  −  𝑐𝑋 − 𝑑(𝑋 −  𝑥0)2 

Maximizing this function yields the optimal ESG investment: 

𝑋∗ =  𝑥0 +
𝑎𝛽 −  𝑐 −  2𝑏𝛽(𝑥0 − 𝑚̅)

2(𝑏𝛽2 +  𝑑)
 

Substituting this expression back into the market’s perception equation gives the equilibrium 

observed ESG level: 

𝑚̂  =  𝑥0 +
𝛽(𝑎𝛽 −  𝑐)

2(𝑏𝛽2 +  𝑑)
− (

𝑏𝛽2

𝑏𝛽2 +  𝑑
) (𝑥0 − 𝑚̅)           (3) 

We focus on parameter values such that 𝑎𝛽 >  𝑐, ensuring that the behavior of 𝑚̂ is well-

defined and economically meaningful. From the formula, we can see that 𝑚̂ is shaped by three 

components. It is anchored in the firm’s initial position 𝑥0, adjusted by a tradeoff between 

benefits 𝑎 and costs 𝑐, 𝑑 weighted by information effect given on 𝛽, and further corrected by 

the peer-convergence term (𝑥0 − 𝑚̅). To highlight the role of information precision, we first 

consider the case where 𝑥0 =  𝑚̅, so that the peer-convergence component vanishes. Under this 

condition, differentiating 𝑚̂ with respect to 𝛽 yields a strictly positive value (given 𝑎𝛽 >  𝑐)7, 

implying that higher signal precision monotonically increases the market assessment. The latter is 

central for understanding herding dynamics. Building on this formulation, we summarize the key 

properties of the equilibrium outcome in the following propositions. 

Proposition 1. (Effect of Media Exposure) When 𝑥0 =  𝑚̅ and 𝑎𝛽 >  𝑐, 𝑚̂ increases 

monotonically with 𝛽. 

Proposition 2. (Sensitivity of Ratings to ESG Activities) The sensitivity of to 𝑚̂ changes in 

𝑋 increases with 𝛽.  

 
7 With 𝑥0 =  𝑚̅ (i.e., abstracting from convergence effects), differentiating (3) with respect to 𝛽 gives 𝜕𝑚̂ 𝜕𝛽⁄ =

  [𝑑 (2𝑎𝛽 −  𝑐) +  𝑏𝑐 𝛽2] 2(𝑏𝛽2 +  𝑑)2⁄ . Hence, under this condition, 𝑚̂ increases monotonically with 𝛽. 
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Proposition 3. (Reputational Herding) When 𝑥0 >  𝑚̅, the equilibrium outcome 𝑚̂ 

decreases; when 𝑥0 <  𝑚̅, the equilibrium outcome 𝑚̂ increases. Furthermore, the speed of 

convergence towards 𝑚̅ tends to be greater with higher 𝛽. 

Proposition 4. (Asymmetry across Media Exposure) When 𝑥0 >  𝑚̅, 𝑚̂ decreases more 

sharply with lower 𝛽, whereas 𝑚̂ decreases less sharply with higher 𝛽. When 𝑥0 <  𝑚̅, 𝑚̂ 

increases more sharply with higher 𝛽 whereas 𝑚̂ increases less sharply with lower 𝛽.  

This result follows because the second term in (3) is monotone increasing in 𝛽, and the third 

term is scaled by the coefficient 𝑏𝛽2 (𝑏𝛽2 +  𝑑)⁄  which increases in 𝛽 while its sign is 

determined by the sign of 𝑥0 − 𝑚̅.  

This result is immediate from Equation (1) 𝑚̂ =  𝑥0  +  𝛽(𝑋 − 𝑥0). Hence, as 𝛽 rises, the 

responsiveness of market assessments to internal ESG actions becomes stronger. 

This theoretical framework can be directly connected to the empirical design. In our paper, 

the public assessment 𝑚 corresponds to Refinitiv’s ESG ratings, the internal action 𝑋 is proxied 

by AI-based ESG scores extracted from 10-K filings, 𝛽 is captured by ESG-related media 

exposure, and the peer benchmark 𝑚̅ is measured as sample averages. These mappings motivate 

the empirical tests that follow. 

Based on these propositions, the paper proposes the following hypotheses: 

Hypothesis 1. Firms with higher ESG media exposure have higher observed ESG ratings. 

Hypothesis 2. Firms with higher ESG media exposure experience shorter time lags between  

internal ESG disclosures and external evaluations. 

Hypothesis 3. Firms with initially higher ESG activity level are expected to lower their  

observed ESG ratings, while the initially lower ones are expected to raise theirs, and firms  
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with higher ESG media exposure tend to herd moves faster. 

Hypothesis 4. Firms adjust ESG ratings asymmetrically across media exposure and initial  

ESG position, with higher exposure amplifying increases below the peer average, while lower  

exposure yields weaker upward adjustment and sharper downward adjustment. 

 

4. Data  

Our research sample comprises S&P 500 index constituent companies observed over the period 

from 2011 to 2023. The selection of S&P 500 companies is justified by their market leadership, 

innovation focus, and established presence in publicly traded markets, offering a representative 

and relevant context for analyzing corporate ESG practices and their interaction with media 

dynamics. Official ESG scores were obtained from Refinitiv Datastream8. These scores are widely 

recognized within academic and industry contexts, providing an authoritative and externally 

validated assessment of a company's sustainability performance based on publicly available 

information. These scores serve as our dependent variables for various analyses. 

To quantify ESG media exposure, a custom Python script leveraging the Google News 

Decoder package was developed for large-scale news article retrieval. For each company within 

our sample and for every year of the study period, news articles were systematically retrieved 

using the precise keyword combination of “ESG” + “company name” (e.g., “ESG Microsoft”). 

The raw news data were initially stored in JSON format, containing essential metadata such as 

 
8 We choose Refinitiv ESG scores because they are based on a comprehensive evaluation of firms using a wide range of 

publicly available information such as regulatory filings company disclosures and credible third-party data. The assessment 

framework spans key ESG dimensions including emissions resource efficiency labor standards human rights supply chain 

oversight board structure and shareholder rights. Each indicator is weighted according to its relevance within the firm's 

specific industry and the overall scores are benchmarked against sector peers. 



 12 

article titles, content summaries, and publication dates. Subsequent processing of this raw news 

data was performed using the ChatGPT 4o API for automated text analysis and sentiment 

classification. This multi-stage process involved: (1) Relevance filtering, where each article was 

meticulously assessed to confirm its direct discussion of the specified company's contributions, 

performance, or activities related to ESG. Articles deemed irrelevant to the company's ESG efforts 

were systematically excluded. (2) Sentiment analysis, wherein all articles identified as relevant 

underwent an automated evaluation to determine their sentiment (positive, negative, neutral, or 

irrelevant).  

Finally, to measure internal ESG disclosure, the ChatGPT 4o API was employed to generate 

ESG scores directly from companies' annual 10K reports. For each 10K report, a standardized and 

precise prompt was utilized to ensure consistent and objective evaluation9. This prompt explicitly 

directed the AI to assess ESG development exclusively based on the provided 10K report content 

and to output scores on a consistent 100-point scale across Environmental, Social, and Governance 

dimensions. These ChatGPT-analyzed ESG scores were then used to construct one-, two-, and 

three-year lagged variables, designed to capture the potential time delay between internal ESG 

efforts (as reflected in annual 10K reports) and external recognition by Refinitiv. 

 

5. Media Exposure and ESG Performance 

 
9“You are an assistant to analyze the sentiments of the news about {company}. You are provided with one company's 

annual report as below. Please judge the company ESG development only based on the provided annual report (10K) 

during the year of the annual report. Output the final score on a 100-point scale on Environmental, Social, and Governance 

respectively.” 
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In this section, we conduct panel data regressions to examine the relationship between ESG media 

exposure and official Refinitiv ESG scores. The general form of our panel regression model is 

specified as follows: 

 𝐸𝑆𝐺{𝑖,𝑡} =  𝛽0 + 𝛽1Total_Media_Exposure{i,t−1} + 𝛼𝑖 +  𝛿𝑡 + 𝜀{𝑖,𝑡} 

where  𝐸𝑆𝐺{𝑖,𝑡} represents the Refinitiv ESG score (E, S, or G score separately) for company 

𝑖 in year 𝑡. Total_Media_Exposure{i,t−1} denotes the former year’s total ESG-related news’ 

count for company 𝑖 in year 𝑡 − 1. 𝛼𝑖 captures the unobserved company-specific fixed effects, 

𝛿𝑡 accounts for time-specific fixed effects, and 𝜀{𝑖,𝑡} is the error term. This baseline regression 

aims to establish the direct association between overall ESG media exposure and externally rated 

ESG performance. 

The results (Table 1) show that ESG news exposure from the previous year is positively 

associated with firms’ ESG scores across all three pillars. The estimated coefficients are 1.738 for 

the environmental pillar, 2.133 for the social pillar, and 1.369 for the governance pillar, all 

significant at the 1 percent level. These findings suggest that companies receiving greater media 

attention tend to respond with stronger ESG engagement, which is reflected in higher official 

ratings. In addition, the squared term of lagged media exposure reveals a diminishing marginal 

effect. Across all three pillars the coefficients are significantly negative at the one percent level. 

Firms characterized by high levels of ESG news exposure exhibit significantly higher 

environmental scores, with a coefficient of 7.167. In contrast, firms with low exposure show lower 

environmental and social scores, with coefficients of –4.977 and –4.987, respectively. These 

patterns confirm that variations in media attention correspond closely to differences in ESG ratings 
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across companies. These findings suggest that companies subject to greater media scrutiny tend to 

receive higher official ESG ratings. Media attention likely functions as an external monitoring 

mechanism, generating a spotlight effect that pressures firms to enhance their ESG practices or 

disclosures to meet public and stakeholder expectations. As such, media exposure acts as an 

important external driver of ESG performance, helping firms protect or improve their 

reputation (He et al., 2023; Zou et al., 2024). 

[Insert Table 1 here] 

We also employ locally weighted scatterplot smoothing (LOWESS) to examine potential 

non-linear patterns. The fitted curves (Figure 3) across the environmental, social, and governance 

pillars consistently show that ESG scores increase most steeply at lower levels of media exposure. 

As ESG media exposure intensifies, the upward trend continues but at a slower rate, suggesting 

that the marginal impact of media attention on ESG performance becomes less pronounced. 

[Insert Figure 3 here] 

 

6. Media Exposure and ESG Information Reflection 

This section further investigates the time-lagged effects between AI-generated evaluations and 

official ESG ratings. To further elucidate the heterogeneous effects of ESG media exposure on 

ESG incentives, particularly in relation to the internally derived ChatGPT ESG scores, we conduct 

another panel regression analysis as extension of the baseline model. 

𝐸𝑆𝐺{𝑖,𝑡} =  𝛽0 + 𝛽1𝐶ℎ𝑎𝑡𝐺𝑃𝑇_𝐸𝑆𝐺_𝑙𝑎𝑔{𝑖,𝑡−1} + 𝛽2𝐶ℎ𝑎𝑡𝐺𝑃𝑇_𝐸𝑆𝐺_𝑙𝑎𝑔{𝑖,𝑡−2}

+ 𝛽3𝐶ℎ𝑎𝑡𝐺𝑃𝑇_𝐸𝑆𝐺_𝑙𝑎𝑔{𝑖,𝑡−3} + 𝛼𝑖 +  𝛿𝑡 +  𝜀{𝑖,𝑡} 
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As stated above, Refinitiv ESG scores are used as the dependent variable, while lagged ESG 

scores generated by ChatGPT serve as the main independent variable. To further explore the role 

of ESG media exposure, we conduct subgroup analyses based on the volume of positive and 

negative news reports. Firms are categorized into high and low ESG media exposure groups. 

Separate panel regressions are then performed for each subgroup to examine the influence of 

ChatGPT lagged ESG scores, as well as the mediating role played by ESG media exposure. The 

grouping criterion is based on the mean value of total ESG-related media exposure. 

[Insert Table 2 here] 

The regression results reveal a significant positive correlation across all ESG pillars (Table 

2), with the environmental and social dimensions showing particularly strong lagged effects. 

However, the magnitude of these effects varies by ESG media exposure level. Specifically, when 

comparing firms based on their overall ESG media exposure, we find that for the high ESG media 

exposure group, the lagged impact of internal ESG disclosures on external Refinitiv ratings is less 

pronounced. In the Environmental pillar, AI-analyzed scores from only one year prior (𝑡 − 1) 

show a significant association with current Refinitiv ratings, with a coefficient of 0.054 in the third 

regression (𝑝 <  0.05). But for the low ESG media exposure group, the correlation is stronger 

and more persistent. Even the AI-analyzed scores from three years prior (𝑡 − 3) are significantly 

associated with current Refinitiv ratings, with a coefficient of 0.129 (𝑝 <  0.01).  

A similar pattern is observed in the social pillar. For the high ESG media exposure group, 

AI-analyzed scores from one and two years prior (𝑡 − 1, 𝑡 − 2) yield coefficients of 0.189 and 

0.128, respectively (𝑝 <  0.01). For the low ESG media exposure group, these coefficients 

increase to 0.388 and 0.239 (𝑝 <  0.01), indicating a stronger and more durable association. By 



 16 

contrast, the Governance pillar shows no clear or consistent time-lag pattern. These findings 

suggest that media plays a critical role in promoting information symmetry (OuYang et al., 2017). 

In high ESG media exposure contexts, internal ESG efforts and disclosures are more effectively 

transmitted and acknowledged by external rating agencies. A stricter public oversight environment 

may improve transparency and reduce the time gap between internal ESG developments and 

external validation. 

We also divide all samples into two subgroups based on the mean values of positive and 

negative ESG-related media exposure, respectively. Separate regression models are then run for 

each ESG pillar to evaluate the time-lagged relationship between AI-generated ESG scores and 

official ESG ratings. As shown in Table 3, in the environmental pillar, for the high positive-

exposure group, the regression coefficient is statistically significant at the 5% level only for the 

AI-analyzed scores from one year prior in the third regression. However, in the low positive-

exposure group, these coefficients remain significantly positive even for the AI-analyzed scores 

from three years prior, with a coefficient of 0.125 (𝑝 <  0.01). 

[Insert Table 3&4 here] 

When grouped by negative ESG-related media exposure, the contrast becomes even more 

pronounced, as the overall strength of the relationship increases substantially with lower exposure 

levels (Table 4). For the high negative-exposure group, in the environmental pillar, the lag effect is 

barely observable. In the social pillar, even AI-analyzed scores from two years prior show only a 

limited positive correlation, with a coefficient of 0.122 (𝑝 <  0.05). But for the low negative-

exposure group, the coefficients remain consistently significant across both the environmental and 

social pillars. The AI-analyzed scores from three years prior still show strong associations, with 
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coefficients of 0.130 and 0.133 (𝑝 <  0.01), respectively. This suggests that negative news 

accelerates the alignment between internal ESG disclosure and external ratings more effectively 

than positive news, as observed in high ESG media exposure groups with shorter time lags. When 

firms face negative attention, they are often pressured to respond with more urgent actions and 

communication (Bednar et al., 2013), which may lead external evaluators to incorporate those 

efforts more quickly into formal ratings. By contrast, the absence of such external pressure may 

result in a longer lag before internal ESG progress is fully reflected in external ratings. 

 

7. Media Exposure and ESG Herding Dynamics 

7.1 Overall Convergence Dynamics 

To analyze how ESG media exposure influences firms’ convergence toward average ESG 

performance, we employ a Cox proportional hazards model (Cox, 1972), which estimates how a 

firm’s characteristics affect the hazard rate of experiencing a particular event. This model has been 

widely adopted in corporate finance research to analyze firm-level event timing, such as CEO 

turnover and time to financial distress resolution (Jenter and Kanaan, 2015; Hotchkiss et al., 2021). 

In this paper, the event is defined as a firm’s ESG score falling within the sample mean range (±1 

standard deviation). Formally, the model expresses the instantaneous probability that firm 𝑖 

converges in year 𝑡 as 

ℎ𝑖(𝑡) = ℎ0(𝑡) 𝑒𝑥𝑝 (𝛽1𝑥𝑠𝑐𝑜𝑟𝑒{𝑖,𝑡} + 𝛽2𝑀𝑒𝑑𝑖𝑢𝑚𝑖 + 𝛽3𝐿𝑜𝑤𝑖 + 𝛽4(𝑥𝑠𝑐𝑜𝑟𝑒{𝑖,𝑡}𝑀𝑒𝑑𝑖𝑢𝑚𝑖)

+ 𝛽5(𝑥𝑠𝑐𝑜𝑟𝑒{𝑖,𝑡}𝐿𝑜𝑤𝑖)) 

where ℎ𝑖(𝑡) is the firm-specific hazard of convergence, ℎ0(𝑡) is the baseline hazard shared by 

all firms, and 𝑥𝑠𝑐𝑜𝑟𝑒{𝑖,𝑡} is the firm’s ESG scores. The indicator variables 𝑀𝑒𝑑𝑖𝑢𝑚𝑖  and 𝐿𝑜𝑤𝑖  
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indicate whether firms belong to the medium or low exposure groups, while firms with high media 

exposure serve as the reference category. The coefficients 𝛽1 −  𝛽5 capture how ESG performance 

interacts with media exposure to influence the timing of convergence. Specifically, 𝛽1 captures 

the effect of ESG score on convergence likelihood for high-exposure firms, while 𝛽4 and 𝛽5 

capture how this effect differs for medium and low exposure groups, respectively. Exponentiating 

these coefficients yields hazard ratios, which can be interpreted as relative convergence speeds: 

higher ratio implies that a firm is converging faster toward the market mean. 

Using the estimated coefficients from the Cox proportional hazards model, I calculate the 

predicted hazard ratios of convergence across the full range of ESG scores under the three media 

exposure groups. Specifically, these coefficients are substituted back into the exponential 

component of the proportional-hazard function to obtain the expected convergence rate at each 

ESG score level 𝑥 evaluated at 10-point intervals from 0 to 100. For the high exposure group, the 

predicted hazard ratio is 𝑒𝑥𝑝(𝛽1𝑥); for the medium and low exposure groups, the expressions 

become 𝑒𝑥𝑝(𝛽2 + (𝛽1 + 𝛽4) 𝑥) and 𝑒𝑥𝑝(𝛽3 + (𝛽1 + 𝛽5) 𝑥), respectively. The resulting 

predicted values are visualized in Figure 4 as three trajectories, each representing one exposure 

group and illustrating how convergence likelihood evolves across ESG performance levels. 

As shown in Figure 4, companies in the highest exposure group display a strong herding 

tendency in the early stages when their environmental and social scores are low. This upward 

herding indicates strong incentives to improve ESG performance under high ESG media exposure. 

However, as scores rise in these two pillars, the hazard rate of convergence slows. This indicates 

that firms already under sustained media scrutiny and likely equipped with strong ESG 

frameworks tend to converge more slowly toward the mean. With ESG performance already above 
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average and under ongoing public observation, the incremental reputational value of further 

improvement may diminish, shifting focus from rapid advancement to maintaining strong 

performance. Conversely, for firms with lower media attention, the relatively limited external 

scrutiny and reputational pressure reduce the additional payoff from continued ESG investment. 

As shown in the Cox regression curves, these firms' upward herding remains limited until ESG 

scores reach the 70–80 range, at which point downward convergence becomes more apparent. 

[Insert Figure 4 here] 

This pattern also reflects an inverted U-shaped dynamic, where ESG convergence incentives 

peak at mid-level scores under high media scrutiny. This is in line with the middle-status 

conformity hypothesis, which posits that middle-status actors are most sensitive to audience 

evaluation and legitimacy concerns and are therefore more likely to adjust their behavior to align 

with perceived norms (Phillips and Zuckerman, 2001; Prato et al., 2019). This phenomenon has 

also been observed in CSR-related studies, which show that firms’ conformity behavior changes 

along with shifts in their social status (Xiao et al., 2023). Similarly, Lee (2022) identifies an 

inverted U-shaped pattern in ESG strategy research, where firms with moderate ESG engagement 

derive the greatest value, while both minimal and excessive engagement tend to yield diminishing 

returns (Lei & Tu, 2024). 

 

7.2 Overall Deviation from Peer Benchmark 

This study employs a firm-level fixed effects panel regression model to examine the relationship 

between a firm’s deviation from its peer average ESG score and the subsequent change in its ESG 

performance. The baseline specification is as follows: 
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𝛥𝐸𝑆𝐺{𝑖,𝑡} =  𝛼𝑖 +  𝛽 𝐷𝑒𝑣{𝑖,𝑡−1} + 𝛾𝑡 + 𝜀{𝑖,𝑡} 

where 𝛥𝐸𝑆𝐺{𝑖,𝑡} denotes the change in firm 𝑖’s E, S and G scores between year 𝑡 − 1 and 𝑡, 

capturing the extent of its adjustment relative to the previous year. 𝐷𝑒𝑣{𝑖,𝑡−1} represents the 

firm’s deviation from the sample average in the previous year, calculated as the firm’s ESG score 

minus the average score of all other firms in the same year10, reflecting its relative distance from 

the industry benchmark. 𝛼𝑖 denotes firm fixed effects controlling for time-invariant 

heterogeneity, 𝛾𝑡  represents year dummies capturing time-specific shocks, and 𝜀{𝑖,𝑡} is the error 

term. 

To capture the moderating role of media attention, firms are divided annually into high and 

low ESG media exposure groups based on the median value of media exposure, and within each 

exposure group, further partitioned into initial high- and low-scoring firms according to the annual 

mean ESG score. The estimated coefficient 𝛽 measures the speed and direction of peer 

convergence: a negative 𝛽 indicates herding toward the peer average, with larger magnitudes 

reflecting faster convergence.  

As shown in Table 5, across both the environmental and social dimensions, firms exhibit 

significant mean regression characteristics, with all regression coefficients being negative and 

significant at the 1% level. This indicates that firms' ESG performance continuously converges 

towards the peer average. Comparing the regression results under different initial scores and media 

exposure reveals that in scenarios with lower initial ESG scores, firms with higher media exposure 

have larger absolute regression coefficients, approximately -0.462 in the environmental and -0.564 

in the social dimensions, compared to -0.451 and -0.530 under lower media exposure. This 

 
10 To mitigate the influence of outliers and improve estimation robustness, the top and bottom 1% of ESG scores within 

each year are excluded before forming the high- and low-score subgroups. 
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suggests that firms under high attention tend to accelerate their catch-up with peer benchmarks, 

exhibiting stronger upward conformity behavior. Conversely, in scenarios with higher initial ESG 

scores, the trend reverses, with firms with lower media exposure having larger absolute values of 

regression coefficients, approaching -0.701 in the social dimension. This indicates that for firms 

with already high ESG scores, the downward convergence trend is more pronounced when 

external attention is limited. 

[Insert Table 5 here] 

 

7.3 Club-Based Convergence Patterns 

To complement the Cox proportional hazards analysis, we apply the Phillips and Sul (2007, 2009) 

panel data convergence methodology to examine whether there is convergence concerning the 

heterogeneous time-varying idiosyncratic components after controlling for a common growth 

component and enables us to identify convergence clubs and divergent units. Specifically, the 

method utilizes a log t regression test based on a nonlinear time-varying factor model. Firstly, the 

time-varying factor is defined as: 

𝑋𝑖𝑡 = 𝛿𝑖𝑡𝜇𝑡 

where i = 1, ..., N and t = 1, ..., T. 𝑋𝑖𝑡 represents environmental, social and government 

scores, which are composed of a common component, 𝜇𝑡 , and an idiosyncratic component, 𝛿𝑖𝑡 , 

both of which are time varying. 𝛿𝑖𝑡 is a measure of distance between 𝑋𝑖𝑡 and the common 

component, 𝜇𝑡. Phillips and Sul (2007) define the relative transition parameter, ℎ𝑖𝑡 , as follows: 

ℎ𝑖𝑡 =
𝑋𝑖𝑡

1
𝑁

∑ 𝑋𝑖𝑡
𝑁
𝑖=1

=
𝛿𝑖𝑡

1
𝑁

∑ 𝛿𝑖𝑡
𝑁
𝑖=1
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In the context of convergence, every panel unit must reach a common limit in their transitions, 

denoted as, ℎ𝑖𝑡→ 1 ∀𝑖 = 1, ..., 𝑁, as 𝑡 → ∞. For the cross-sectional variance 𝐻𝑡, it holds: 

𝐻𝑡 = ∑(ℎ𝑖𝑡 − 1)2

𝑁

𝑖=1

→ 0 𝑎𝑠 𝑡 → ∞ 

Phillips and Sul (2007, 2009) also presented the semi-parametric form of 𝛿𝑖𝑡 as: 

𝛿𝑖𝑡 = 𝛿𝑖 +
𝜎𝑖𝜉𝑖𝑡

𝐿(𝑡)𝑡𝛼
 

Here, 𝛿𝑖 represents an individual-specific component, while 𝜎𝑖 serves as a scaling factor and 𝜉𝑖𝑡 

is an error term which is 𝑖.𝑖.𝑑. (0,1) across 𝑖. 𝐿(𝑡) is a slowly varying function and 𝛼 is the 

convergence rate. The null hypothesis of convergence 𝐻𝑐 and the alternative hypothesis of 

divergence 𝐻𝐷 are given as: 

𝐻𝑐 ∶  𝛿𝑖 = 𝛿 and 𝛼 ≥ 0, 

𝐻𝐷 ∶  𝛿𝑖 ≠ 𝛿 ∀ 𝑖 or 𝛼 < 0 

To perform the hypothesis test, the following OLS log 𝑡 regression can be used: 

𝑙𝑜𝑔 (
𝐻1

𝐻𝑡
)  − 2𝑙𝑜𝑔𝐿(𝑡) = 𝑎̂ + 𝑏̂𝑙𝑜𝑔𝑡 + 𝜀𝑡 

where for t = rT, rT+1, ..., T and based on Monte Carlo experiments, it is observed that 

setting "r" within [0.2, 0.3] yields satisfactory results. Specifically, it is recommended to choose "r 

= 0.3" for small or moderate sample sizes T ≤ 50 and "r = 0.2" for large sample sizes T ≥ 100. 

𝐻1/𝐻𝑡 is the cross-sectional variance ratio, 𝑎̂ and 𝑏̂ are coefficients to be estimated. For 𝑏̂ = 2𝑎̂, 

the null hypothesis is considered a one-sided test of 𝑏̂ ≥ 0 against 𝑏̂ < 0. If 𝑏̂ ≥ 2 (𝛼 ≥ 1), there is 

level convergence, while if 0 ≤ 𝑏̂ < 2 (0 ≤ 𝑎̂ < 1), there is only relative convergence. In contrast, 

for 𝑏̂ < 0, there is divergence. 
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Lastly, we apply Phillips and Sul's (2007, 2009) clustering algorithm to identify distinct 

convergence and divergence clubs as follows: 

1. Cross-Section Sorting: The banks within the panel are arranged in descending 

order based on their 𝑋𝑖𝑡 panel units from the last period. 

2. Group Information: To identify a core group, the log-t regression model is 

sequentially performed for the k highest member companies using the cut-off point 

criterion: 𝑘∗ = 𝐴𝑟𝑔𝑀𝑎𝑥𝑘{𝑡𝑏𝑘̂
}, with the condition 𝑀𝑖𝑛𝑘{𝑡𝑏𝑘̂

} > −1.65, for k = 2, 3, ...N. 

Then, add each remaining unit one at a time and re-estimate the log-t regression model. If 

𝑏̂  > 0 , a new unit is added to the convergence club. All these units form the first 

convergence club. 

3. Recursion and Stopping Criteria: The above steps are repeated iteratively for the 

remaining companies until convergence clubs can no longer be formed (if 𝑡𝑏𝑘̂
≤ −1.65). 

As a result of this iterative approach, each club is associated with its own convergence 

path. 

As shown in Table 6, ESG scores exhibit significant dispersion across the three pillars, with t-

statistics of -11.1756, -17.2109 and -10.1427. Further clustering tests identify 4–5 clubs within 

each of the three ESG components. Here, we focus on whether there are significant differences in 

media exposure across these clubs, and how such differences manifest. To investigate this, we 

conduct a one-way ANOVA comparing ESG scores and media exposure (measured by total news 

counts) across the clubs, as presented in Table 7. The results clearly show that for all three pillars, 

clubs are ordered by descending ESG performance. For example, in the Environmental pillar, the 

mean ESG score drops from 78.053 in Club 1 to 26.859 in Club 5. Similarly, in the social pillar, 
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the mean score decreases from 82.038 in Club 1 to 42.702 in Club 4. Correspondingly, media 

exposure also declines as ESG performance decreases. Specifically, in the Environmental pillar, 

the mean media exposure for Club 1 is 3.397, whereas Club 5 has a significantly lower mean of 

1.526. A similar pattern appears in the social pillar, with Club 1 averaging 2.749, dropping to 

1.742 in Club 5.  

[Insert Table 6&7 here] 

Figure 5 presents the time-series trends of ESG scores across clubs for the entire firm 

sample. Solid and dashed lines represent the mean and median ESG scores within each club, 

respectively. These visualizations provide a more intuitive view of the evolutionary patterns of 

ESG performance. For instance, in the Environmental pillar, the final convergence points for Club 

1 centers around a score of 80, while Clubs 2 and 3 converge below 60 and 50, respectively. A 

similar herding pattern is observed in the social pillar, particularly after 2018, with Club 1 

clustering around 80, and Club 2 converging near 70. These findings highlight heterogeneous 

clustering patterns across clubs. Coupled with the ANOVA results showing significant variation in 

media exposure, this suggests that media may have played an amplifying role in shaping these 

differences. 

[Insert Figure 5 here] 

 

8. Market Reactions and the Amplifying Role of Media 

This section examines how the stock market responds to news sentiment using an event study 

framework with a focus on ESG-related news. Using a [-60, -10] estimation window, firm-specific 

market model parameters are first estimated to calculate expected returns. The event window spans 
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from 10 days before to 10 days after the news release ([-10, +10]). Abnormal returns (ARs) are 

computed as the difference between actual and expected returns, and cumulative abnormal returns 

(CARs) are then derived for each day in the event window. After grouping firms based on ESG 

media exposure11, we average the CARs within each group across all news events by sentiment 

polarity (positive vs. negative) to visualize the dynamic market responses over time.  

[Insert Figure 6 here] 

The results reveal a strong asymmetry in market reactions to news sentiment. Following 

negative news, CARs begin to decline sharply from event day 0 and continue to fall in the 

subsequent days, indicating a strong negative market response. In contrast, positive news leads to 

only a modest increase in CARs, which hover close to zero but trend slightly upward, suggesting a 

limited but positive market reaction. This pattern is more pronounced in the high ESG media 

exposure group (Figure 6). These patterns align with prior findings on the timing of market 

reactions relative to public disclosures, particularly regarding the early incorporation of 

information when media visibility is high and reputational stakes are elevated. Engelberg and 

Parsons (2011) demonstrate that stock prices often respond before the official release of news, as 

the timing of public disclosure may not coincide with the actual information event. Similarly, 

Callen et al. (2022) highlight that the disclosure date often lags the true occurrence of an event, 

resulting in observable market reactions prior to the formal announcement. News is one of several 

channels through which information diffuses into the market. This is particularly relevant when 

confounding events are present, such as earnings announcements or M&A activity, which may 

affect returns independently (McWilliams and Siegel, 1997; Ding et al., 2018).  

 
11 The grouping criteria remain consistent with the previous sub-section 7.1 
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[Insert Table 8 here] 

Table 8 also presents t-test results comparing CARs across high and low ESG media 

exposure groups. In Panel B, firms with higher ESG-negative media exposure experience 

significantly larger negative CARs (–0.010) relative to those with lower exposure (–0.001). The 

difference (–0.009) is statistically significant at the 5% level (𝑡 =  −1.984), indicating that 

media exposure amplifies the market’s response to negative ESG news. 

 

9. Concluding remarks 

This paper investigates how ESG-related media exposure shapes ESG decision-making dynamics 

across firms. The results show that firms with high ESG media exposure tend to attain higher ESG 

ratings and have their internal ESG disclosures more rapidly reflected in external assessments. In 

addition, corporate ESG development exhibits reputational herding with asymmetric dynamics. 

Higher exposure amplifies upward adjustments when firms start below the peer average and 

softens downward adjustments when they start above it, while lower exposure leads to weaker 

upward and sharper downward adjustments. Firms with greater media visibility also show faster 

and more pronounced stock price responses to ESG-related news, particularly to negative 

coverage. 

These patterns reflect a form of reputational herding that favors convergence toward mid-

range ESG performance, where firms adjust their behavior until reaching perceived peer 

benchmarks but show limited motivation to go beyond, given diminishing marginal reputational 

benefits. Media not only facilitates earlier ESG engagement through increased visibility, but also 

constrains further differentiation once firms approach the median range. Our findings contribute to 
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a deeper understanding of how media acts as both an accelerant and a stabilizer in the diffusion of 

ESG behavior. We also highlight the potential of AI tools in capturing latent ESG signals from 

corporate disclosures. Future research may explore how shifting regulatory and political 

landscapes, such as recent changes in ESG policy sentiment, further mediate the dynamics 

between media exposure and ESG behavior. 
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Table 1: Effects of ESG-Related Media Exposure on ESG Scores 

Variable  (1) (2) (3) 

Dependent Variable: Refinitiv Environmental scores 

Lagged Media Exposure (t-1) 0.820*** 1.824*** 1.738*** 

 (0.14) (0.26) (0.26) 

Squared Lagged Media Exposure (t-1)  -0.069*** -0.066*** 

  (0.02) (0.02) 

High Media Exposure (Top Tertile)   7.167*** 

   (2.50) 

Low Media Exposure (Bottom Tertile)   -4.977** 

   (2.53) 

Observations 3912 3912 3912 

Dependent Variable: Refinitiv Social scores 

Lagged Media Exposure (t-1) 0.934*** 2.187*** 2.133*** 

 (0.13) (0.26) (0.26) 

Squared Lagged Media Exposure (t-1)  -0.086*** -0.084*** 

  (0.02) (0.02) 

High Media Exposure (Top Tertile)   2.219 

   (2.03) 

Low Media Exposure (Bottom Tertile)   -4.987*** 

   (1.93) 

Observations 3912 3912 3912 

Dependent Variable: Refinitiv Governance scores 

Lagged Media Exposure (t-1) 0.716*** 1.367*** 1.369*** 

 (0.14) (0.24) (0.24) 

Squared Lagged Media Exposure (t-1)  -0.044*** -0.045*** 

  (0.02) (0.02) 

High Media Exposure (Top Tertile)   1.014 

   (2.09) 

Low Media Exposure (Bottom Tertile)   1.472 

   (1.81) 

Observations 3912 3912 3912 

High and low exposure groups are defined as dummy variables equal to one for firms in the top and 

bottom tertiles of average ESG media exposure, respectively.  
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Table 2: ESG Performance and Lagged AI-Analyzed Scores by Media Exposure Tercile 

Environmental Pillar 

Dependent Variable: Refinitiv Environmental scores 

 AI-analyzed Environmental Image Score (-1) 0.089*** 0.081*** 0.054** 

  (0.000) (0.002) (0.038) 

High ESG Exposure 

Group AI-analyzed Environmental Image Score (-2)  0.018 0.026 

(Above Mean)   (0.496) (0.319) 

 AI-analyzed Environmental Image Score (-3)   -0.004 

    (0.866) 

 AI-analyzed Environmental Image Score (-1) 0.306*** 0.236*** 0.204*** 

  (0.000) (0.000) (0.000) 

Low ESG Exposure 

Group AI-analyzed Environmental Image Score (-2)  0.195*** 0.154*** 

(Below Mean)   (0.000) (0.000) 

 AI-analyzed Environmental Image Score (-3)   0.129*** 

    (0.000) 

     
Social Pillar 

Dependent Variable: Refinitiv Social scores 

 AI-analyzed Social Image Score (-1) 0.316*** 0.244*** 0.189*** 

  (0.000) (0.000) (0.000) 

High ESG Exposure 

Group AI-analyzed Social Image Score (-2)  0.151*** 0.128*** 

(Above Mean)   (0.001) (0.005) 

 AI-analyzed Social Image Score (-3)   0.086* 

    (0.065) 

 AI-analyzed Social Image Score (-1) 0.539*** 0.442*** 0.388*** 

  (0.000) (0.000) (0.000) 

Low ESG Exposure 

Group AI-analyzed Social Image Score (-2)  0.257*** 0.239*** 

(Below Mean)   (0.000) (0.000) 

 AI-analyzed Social Image Score (-3)   0.099** 

    (0.011) 

     
Governance Pillar 

Dependent Variable: Refinitiv Governance scores 

 AI-analyzed Governance Image Score (-1) 0.057 0.019 0.022 

  (0.381) (0.766) (0.738) 

High ESG Exposure 

Group AI-analyzed Governance Image Score (-2)  0.182*** 0.140** 

(Above Mean)   (0.006) (0.030) 

 AI-analyzed Governance Image Score (-3)   0.087 
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    (0.190) 

 AI-analyzed Governance Image Score (-1) 0.146*** 0.169*** 0.150*** 

  (0.004) (0.001) (0.003) 

Low ESG Exposure 

Group AI-analyzed Governance Image Score (-2)  0.036 0.071 

(Below Mean)   (0.495) (0.166) 

 AI-analyzed Governance Image Score (-3)   -0.002 

    (0.971) 

Robust standard errors are clustered at the firm level. ***, **, * denote significance at the 1%, 5%, and 10% 

levels, respectively. 

 

Table 3: ESG Performance and Lagged AI-Analyzed Scores by Positive ESG Media Exposure Level 

Environmental Pillar 

Dependent Variable: Refinitiv Environmental scores 

 AI-analyzed Environmental Image Score (-1) 0.101*** 0.096*** 0.069** 

  (0.000) (0.000) (0.012) 

High positive ''ESG" 

exposure AI-analyzed Environmental Image Score (-2)  0.019 0.028 

(Above Mean)   (0.496) (0.303) 

 AI-analyzed Environmental Image Score (-3)   -0.008 

    (0.774) 

 AI-analyzed Environmental Image Score (-1) 0.290*** 0.220*** 0.186*** 

  (0.000) (0.000) (0.000) 

Low positive ''ESG" 

exposure AI-analyzed Environmental Image Score (-2)  0.187*** 0.147*** 

(Below Mean)   (0.000) (0.000) 

 AI-analyzed Environmental Image Score (-3)   0.125*** 

    (0.000) 

     
Social Pillar 

Dependent Variable: Refinitiv Social scores 

 AI-analyzed Social Image Score (-1) 0.314*** 0.242*** 0.182*** 

  (0.000) (0.000) (0.000) 

High positive ''ESG" 

exposure AI-analyzed Social Image Score (-2)  0.156*** 0.124*** 

(Above Mean)   (0.001) (0.006) 

 AI-analyzed Social Image Score (-3)   0.097** 

    (0.038) 

 AI-analyzed Social Image Score (-1) 0.539*** 0.444*** 0.390*** 

  (0.000) (0.000) (0.000) 

Low positive ''ESG" 

exposure AI-analyzed Social Image Score (-2)  0.255*** 0.242*** 

(Below Mean)   (0.000) (0.000) 
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 AI-analyzed Social Image Score (-3)   0.095** 

    (0.015) 

     
Governance Pillar 

Dependent Variable: Refinitiv Governance scores 

 AI-analyzed Governance Image Score (-1) 0.125* 0.092 0.086 

  (0.062) (0.166) (0.204) 

High positive ''ESG" 

exposure AI-analyzed Governance Image Score (-2)  0.200*** 0.167** 

(Above Mean)   (0.003) (0.011) 

 AI-analyzed Governance Image Score (-3)   0.099 

    (0.145) 

 AI-analyzed Governance Image Score (-1) 0.110** 0.130** 0.117** 

  (0.030) (0.010) (0.018) 

Low positive ''ESG" 

exposure AI-analyzed Governance Image Score (-2)  0.030 0.059 

(Below Mean)   (0.560) (0.243) 

 AI-analyzed Governance Image Score (-3)   -0.004 

    (0.938) 

Robust standard errors are clustered at the firm level. ***, **, * denote significance at the 1%, 5%, and 10% 

levels, respectively. 

 

Table 4: ESG Performance and Lagged AI-Analyzed Scores by Negative ESG Media Exposure Level 

Environmental Pillar 

Dependent Variable: Refinitiv Environmental scores 

 AI-analyzed Environmental Image Score (-1) 0.031 0.042 0.032 

  (0.304) (0.177) (0.291) 

High negative ''ESG" 

exposure AI-analyzed Environmental Image Score (-2)  -0.023 0.002 

(Above Mean)   (0.474) (0.957) 

 AI-analyzed Environmental Image Score (-3)   -0.049 

    (0.119) 

 AI-analyzed Environmental Image Score (-1) 0.297*** 0.227*** 0.194*** 

  (0.000) (0.000) (0.000) 

Low negative ''ESG" 

exposure AI-analyzed Environmental Image Score (-2)  0.185*** 0.143*** 

(Below Mean)   (0.000) (0.000) 

 AI-analyzed Environmental Image Score (-3)   0.130*** 

    (0.000) 

     
Social Pillar 

Dependent Variable: Refinitiv Social scores 

 AI-analyzed Social Image Score (-1) 0.294*** 0.241*** 0.205*** 
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  (0.000) (0.000) (0.000) 

High negative ''ESG" 

exposure AI-analyzed Social Image Score (-2)  0.116** 0.122** 

(Above Mean)   (0.027) (0.018) 

 AI-analyzed Social Image Score (-3)   0.013 

    (0.808) 

 AI-analyzed Social Image Score (-1) 0.535*** 0.432*** 0.368*** 

  (0.000) (0.000) (0.000) 

Low negative ''ESG" 

exposure AI-analyzed Social Image Score (-2)  0.269*** 0.238*** 

(Below Mean)   (0.000) (0.000) 

 AI-analyzed Social Image Score (-3)   0.133*** 

    (0.000) 

     
Governance Pillar 

Dependent Variable: Refinitiv Governance scores 

 AI-analyzed Governance Image Score (-1) 0.077 0.031 0.021 

  (0.289) (0.668) (0.764) 

High negative ''ESG" 

exposure AI-analyzed Governance Image Score (-2)  0.159** 0.108 

(Above Mean)   (0.030) (0.129) 

 AI-analyzed Governance Image Score (-3)   0.023 

    (0.755) 

 AI-analyzed Governance Image Score (-1) 0.132*** 0.152*** 0.140*** 

  (0.007) (0.002) (0.004) 

Low negative ''ESG" 

exposure AI-analyzed Governance Image Score (-2)  0.061 0.091* 

(Below Mean)   (0.219) (0.061) 

 AI-analyzed Governance Image Score (-3)   0.036 

    (0.465) 

Robust standard errors are clustered at the firm level. ***, **, * denote significance at the 1%, 5%, and 10% 

levels, respectively.  
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Table 5: Convergence of ESG Scores toward Peer Mean by Media Exposure Level 

Variable  Change in Environmental score Change in Social score Change in Governance score 

 

High E-score 

firms 

Low E-score 

firms 

High S-score 

firms 

Low S-score 

firms 

High G-score 

firms 

Low G-score 

firms 

Panel A: High ESG Media Exposure 

Lagged deviation in E-score  -0.576*** -0.462***     

 -0.04 (0.07)     
Lagged deviation in S-score    -0.586*** -0.564***   

   (0.04) (0.05)   
Lagged deviation in G-score      -0.835*** -0.737*** 

     (0.03) (0.05) 

Panel B: Low ESG Media Exposure 

Lagged deviation in E-score  -0.594*** -0.451***     

 (0.03) (0.03)     
Lagged deviation in S-score    -0.701*** -0.530***   

   (0.03) (0.03)   
Lagged deviation in G-score      -0.832*** -0.696*** 

     (0.02) (0.03) 

 

Table 6: Results of ESG scores' convergence test 

Environmental pillar 

Convergence test without clustering 𝑛  b 𝑡-stat 

Club 1 326 -1.2709 -11.1756 

Convergence test with clustering    

Subgroup 𝑛  b 𝑡-stat 

Club 1 113 0.016 0.084 

Club 2 134 -0.156 -0.413 

Club 3 59 -0.121 -0.294 

Club 4 20 -0.378 -1.19 

    

Social pillar  

Convergence test without clustering 𝑛  b 𝑡-stat 

Club 1 326 -1.3942 -17.2109 

Convergence test with clustering    

Subgroup 𝑛  b 𝑡-stat 

Club 1 173 -0.218 -1.331 

Club 2 111 -0.363 -1.195 

Club 3 18 -0.065 -0.148 
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Club 4 11 0.707 0.816 

Club 5 13 -1.163 -1.469 

    

Governance pillar 

Convergence test without clustering 𝑛  b 𝑡-stat 

Club 1 326 -1.5627 -10.1427 

Convergence test with clustering    

Subgroup 𝑛  b 𝑡-stat 

Club 1 195 -0.354 -0.813 

Club 2 83 -0.587 -1.459 

Club 3 3 0.262 0.131 

Club 4 18 -0.557 -0.624 

Club 5 27 -1.075 -1.616 

    

Table 7: One-way Analysis-of-variance on Media Exposure between ESG scores' clubs    

Environmental pillar 

Subgroup 𝑛  Mean (Escore) Mean (News counts) Std. dev.  

Club 1 173 78.053 3.397 3.605 

Club 2 111 60.258 1.976 2.252 

Club 3 18 47.335 1.778 3.941 

Club 4 11 42.985 1.955 3.766 

Club 5 13 26.859 1.526 1.618 

Social pillar  

Subgroup 𝑛  Mean (Sscore) Mean (News counts) Std. dev.  

Club 1 113 82.038 2.749 2.821 

Club 2 134 70.880 3.119 3.776 

Club 3 59 58.417 1.980 2.500 

Club 4 20 42.702 1.742 3.230 

Governance pillar 

Subgroup 𝑛  Mean (Gscore) Mean (News counts) Std. dev.  

Club 1 195 73.098 2.815 3.504 

Club 2 83 61.094 2.795 2.897 

Club 3 3 55.746 2.111 2.040 

Club 4 18 49.308 2.065 2.147 

Club 5 27 42.035 2.074 3.059 
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Table 8: T-Test of Cumulative Abnormal Returns by Sentiment 

 N Mean CAR  Std. err.  t-statistic p-value 

Panel A: Positive News      

      

High positive ''ESG" exposure 2133  0.000 0.001   

Low positive ''ESG" exposure 2407  0.002 0.001   

Difference (High - Low)  -0.002  -1.534 0.125 

Panel B: Negative News      

      

High negative ''ESG" exposure 413  -0.010 0.003   

Low negative ''ESG" exposure 440  -0.001 0.003   

Difference (High - Low)  -0.009  -1.984 0.048 
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Figure 1: Distribution of ESG Scores (High & Low ESG Media Exposure Group) 

Panel A: Environmental Pillar 

Panel B: Social Pillar  
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Panel C: Governance Pillar 

 

Figure 2: Average ESG Scores Over Time (High & Low ESG Media Exposure Group) 

Panel A: Environmental Pillar 

Panel B: Social Pillar 
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Panel C: Governance Pillar 

 

Figure 3: LOWESS Fitted Curves of ESG Scores and Media Exposure Intensity 
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Media Exposure 
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Figure 4: Hazard Ratio by ESG Scores and Overall Media Exposure 

 

Media Exposure 
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Figure 5: Evolution of ESG Scores by Convergence Clubs 

Panel A: Environmental Pillar 

 

 

 

 

 

 

 

 

 

 

Panel B: Social Pillar 
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Panel C: Governance Pillar  

 

 

 

Figure 6: Cumulative Abnormal Returns Around News Events (by Sentiment) 
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