
 

​ 
​ 
​ 
​ 
​ 
​ 
​ 
​ 
​ 
​ 
​ 
​ 

​  

Louvain School of Management 

​
​ 
​ 
​ 

 
How can artificial intelligence-driven 
language analysis models enhance the 
detection of greenwashing tactics in 
corporate ESG disclosures and what 
influence does this detection have on the 
stock market?  
 

​ 
​ 
​ 
​ 
​ 
​ 
​ 
​ 

Author(s): Léa Dufrane  
Supervisor(s): James Thewissen  
Academic year 2024-2025  
Dissertation for the master of Management (M120)​  
Master subject and focus on Corporate Finance  
Daytime schedule  
  
  

​ 
 

 



I. 

 

 

 

 

 

In recent years, Environmental, Social and Governance disclosures have become increasingly 
important for companies and investors worldwide. However, the credibility of these reports is 
often undermined by a phenomenon called “greenwashing”. This occurs when firms 
exaggerate or misrepresent their sustainability efforts. This thesis explores how artificial 
intelligence, particularly language analysis models, can enhance the detection of 
greenwashing in corporate ESG disclosures, and how such detection influences investor 
behaviour. 

A new Greenwashing Score is developed based on five key linguistic indicators: buzzword 
density, lack of specificity, sentiment tone, hedging language, and candor. This composite 
score is computed through rule-based natural language processing (NLP) techniques in R and 
challenged  through an AI co-analyst using GPT-4. This gives a hybrid methodology that 
combines interpretability with advanced language understanding. 

The second part of the study examines the financial impact of greenwashing by analyzing 
cumulative abnormal returns (CARs) following ESG report disclosures. Event study 
regressions test the relationship between greenwashing risk and stock market reactions across 
short- and medium-term event windows (CAR2, CAR5, and CAR60). Results show that 
higher greenwashing scores are to some extent significantly associated with negative investor 
responses, particularly when ESG credibility is questioned. 

By linking AI-driven textual analysis to market outcomes, this research contributes to the 
growing field of sustainable finance and highlights the potential of AI tools in promoting 
transparency and accountability in ESG communication. It also provides investors and 
regulators with a data-driven method to identify potentially misleading disclosures and 
encourage more authentic sustainability reporting. 
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1. 

1.​ Introduction 

In April 2025, one of Europe’s largest asset managers learned the price of a “green” lie. 

Deutsche Bank’s DWS was fined €25 million for exaggerating the sustainability of its 

investments. This reduced its stock value by around 2% in a single day (Reuters, 2025). This 

real-world example highlights a growing paradox in sustainable finance: while 

environmental, social and governance (ESG) principles are becoming more widely adopted, 

trust in corporate ESG claims is being affected by greenwashing scandals. Companies 

proudly promote their environmental credibility in eye-catching reports and press releases, 

yet stakeholders are increasingly questioning whether these claims reflect genuine action or 

are merely marketing tactics. 

As one recent study pointed out, there is a tendency for more words to be used with less 

meaning. This serves as a reminder that an increase in ESG talk does not necessarily lead to 

real change (Hu et al., 2024). The stakes could not be higher. With over $30 trillion invested 

in assets labelled 'sustainable' in 2023, misleading ESG communication represents more than 

just a PR problem; it creates societal and financial risks (Global Sustainable Investment 

Review Finds US$30 Trillion Invested in Sustainable Assets, 2023). If sustainability reports 

become disconnected from reality and only serve as marketing tools, capital may be wasted 

and genuine progress may be held back. Regulators worldwide have recognised this danger 

and begun to take action against greenwashing, which is now treated as a form of fraud. 

Investors, too, are no longer indifferent.  

If greenwashing is exposed, the market's response can be quick and severe. Akyildirim et al. 

(2023) found that firms accused of greenwashing saw average short-term stock drops of 

0.6%. The authors concluded that breaches of trust in ESG reporting are interpreted as signals 

of poor management or governance. This leads to a negative evaluation by investors and a 

higher perceived risk. Similarly, Xu et al. (2025) observed consistent abnormal negative 

returns in response to greenwashing news, particularly among firms that had previously 

established themselves as ESG leaders. These findings confirm that a lack of credibility in 

ESG disclosure can have real financial consequences.  

Within this context, artificial intelligence (AI) has emerged as a promising tool for improving 

transparency and rigour in ESG reporting. Research demonstrates that AI's ability to analyse 

complex datasets can improve the quality of disclosures and the accuracy of ESG ratings. 

This highlights its potential in the detection of greenwashing (T. Li et al., 2024; Zhang, 
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2024). Techniques such as natural language processing (NLP) enable AI-driven models to 

provide a reliable and objective method for identifying greenwashing tactics in corporate 

disclosures. By processing large volumes of text, NLP allows researchers to identify insights 

relating to sentiment, keyword usage and thematic emphasis that could suggest potentially 

misleading claims, which may not be apparent to human analysis. Tools such as 

GreenWatch.ai use NLP to compare the environmental claims made by companies with data 

from a variety of sources. They then identify inconsistencies and improve the accuracy of 

investor evaluations (GreenWatch, 2021; Bloomberg, 2021). AI has the potential to be a 

useful tool for improving the transparency and reliability of sustainability reporting (Tang et 

al., 2023). 

This thesis looks at whether AI-powered language analysis models can spot greenwashing in 

how companies talk about their ESG efforts. In particular, it addresses the following research 

question: How can artificial intelligence-driven language analysis models enhance the 

detection of greenwashing tactics in corporate ESG disclosures, and what influence does this 

detection have on the stock market? To achieve this, we combine rule-based NLP techniques 

with financial event study methodology. We identify linguistic patterns such as excessive 

optimism, vague language, overused ESG buzzwords, and lack of candor. These are 

aggregated into a composite greenwashing score and benchmarked by industry. We then test 

whether these scores predict abnormal returns following disclosure. This provides insight into 

the market’s sensitivity to ESG credibility. 

A distinctive feature of this study is the integration of ChatGPT, a world-leading large 

language model (LLM), as a “virtual analyst”. ChatGPT complements traditional, 

lexicon-based natural language processing by identifying more nuanced dimensions of 

narrative style and tone. This hybrid approach reflects the evolving frontier of AI applications 

in sustainability and finance. It represents an evolution in ESG analysis, moving beyond 

simple word counts to interpret how firms frame their sustainability efforts. 

Beyond its methodological contribution, this thesis addresses a key financial issue: how do 

capital markets respond to disclosures that appear misleading or overly exaggerated? By 

linking AI-detected greenwashing risk scores to cumulative abnormal returns (CARs) over 

various time windows, we assess whether authenticity is rewarded and exaggeration 

penalised in both short- and medium-term market reactions. 
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Ultimately, this research aims to bridge the gap between what companies say and what 

investors believe. In a time when ESG reporting is under more scrutiny than ever before, the 

ability to use algorithms to check the authenticity of disclosures is valuable. If firms know 

their words can be analysed on a large scale, they may be less tempted to exaggerate or 

engage in greenwashing. On the other hand, if they are honest and balanced, they may gain 

the confidence of investors. 

The thesis is organised as follows. The first section provides a review of the existing 

literature on greenwashing, the use of AI in corporate disclosures and market responses to 

ESG information, to give an overview of the subject. The research question and hypotheses 

are then presented. Following, it is the methodology section which details the construction of 

greenwashing scores using R and Chat-GPT, and describes the event study. The results 

section then presents statistical analyses testing the relationship between greenwashing 

indicators and CARs. Finally, we discuss findings and limitations encountered. 

In an era characterised by an increasing focus on sustainability, the accuracy and reliability of 

ESG reporting is a key issue. This research contributes to the fields of finance, business 

ethics and sustainable investment by demonstrating the potential of AI to improve 

greenwashing detection and analysing its market impact. The findings could ultimately help 

stakeholders to better understand the challenges associated with ESG disclosures.  

2.​ Literature Review 
2.1.​ Evolution of ESG Disclosures and the Rise of Greenwashing 

In recent decades, there has been a huge increase in the integration of environmental, social 

and governance considerations into corporate strategy and reporting. ESG reporting, once a 

niche practice, is now almost universal among large companies. For example, the proportion 

of S&P 500 firms issuing dedicated sustainability reports increased from around one-third in 

2010 to 86% by 2021 (Rouen et al., 2022). This growth reflects the increasing importance of 

ESG information for investors, regulators and stakeholders. The value of assets under 

management in ESG-focused funds has grown to the point where it is now measured in 

trillions of dollars, and stakeholders are increasingly demanding transparency regarding the 

social and environmental impacts of corporations (Cifrino, 2023).   

However, rising expectations also bring challenges. Given that firms have come to recognise 

that their image, legitimacy and reputation are at risk if they do not comply, they may be 
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tempted to present their environmental actions in a more favourable light than is actually the 

case (Arouri et al., 2021). The objective is to persuade the public that their efforts are making 

a meaningful contribution to environmental sustainability, even though this may not be true 

(Kim et al., 2017). This unethical trend is what we call “Greenwashing”.  

Greenwashing is essentially defined by scholars as a form of misrepresentation, whether by 

omission or exaggeration, whereby firms portray themselves as more sustainable than they 

truly are. A widely cited definition by Delmas and Burbano (2011) describes greenwashing as 

“the intersection of two firm behaviors: poor environmental performance and positive 

communication about environmental performance”. Lyon and Maxwell (2011) similarly 

define greenwashing as the selective disclosure of positive information about a company's 

ESG performance, without providing a full picture of the negatives. These definitions 

highlight that greenwashing is fundamentally a misalignment between the positive image a 

company presents and its actual, less sustainable practices. 

Why do firms engage in greenwashing? Several external and internal motivations have been 

identified. Externally, companies face rising pressure from regulators, investors, consumers, 

and activists to demonstrate sustainability (Delmas & Burbano, 2011). In the absence of strict 

verification and enforcement, a firm may find it easier to claim good conduct than to actually 

improve it (Lyon & Maxwell, 2011). Greenwashing can therefore be an appealing short-term 

strategy designed to improve a company's reputation or avoid criticism without making the 

required investments in meaningful ESG improvements (Walker & Wan, 2012). This 

tendency is particularly common when regulations and monitoring are limited, which gives 

exaggerated claims little reason to be stopped (Toffel & Marquis, 2012). 

Internal factors also play a role, such as organizational dynamics and incentives. For 

example, if a company’s sustainability performance is lacking, but its communication’s team 

excels at messaging, it may frame its ESG image positively (Christensen et al., 2013). At an 

individual level, managerial over-optimism and psychological mechanisms such as moral 

licensing can also contribute. This is the belief that previous good behaviour justifies current 

bad behaviour, and that can contribute to greenwashing (Merritt et al., 2010).  

There are many ways in which greenwashing can be included in corporate communications, 

from the most subtle to the most obvious. Researchers distinguish firm-level greenwashing 

(portraying the entire organization as environmentally responsible) from product-level 
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greenwashing (misrepresenting a specific product or service as “green”) (de Freitas Netto et 

al., 2020) . At firm level, for example, a company may publish a sustainability report full of 

eco-friendly claims, while in reality, its core business continues to cause significant pollution. 

At the product level, a company may advertise a particular item with misleading 

environmentally friendly claims or labels. Previous studies and organisations such as 

consumer advocacy groups (e.g. Terrachoice, 2009) have identified a variety of common 

greenwashing tactics. Key tactics include: 

●​ Selective disclosure: This involves highlighting positive environmental achievements 

while omitting negative information. For example, a mining company's report might 

emphasize land rehabilitation efforts or energy savings, while ignoring recent toxic 

spills and regulatory fines. By reporting only the positive aspects, the company 

creates a one-sided narrative of sustainability (Lyon & Maxwell, 2011). 

●​ Vague or misleading claims: Ambiguous and meaningless buzzwords are used 

without any concrete evidence or definitions. Examples include describing a product 

as 'eco-friendly', 'sustainable' or 'all-natural' without any clear definition or 

certification. This kind of vague language plays on positive perceptions but does not 

offer any real facts  (Delmas & Burbano, 2011). The overuse of feel-good buzzwords 

is a red flag that the communication may be more about marketing than actual facts. 

●​ Dubious labels or certifications: Some companies claim to have third-party 

certifications that don’t actually exist. Others have even invented their own 

green-sounding labels to impress stakeholders (de Freitas Netto et al., 2020). This 

tactic manipulates stakeholders' trust in certifications, when in reality no independent 

verification has actually been made. 

●​ Irrelevant or minor achievements: Making a big deal of a small environmental 

improvement that does not address a company's overall impact (Terrachoice, 2009). 

For example, marketing a fundamentally polluting product with a 'biodegradable' 

wrapping. While the claim may be true, it does not relate to the product’s main 

environmental issues.  

●​ Outright false claims: In the worst cases, companies make false or unverifiable 

statements about their ESG performance. This could involve claiming reductions in 

emissions, clean technologies or eco-certifications that they do not actually have. 

Notorious examples include Volkswagen’s “Dieselgate” scandal, in which the 

company marketed diesel cars as low-emission while secretly cheating emissions tests 
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(VW “dieselgate” Fraud, 2019). Legal action and public scandal can result from this 

kind of obvious misrepresentation (as seen in cases against Volkswagen, Keurig, and 

others).  

All of these tactics have one thing in common: they all involve a discrepancy. This means 

there is a gap between symbolic communications (e.g. PR-driven claims, glossy reports, 

feel-good narratives) and substantive actions (e.g. actual ESG performance and outcomes). 

Essentially, greenwashing enables companies to benefit from the positive image associated 

with being 'green' without fully committing to the necessary work, as long as their claims 

remain unquestioned. As Lin et al. (2025) explain, firms may be tempted to make superficial 

ESG disclosures in order to maintain their reputation and competitive advantage. However, 

not all sustainability reports are examples of greenwashing; many firms use ESG disclosures 

to communicate their progress and challenges honestly. But some companies seem to use 

these reports rather to manage their image than to be accountable (Arouri et al., 2021). 

Although academic literature confirms the occurrence of greenwashing in ESG reporting, its 

extent is difficult to assess due to the subjective nature of perceived sincerity. 

Such practices not only mislead stakeholders but also reduce the credibility of genuine 

sustainability initiatives, which results in a loss of public trust (Seele & Gatti, 2017). 

Moreover, greenwashing also hinders investors and analysts from obtaining reliable ESG 

data, complicating corporate accountability (Gehrig & Moreno, 2023). As a result, the 

growing awareness of these risks has forced stakeholders to become more vigilant. "Empty" 

green claims are more and more frequently spotted by consumers, with a negative response 

being shown by them once truth is revealed. For instance, marketing studies have found that 

when consumers discover that a company's environmental claims were misleading, their trust 

in the company and their intention to purchase its products drops significantly (De Jong et al., 

2018). Greenwashing can therefore damage a brand's reputation and reduce customer loyalty, 

especially among the growing number of socially and environmentally conscious consumers 

(Amer & Ezz, 2023).  

Regulators have also started to take action. In recent years, authorities in the US and EU have 

fined companies for making false sustainability claims, treating greenwashing as a form of 

consumer fraud (European Commission, n.d.; Federal Trade Commission, n.d.). These 

enforcement actions highlight that the consequences of such practices can include legal 

sanctions and public relations scandals.  
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2.2.​ Financial Market Reactions to Greenwashing and ESG Credibility 

ESG disclosures serve as a communication channel to investors, and their credibility can 

impact investor behaviour and firm value. A central question for both academics and 

practitioners is: do capital markets reward sincere ESG efforts and punish greenwashing? 

While investors today pay close attention to corporate sustainability claims, they are also 

increasingly concerned about the quality and honesty of these claims.  

Investors tend to react favourably when firms communicate meaningful, transparent ESG 

information. Moreover, the firm can benefit financially from good disclosure, which can 

reduce information asymmetry and perceived risk. For example, Dhaliwal et al. (2014) found 

that companies that published voluntary CSR reports had a consequently lower cost of equity 

capital, especially in jurisdictions with strong investor protection. This suggests that investors 

value the additional information, as they perceive firms that openly report sustainability data 

as less risky or more reliable. Similarly, Flammer (2013) showed that announcements of 

genuine environmental initiatives, such as emission reductions or certifications, trigger 

positive short-term stock price reactions.  

Shareholders seem to reward firms that take real sustainability action, as they see this as an 

indicator of good management or potential future cost savings. Consistent and high-quality 

ESG reporting is associated with benefits such as higher firm valuation, improved financing 

efficiency, and enhanced stakeholder legitimacy (Habib et al., 2025). This can also lead to 

lower risk, as transparency reduces uncertainty (Chen et al., 2023). For instance, a recent 

study by Huang et al. (2024) reports that firms with more informative, data-driven 

sustainability disclosures attract a larger base of long-term investors and enjoy better stock 

liquidity. All these studies highlight a fundamental fact: markets value credibility. When a 

firm’s ESG communication is perceived as accurate, specific and reliable, this can lead to 

tangible financial advantages such as a lower cost of capital or increased investor demand 

(Trinh et al., 2023). 

On the other hand, suspected greenwashing can trigger negative market reactions. Once 

detected, it tends to result in financial losses. Indeed, when severe cases of greenwashing are 

exposed, they have been shown to trigger negative reactions in stock prices (Akyildirim et al., 

2023). This market reaction reflects a loss of investor trust that may signal deeper 

management failures, leading shareholders to reassess the firm's value downward. 
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Further research validates these results. Xu et al. (2025) examine over 100 greenwashing 

news events in the post-2015 period (after the Paris Agreement). They also found a 

significant decline in firm value after the exposure of greenwashing. Furthermore, they noted 

that the market's reaction was more severe for companies that had previously claimed to have 

strong ESG practices. In other words, firms with strong prior reputations in this area are 

penalised more severely when they are exposed as greenwashers. This is probably because 

stakeholders feel betrayed or let down in such cases. Krüger (2015) found that investors 

penalise negative ESG events more severely than they reward positive news. This suggests 

that events that damage trust (such as a greenwashing scandal) have an outsized impact 

compared to announcements that build trust. A company that has promised more than it can 

deliver on sustainability may therefore see its stock price fall more quickly and for longer 

than the boost it got from the initial positive announcements. 

It is important to recognize that both individuals and companies can face market penalties for 

greenwashing. And this punishment is not always linked to big lies that are discovered. 

Investors can also judge the sincerity of a company's disclosure in the absence of a scandal 

(Stuart et al., 2021). Companies that talk up sustainability but perform poorly tend to 

underperform financially, whether due to unmitigated risks becoming reality or reputational 

damage. A 2024 PwC Global Investor Survey found that 94% of investors believe that 

corporate sustainability reports contain unsupported claims (PricewaterhouseCoopers, 2024). 

This reflects a general scepticism towards such disclosures. This lack of trust can cause 

investors to doubt the credibility of the information presented, which could affect their 

investment decisions (Ernst et al., 2025). 

That said, market reactions to greenwashing are not uniform and can vary depending on a 

range of contextual factors, including industry dynamics, regulatory environments, media 

influence, and firm-specific characteristics. Recent research highlights several important 

nuances in how these factors shape investor responses. 

Industry context plays a significant role in determining the severity of market reactions. 

Investors tend to react more negatively to greenwashing in industries where environmental 

and social issues are particularly important. For example, one study found that sectors such as 

energy and mining, which have a significant environmental impact, experience a more 

significant decline in stock prices when greenwashing is exposed (Akyildirim et al., 2023). 
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These companies are under greater scrutiny, so stakeholders are less likely to forgive 

dishonesty.  

The regulatory and cultural context also has a considerable influence. Firms in areas with 

strong environmental regulation and public awareness face steeper penalties. Akyildirim et al. 

(2023) find that companies caught greenwashing in these regions suffer larger stock price 

declines than those in less regulated environments. In places like the EU or California, where 

sustainability is prioritised, greenwashing is not only viewed as unethical, but also legally 

risky (Ballan & Czarnezki, 2024). Conversely, in markets where enforcement is weak or the 

concept of ESG is less established, investors may be more indifferent or slower to react. 

Media exposure further amplifies market reactions. Studies indicate that when allegations of 

greenwashing receive considerable press coverage, particularly in reputable international 

channels, there is a tendency for negative stock returns to be more significant and persistent 

(Akyildirim et al., 2023). Media attention has a key role in amplifying the impact by 

increasing the number of informed investors and reinforcing concerns about a possible breach 

of trust. As a result, companies publicly portrayed as greenwashers often experience further 

declines in share price well beyond the initial market reaction. 

A firm’s prior ESG track record also affects investor behaviour. Interestingly, a firm’s 

previous history of making ESG claims can influence investor reactions. If a company with 

an overall good reputation is exposed for greenwashing for the first time, investors tend to 

respond in shock, typically selling off shares quickly (Nicolas et al., 2023). By contrast, if a 

firm already has a history of controversial ESG behaviour, a new greenwashing incident may 

result in a less severe reaction. This is possibly because investors have already anticipated 

some level of dishonesty. In any case, the trend in recent years is that tolerance of 

greenwashing is decreasing. Since about 2010, it has become clear that markets have become 

stricter about greenwashing. This is because investors are more aware of ESG issues and 

want companies to be more transparent. (Akyildirim et al., 2023).  

Expectations, in general, are a critical factor. Firms perceived as ESG leaders are held to 

higher standards by the market. Xu et al. (2025) provide evidence that, when a company with 

a high ESG rating is found to be greenwashing, the market reaction is more negative than it 

would be for a firm with a lower rating. This supports the idea that investors feel particularly 

‘betrayed’ when supposedly sustainable firms' claims are found to be false. It also implies 
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that they do consider external ESG ratings and information alongside the firm’s own reports, 

and that discrepancies between the two can raise red flags. Indeed, Berg et al. (2022) 

highlight frequent divergences in ESG ratings (the so-called “aggregate confusion”), which 

can make it challenging to know which data to trust.  

In sum, financial markets do not remain indifferent to greenwashing. Credible ESG 

disclosure can foster investor goodwill and potentially reduce the cost of capital. Conversely, 

once detected, greenwashing can result in real financial costs such as immediate stock price 

drops, reputational damage and higher risk premiums.  

2.3.​ AI/NLP Techniques for Detecting Greenwashing in ESG Reports 

Identifying greenwashing in corporate ESG disclosures is challenging, as it requires an 

assessment of the sincerity and completeness of textual content. Traditionally, the analysis of 

sustainability reports has been largely qualitative, with researchers either manually reading 

reports to spot inconsistencies, or using basic metrics such as word counts or sentiment ratios 

to infer credibility. Early content analyses revealed that many firms only report their 

achievements and omit their failures, which is viewed as a red flag for greenwashing. As 

Hahn and Lülfs (2014) point out, genuinely transparent reports tend to present a balanced 

view, including both successes and challenges. An absence of such balance may indicate a 

lack of sincerity. Furthermore, qualitative studies have revealed discrepancies between what 

companies state in their ESG reports and external evaluations of their performance. Parguel et 

al., (2011), for instance, examined cases in which a company presented itself as a climate 

leader in its report, while independent ESG ratings identified it as a major emissions 

producer, which revealed a credibility gap.  

In recent years, natural language processing (NLP) and artificial intelligence (AI) have 

greatly enhanced our ability to systematically analyse ESG reports. Rather than treating 

sustainability disclosures as dense, unreadable brochures, researchers can now convert textual 

content into quantifiable data (Ong et al., 2025). This enables the measurement of various 

linguistic features, such as tone, readability, specificity, and even levels of optimism or 

candor. For example, Kang and Kim (2022) used text mining techniques to corporate 

sustainability reports and found that while some firms employ detailed and varied language 

aligned with substantive ESG themes, others rely heavily on repetitive and generic 

expressions. This suggests differing levels of disclosure sincerity. Such studies highlight the 
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wide variation in the quality of ESG reporting (in terms of concreteness and balance) across 

firms, and the correlation between certain textual traits and more credible sustainability 

performance. 

In order to detect instances of greenwashing, researchers have identified specific linguistic 

indicators that suggest a report may be more concerned with managing perceptions than with 

ensuring accountability. Prominent indicators identified in the literature include the use of 

excessively positive tone, vague buzzwords, hedging language, lack of specificity, and an 

absence of candor or balance in reporting. 

An overly optimistic or congratulatory tone in a report can be a warning sign. Li et al. (2024) 

provide empirical evidence that an 'abnormally positive' sentiment in ESG disclosures 

indicates a higher ESG risk for the firm. Therefore, managers overstating good news in 

sustainability reports may be doing so to mislead, and such firms often encounter ESG 

problems later on. Similar patterns have been observed in financial communication, where 

companies engaged in impression management tend to favour highly positive language while 

avoiding negative terms. Melloni et al. (2016) found that a more negative tone in integrated 

reports (acknowledging problems) tended to reflect more serious sustainability efforts. By 

contrast, disclosures that only refer to “excellent progress” without mentioning any 

“challenges” may reflect a lack of honesty about environmental impact. Truly transparent 

reports usually contain at least some neutral or negative language when describing ongoing 

challenges. The absence of any negative wording, together with overly positive phrasing, 

raises questions about the credibility of a report. 

Another key indicator of greenwashing is the overuse of ESG-related buzzwords and jargon. 

As discussed in Section 2.1, the use of vague ESG buzzwords is a widespread greenwashing 

tactic. Reports containing terms such as 'eco-friendly', 'sustainable', 'green' and 'innovative 

impact' without concrete context or definitions are not uncommon. Such vague language can 

create the impression of action while actually saying very little. Delmas and Burbano (2011) 

observe that confusing statements (e.g. labelling a product 'all-natural' despite the term 

having no clear definition or supporting evidence) exploit stakeholders' positive associations 

while providing no concrete information. A recent analysis by Bridge (2024) highlights that 

vague or generic ESG claims, particularly those full of feel-good buzzwords, can damage 

credibility, as investors are becoming better at recognising and rejecting empty promises. 
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Another sign is the presence of abundant hedging language, such as words that express 

uncertainty, aspiration or non-commitment. Companies engaging in greenwashing may fill 

their disclosures with qualifiers such as 'aim to', 'commit to exploring', 'strive to', or modal 

verbs like 'may', 'might', or 'could'. While some use of such language is normal, as future 

plans are naturally uncertain, overuse suggests that the firm is avoiding making 

commitments. By relying on hedging, firms can create the appearance of action or ambition 

without making verifiable promises. For instance, Vinella et al. (2024) identify vague and 

non-committal phrasing as key markers of greenwashing in corporate sustainability reporting.  

Similarly, another study found that large language models (LLMs) could effectively detect 

greenwashing by analysing the prevalence of hedging language in climate-related disclosures 

(Chuang et al., 2025).  

Closely related is the issue of specificity. Those making greenwashed disclosures often avoid 

concrete metrics or details. For instance, a report might state that 'significant improvements in 

waste reduction' have been made, but not quantify anything or explain how this has been 

achieved. In contrast, a credible report would provide specific figures (e.g. 'a 15% reduction 

in harmful waste this year, against a target of 20%'). A recent study by Hassan (2024) found 

that firms relying on vague sustainability language without supporting data are significantly 

more likely to engage in superficial ESG practices, rather than implementing meaningful 

change. This highlights the importance of specificity: the more concrete, numeric and 

outcome-based a disclosure is, the less room there is for greenwashing.  

Finally, the presence (or absence) of candor is widely regarded as an indicator of report 

credibility. As mentioned previously, the omission of failures, challenges, or past ESG 

controversies in a report may signal attempts to manage impressions rather than inform 

stakeholders (Hahn & Lülfs, 2014). Truly transparent firms will acknowledge areas where 

targets have been missed or challenges persist. By contrast, greenwashing firms will either 

ignore negative aspects entirely or bury them in unclear language. Researchers have proposed 

metrics for candor, such as the proportion of sentences discussing negative performance or 

the presence of self-criticism. Higher candor scores (openness about shortcomings) are 

generally associated with more trustworthy ESG practices, while lower scores suggest the 

report functions more as a promotional tool than a disclosure instrument. One way to assess 

candor is by identifying keywords that signal problems, controversy, or past criticism. If no 
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such language is present, the report’s credibility should be viewed with caution, as it may be 

presenting an overly embellished and unrealistic narrative. 

More broadly, the emergence of sophisticated natural language processing (NLP) techniques, 

particularly based on transformer models, has enabled new methods for detecting 

greenwashing. BERT-based models are widely used in ESG analysis for their ability to 

capture context. For example, Kim et al. (2017) used a domain-specific ESG-BERT model 

alongside machine learning classifiers to analyse the sustainability reports of Korean 

companies and achieved significant success in identifying greenwashing cases. These AI 

tools offer two major benefits: they can analyse large volumes of text rapidly and detect 

subtle linguistic patterns. 

However, challenges remain, particularly in interpretability. While sophisticated models may 

flag a report as greenwashing with high confidence, explaining why can be difficult (i.e. 

which phrases or inconsistencies led the model to make this decision). Research in 

explainable AI (XAI) addresses this by highlighting words or features that most influenced 

the classification. Legal-Pythia’s platform, for instance, combines complex data analysis with 

clear explanations of what drove the classification (Ocean Business B2match, 2025). Another 

issue is the need for labelled data to train these systems. Some studies rely on known cases 

(e.g. scandals or NGO reports)  to classify certain disclosures as greenwashing and then train 

models based on this information. Vinella et al. (2024), for example, fine-tuned 

ClimateBERT on such data, achieving 86.34% accuracy. Still, this approach is limited, as 

many incidents remain unreported. 

2.4.​ Large Language Models (LLMs) in ESG and Greenwashing Analysis 

The emergence of large language models such as OpenAI’s GPT-3/4 (ChatGPT) has 

introduced new opportunities for analysing ESG communications. LLMs are trained on vast 

amounts of data and can understand and generate human-like text (Wei et al., 2022). This 

enables them to interpret context, nuances and implied meanings in a way that earlier 

algorithms could not. This capability is particularly relevant to ESG and greenwashing 

analysis, as these areas often depend on the subtleties of language and tone. For example, Zou 

et al. (2023) introduced ESGReveal, a framework that uses LLMs combined with 

Retrieval-Augmented Generation techniques to systematically extract and analyze ESG data 

from corporate reports. The study demonstrated that their framework achieved accuracy rates 

of 76.9% in data extraction and 83.7% in disclosure analysis, outperforming baseline models. 
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One area in which LLMs are being applied is the summarisation and interpretation of ESG 

reports. Analysts can save considerable time by using a model like ChatGPT to rapidly 

produce a summary of a long sustainability report, which highlights the main points, 

environmental targets, social programs and governance changes. This is exemplified in the 

DeepGreen framework, which uses a dual-layer LLM architecture to extract and assess 

ESG-related content from financial reports (Xu et al., 2025). Furthermore, LLMs can be 

prompted to answer questions about a report's content. For instance, an investor or researcher 

could ask ChatGPT, “Does Company X’s sustainability report provide evidence of progress 

on its climate goals, or does it employ vague language?”. The model can analyse the text and 

provide an answer that highlights whether or not specifics are provided. Early experiments 

show that ChatGPT can often identify when text contains mostly generic statements versus 

concrete facts (Dong et al., 2024). This suggests that LLMs could be used as a first line of 

defence against greenwashing by effectively asking the AI, 'Is this report credible, or does it 

sound like greenwashing?' 

LLMs are also being explored for cross-document consistency checks. Since they have 

extensive knowledge, it is possible to provide the model with relevant information (Leippold 

et al., 2024). One could, perhaps, submit both the company's sustainability report and some 

external data, such as news articles or NGO reports, and then ask the model to compare them. 

It might then point out discrepancies, such as the company claiming a perfect safety record 

while media reports document two accidents. Surana et al. (2022) have already demonstrated 

similar capabilities in legal contexts, where models can flag inconsistent statements across 

documents This task requires an understanding of context and reasoning based on language 

meaning. In ESG analysis, this functionality could help identify greenwashing by detecting 

discrepancies that manual review would struggle to uncover. 

Furthermore, researchers are starting to fine-tune LLMs for classification tasks related to 

ESG, with the aim of improving their performance and accuracy in these areas. A recent 

study by Huang et al. (2024) tested GPT-4’s ability to classify sentences from sustainability 

reports as either “concrete action” or “vague promise”. The model achieved high accuracy, 

which demonstrates its potential to flag greenwashing at the sentence level. 

However, limitations remain. These models can sometimes 'hallucinate', which means they 

may generate an answer that sounds plausible but is not actually supported by the text 

(Banerjee et al., 2024). This is problematic if investors were to rely on them without 
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verification. There is also the question of bias: ChatGPT’s training data may contain certain 

perspectives on corporate behaviour that influence its judgements. For example, some 

industries might be viewed with more scepticism due to the content that was seen during 

training. Researchers must therefore check the outputs of LLM technology against 

established facts and be careful when interpreting them. Despite these challenges, preliminary 

assessments suggest that generative AI, such as ChatGPT, can greatly simplify the analysis of 

sustainability reports (Dong et al., 2024).  

2.5.​ Conclusions 

These findings are of great importance for researchers and practitioners. As the literature 

shows, large language models (LLMs), such as ChatGPT, are being used more and more to 

summarise, interpret and cross-check ESG disclosures against external data sources (Rao & 

Srinivasa, 2022; Bronzini et al., 2023). The ability to detect inconsistencies and derive 

meaningful insights in real time opens up new possibilities for identifying greenwashing. 

Although this application is still in its early stages, it is growing rapidly (Leippold et al., 

2024). If sophisticated AI models can reliably identify vague, exaggerated, or contradictory 

sustainability claims, investors could be notified before such claims distort market valuations. 

This would help markets evaluate the credibility of ESG disclosures more efficiently and 

would encourage firms to report more honestly and substantively. 

3.​ Methodology 
3.1.​ Research Question and Hypotheses 

This chapter details the empirical strategy developed to address the central research question 

posed in this thesis: How can artificial intelligence-driven language analysis models enhance 

the detection of greenwashing tactics in corporate ESG disclosures, and what influence does 

this detection have on the stock market? 

To investigate this, we implement a two-step methodology combining textual analysis and an 

event study approach. First, we calculate a Greenwashing Score (GWS) for each ESG report, 

capturing linguistic traits linked to symbolic or insincere communication. Inspired by prior 

work but newly designed here, the rule-based GWS includes five dimensions: buzzword 

density, specificity, sentiment tone, hedging, and candor. Each is computed using NLP tools 

and normalised by industry. To complement this score, an alternative AI-driven model based 
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on a large language model (GPT-4) was trained to replicate human interpretation of ESG 

discourse, providing an additional layer of analysis. 

Second, we conduct an event study to examine how markets respond to ESG reports. Using 

cumulative abnormal returns (CARs) as a proxy for investor reaction, we test whether firms 

with higher GWS experience less favourable market responses. A regression framework with 

firm- and industry-level controls is used to assess this relationship. 

The sections that follow outline the dataset, the construction of the Greenwashing Score, and 

the event study methodology used to evaluate its financial implications. From these 

objectives, we derive two key hypotheses to be tested: 

●​ H1 (Greenwashing Prevalence): The level of greenwashing in ESG disclosures can 

be quantified using AI-based textual analysis. In other words, we expect the 

Greenwashing Score to reveal meaningful differences in firms' communication styles, 

with some reports exhibiting significantly more 'greenwashing' characteristics (e.g. 

buzzwords and vagueness) than others. This hypothesis lies at the heart of the 

development of the GWS metric, which assumes that linguistic indicators can 

successfully indicate when a report is embellished or inaccurate.  

●​ H2 (Market Impact): Firms with higher GWS, which suggests they may be more 

likely to greenwash in their ESG reports, are expected to see negative impacts on their 

CARs around the time of report release. This would imply that investors either 

penalise insincere disclosures or reward them less. If investors can discern highly 

optimistic or vague ESG reporting, we would expect to see a negative correlation 

between GWS and CAR (i.e. higher greenwashing would be associated with lower or 

negative abnormal returns). 

3.2.​ Data and Sample 

This study relies on a dataset of over 1,500 annual ESG or sustainability reports from 

publicly traded companies, covering multiple industries and years. Each report is linked to 

firm-level financial data and daily stock returns, enabling a broad cross-sectional and 

temporal analysis. 

The sample includes firms of varying sizes and sectors, from energy and materials to 

technology and finance, which allows us to account for sector-specific communication styles 
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and investor expectations. Prior to analysis, all report texts were pre-processed to enable 

reliable textual analysis. This included cleaning procedures such as removing HTML tags and 

non-content elements, and also standardising whitespace and case. All reports were converted 

into machine-readable format to enable the extraction of linguistic features using natural 

language processing tools. The analysis was conducted in R, primarily with the tidytext, 

stringr, and textdata libraries. This processing pipeline forms the foundation for constructing 

the Greenwashing Score, presented in the following section. 

3.3.​ Greenwashing Score (GWS) Construction 

In order to detect greenwashing in ESG disclosures, we have developed a Greenwashing 

Score composite for each report. It quantitatively assesses five core linguistic components of 

the report's content, all of which are based on previous research into impression management, 

the quality of corporate disclosure, and sustainability communications. These five 

components capture known textual indicators of potential greenwashing (see Appendix 1). 

3.3.1.​ ESG Buzzword Density​ 

This component measures the extent to which a report is filled with popular ESG buzzwords 

and jargon. We put together a dictionary of common sustainability buzzwords and phrases 

(e.g. 'sustainable', 'green', 'eco-friendly', 'net zero', 'carbon neutral', etc.) and counted how 

often they appeared in each report. We then calculate the frequency of these words per 1,000 

words to normalise for report length. The use of a high number of ESG buzzwords may 

indicate symbolic disclosure, or that attention is being given to form rather than substance. 

Prior research shows that companies may use a lot of ESG buzzwords to mislead or impress 

stakeholders without providing real substance (Vereb, 2024). Studies in accounting and 

management communication have similarly linked the frequent use of positive ESG language 

to 'cheap talk', especially when such claims lack supporting evidence (Merkl-Davies & 

Brennan, 2008). Moreover, Boiral et al. (2021) describe this as ‘symbolic management’, the 

use of broad, feel-good terminology disconnected from actual performance. In the same vein, 

Cho et al. (2015) argue that excessive ESG jargon can create a false sense of transparency, 

masking the absence of meaningful disclosure. 

Complementing this view, a 2024 study finds that lower readability in ESG reports is 

significantly associated with higher levels of greenwashing (Hu et al., 2024). They argue that 
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complex language and excessive rhetoric may serve to obscure the absence of concrete 

actions. This reinforces the inclusion of buzzword density as a key indicator, as firms that 

rely heavily on vague or fashionable ESG terminology, especially without sector-specific 

context, may be engaging in misleading disclosure practices. 

By benchmarking a firm’s use of buzzwords against industry norms, we can more easily 

identify disclosures that rely disproportionately on language rather than facts. This highlights 

potential greenwashing based on language choice rather than content alone. If the score is 

significantly higher than the industry average, this suggests that the company may be placing 

too much importance on popular terms. 

3.3.2.​ Lack of Specificity (Vagueness)  

This component assesses how concrete and measurable the claims in an ESG report are. We 

determine the level of detail in the text, looking for quantifiable and verifiable information 

such as numerical figures, specific targets or statistical disclosures related to ESG 

performance. Statements such as 'CO₂ emissions were reduced by 15% in 2024' are 

considered highly specific, whereas expressions such as 'significant reduction' or 'we are 

improving our sustainability' lack concrete metrics and are considered vague. 

We calculate a specificity ratio based  on numeric performance indicators and targets. We 

measure this as a specificity ratio and this is calculated per 1,000 words of text. Reports 

containing few numerical details and relying heavily on qualitative or generic statements 

receive lower specificity scores, which indicates a higher degree of vagueness. This aligns 

with previous research findings: a low level of measurable disclosure is often considered a 

sign of greenwashing (Melloni et al., 2017). 

Greenwashing often takes the form of broad, unverifiable promises rather than concrete data 

(Team, 2025). Stakeholders are increasingly relying on quantifiable targets to assess the 

credibility and transparency of corporate sustainability reporting. A recent study by The 

Choice (2025) on AI-based ESG fraud detection identified vague language and the absence of 

measurable targets as internal red flags. In line with this, our specificity metric reflects the 

idea that transparent ESG reports should provide concrete figures, such as emissions, 

diversity percentages and investment amounts, rather than non-specific slogans. 
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To construct a robust and comparable measure, we normalise the raw count of numeric 

disclosures per 1,000 words and apply a logarithmic transformation (log(1 + x)) to reduce the 

skewness caused by reports with extreme values. This gives us a Specificity Score for each 

report, where higher values indicate more specific, quantified content. The resulting 

Specificity Score is then inverted (1 – specificity), in order to transform it into a vagueness 

indicator. In short, reports with minimal quantitative content contribute positively to the 

greenwashing risk index.  

3.3.3.​ Sentiment Tone 

The tone of language used in an ESG report, particularly its sentiment polarity, is another 

important indicator. Research in impression management suggests that companies may 

emphasise positive language strategically to portray themselves in a favourable light, while 

downplaying risks or negative outcomes (KPMG, 2022). To quantify this, we use the 

Loughran & Mcdonald (2011) financial sentiment lexicon which is tailored for corporate 

disclosures and avoids misclassifying financial terms (Dame, n.d.).  

For each report, we calculate the number of words categorised as positive (e.g. 'progress', 

'achievement', 'beneficial') or negative ('concern', 'failure', 'risk') according to the dictionary. 

These counts are then used to calculate a net sentiment score (see Appendix 1). Higher scores 

reflect a more optimistic tone. As noted in the literature, excessive positivity, especially when 

abnormal relative to peers, can indicate impression management (Li et al., 2024).  

As tone naturally varies across industries (for example, tech companies often adopt a more 

optimistic tone than firms in the manufacturing sector), we normalise sentiment scores at the 

industry level. For example, a fossil fuel company with a sentiment score that far exceeds the 

average tone of its peers may be identified as potentially engaging in greenwashing through 

optimism bias. 

In this framework, a higher Sentiment Tone Score contributes positively to the overall 

Greenwashing Score. This approach aligns with emerging evidence that investors react not 

only to what ESG information is disclosed, but also to how it is communicated. 

3.3.4.​ Hedging Language  

This component captures the use of language that signals uncertainty or avoids commitment, 

such as "may", "might", "aim to", "approximately", or "aspire to". In ESG reporting, 
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excessive hedging can suggest reluctance to be held accountable and may obscure what has 

actually been achieved. Companies engaged in greenwashing often rely on aspirational or 

conditional wording to avoid making firm promises. 

We quantify hedging by counting the frequency of terms from a custom list of common hedge 

words, based on prior literature. This count is normalised per 1,000 words and 

log-transformed to account for skewness in the distribution. 

Reports containing an unusually high number of hedging terms are seen as potentially less 

credible, as such language may make it difficult to hold the firm accountable. Kotte et al. 

(2019) suggest that companies sometimes deliberately use vague and evasive language in 

their ESG disclosures in order to avoid accountability or legal liability. This has the reverse 

effect of making the disclosures less concrete and informative. Theil and Stuckenschmidt 

(2020) similarly link excessive hedging to greater uncertainty in communications, while 

Dzieliński et al. (2017) find that executives’ modal language is predictive of volatility in 

stock prices and analyst forecasts.  

Although some hedging is normal, a report filled with qualifiers but lacking concrete 

performance statements may indicate disengagement or strategic obfuscation. In our model, 

higher hedging scores contribute to the overall greenwashing risk, especially when combined 

with low specificity or high vagueness. 

3.3.5.​ Candor (Transparency about Shortcomings)  

The final component assesses how forthcoming the report is about negative aspects or 

shortcomings regarding the company’s ESG performance.  Melloni et al. (2017) use the term 

'balance' in reporting to refer to the inclusion of negative information. They find that reports 

from better-performing firms tend to be more balanced, whereas poor performers engage in 

impression management to avoid negative disclosure. 

To assess candor, we created a list of self-critical phrases reflecting the admission 

ESG-related shortcomings. Based on sustainability reporting guidelines and previous research 

into negative disclosures, the list includes phrases such as 'did not meet our target', 'fell short', 

'behind schedule', 'room for improvement', 'challenges remain', 'missed our objective', 'needs 

improvement' and 'lessons learned'. The Candor Score reflects the frequency of these terms, 

normalised by report length.  
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Because a lack of candor is what increases greenwashing risk in our framework, we invert the 

score. So, Candor Risk is equal to 1 - Candor Score. A company with zero admissions of 

difficulty receives a candor risk score close to 1 (high risk), whereas a report that is 

self-critical scores closer to 0 (lower risk). 

This concept aligns with stakeholder expectations: investors and consumers appreciate 

honesty and are more likely to trust reports that do not hide imperfection (Team, 2025). As 

one guideline suggests, companies should “prioritise transparency over perfection” and that 

stakeholders “value honesty, even if a company is still in the process of improving its 

sustainability performance” (Team, 2025).  

However, we acknowledge that the absence of unfavourable information is not necessarily 

misleading. A firm that has had a genuinely successful year in terms of ESG factors may 

have little negative news to report. To reflect this nuance, we give less weight to the candor 

component in the Greenwashing Score composite. While a lack of candor can be seen as a 

warning sign, it should be interpreted with prudence, particularly in cases where strong 

performance could reasonably result in fewer admissions of failure. 

3.4.​ Normalization and Composite Scoring  

Each of the five components produces a numeric score for a report, with higher or lower 

values indicating more or less of that characteristic. However, these raw scores are on 

different scales and distributions. To combine them into a single Greenwashing Score, we 

apply several normalisation steps. 

3.4.1.​ Industry Adjustment 

To account for systematic differences in communication styles across industries, we 

standardise certain components of the Greenwashing Score using industry-relative z-scores. 

Specifically, we apply this adjustment to buzzword density and sentiment tone, as what 

qualifies as “high” or “excessive” can vary substantially between sectors. For instance, tech 

firms may naturally use more optimistic or buzzword-heavy language than firms in oil and 

gas or manufacturing. 

For each report, we calculate a z-score for these components by subtracting the industry mean 

and dividing by the industry standard deviation. This transformation tells us how far a 

company’s score deviates from the typical level observed in its sector. A high positive z-score 
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indicates unusually dense buzzword usage or sentiment tone, even after accounting for 

industry norms. This adjustment ensures that our Greenwashing Score flags abnormal 

disclosure behaviour relative to peers, without penalising sectors for typical communication 

patterns. 

3.4.2.​ Scaling to [0,1] 

After industry adjustment, we rescale each component to the range 0–1 to ensure 

comparability. In practice, we apply min–max normalisation to each metric within the full 

sample or within the industry, as appropriate. The highest observed value is scaled to 1 (high 

presence of the trait) and the lowest to 0, with the others scaled proportionally in between. To 

ensure consistency across metrics, all scores are oriented so that higher values reflect greater 

greenwashing risk. For others where low values imply risk (specificity and candor), we invert 

the scale, for instance, low specificity becomes high vagueness, and low candor becomes 

high opacity. At the end of this step, we have five normalised component scores for each 

report, all of which are between 0 and 1 and aligned in direction. 

3.4.3.​ Weighting and Aggregation  

The final Greenwashing Score is a weighted average of the five component scores. Rather 

than averaging them, we assign differential weights to reflect the relative importance of each 

indicator type, informed by theory and practical considerations. We determined the weighting 

scheme based on our judgement of which factors most strongly signal greenwashing risk, 

while also considering the reliability of each measure. The weights, which sum to 5.0 for ease 

of interpretation, are distributed as follows: buzzword density is weighted at 1.5 (30%), lack 

of specificity at 1.2 (24%), sentiment tone at 1.0 (20%), hedging language at 0.8 (16%), and 

lack of candor at 0.5 (10%). 

We assigned the highest weight to buzzword usage because relying heavily on ESG jargon 

without having any substantive content is often the most visible sign of greenwashing, and it 

appeared frequently in the literature as a red flag (Boiral et al., 2021; Merkl-Davies & 

Brennan, 2008). The specificity/vagueness component was given the second-highest 

weighting, as vague claims are a classic feature of questionable communication. Sentiment 

tone was given a weighting of 1.0 as an excessively positive tone is important, but we did not 

want to overstate its importance given that some firms naturally have a positive style. 

Hedging was assigned a lower weight of 0.8, reflecting the fact that, while hedging can 
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indicate insincerity, moderate hesitant wording may simply be due to uncertainty in 

forward-looking statements (Theil & Stuckenschmidt, 2020). Finally, candor/transparency 

was assigned the lowest weight, as a lack of negative disclosures can sometimes indicate 

genuinely good performance rather than intentional omission. Thus, although this indicator is 

meaningful, it should not have a significant impact on the composite score. 

After applying these weights, the component scores are summed to generate the composite 

greenwashing score, which ranges from approximately 0 (low risk) to 1 (high risk). This 

continuous metric reflects the degree of greenwashing inferred from each report's language 

and serves as the key independent variable in our analysis of market reactions. 

3.4.4.​ Validation and Robustness of the Greenwashing Score 

To ensure the reliability and conceptual validity of the Greenwashing Score, we conducted 

several validation checks on its five underlying components. These aimed to verify that each 

captures distinct and meaningful aspects of greenwashing, rather than overlapping concepts 

or random variation. 

3.4.4.1.​ Component Independence 

Firstly, we examined the intercorrelations between the five linguistic indicators used to 

construct the GWS. Pairwise Pearson correlations revealed low to moderate relationships 

across all variables, with absolute correlation coefficients below 0.45. This suggests that each 

component captures a distinct aspect of ESG communication. For example, buzzword usage 

and hedging showed virtually no correlation (r = 0.03), while the strongest relationship, 

between vagueness and hedging, remained moderate (r = 0.45). These results confirm that the 

GWS integrates diverse, non-redundant dimensions and is not driven by any single factor (see 

Appendix 2 for the full correlation matrix). 

3.4.4.2.​ Contribution of Each Component to the GWS 

To assess the contribution of each component to the overall Greenwashing Score, we 

computed Pearson correlations between each indicator and the composite GWS. As expected, 

all components were positively associated with the GWS, reflecting their inclusion in its 

calculation. The strongest relationship was found with buzzword density (r = 0.84), followed 

by sentiment tone (r = 0.46), vagueness (r = 0.37), hedging (r = 0.36) and lack of candor (r = 

0.11). These results are consistent with the theoretical weights assigned to each component, 
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and confirm that the composite score provides a multidimensional assessment of 

greenwashing risk (see Appendix 3 for full correlation values). 

3.4.4.3.​ Multicollinearity Check 

To test for multicollinearity among the components when used together in a predictive 

framework, we ran a linear regression analysis, treating the GWS as the dependent variable 

and the five components as the independent variables. We then computed the variance 

inflation factor (VIF) for each predictor. All VIF values were close to 1, ranging from 1.04 to 

1.36, well below the commonly accepted threshold of 5 (see Appendix 4). This confirms that 

the components do not introduce redundancy into the model and can be interpreted as 

statistically independent inputs.  

3.5.​ Collaboration with an AI Co-Analyst for Score Validation 

The core aim of this thesis is to develop a composite Greenwashing Score using AI-driven 

linguistic analysis of ESG reports. The score integrates five textual components (as 

mentioned in Section 3.3) in order to quantify a firm’s tendency towards “greenwashing”. 

Each element captures a different aspect of potential misrepresentation, from excessive 

jargon to a lack of concrete detail. 

To strengthen the validity of the index, we conducted a cross-validation exercise using 

OpenAI’s GPT-4, a cutting-edge large language model (LLM), as an independent evaluator. 

We provided ChatGPT with a detailed prompt (see Appendix 5) describing the five 

components and their general intent. Importantly, we employed a chain-of-thought prompting 

technique to encourage the model to reason through each dimension step by step (Wei et al., 

2023). This approach produces intermediate justifications before delivering a final 

judgement. Not only does this method improve interpretability, it also mirrors the reflective 

reasoning process of a human analyst. 

While the evaluation criteria were intentionally aligned with our own to ensure comparability, 

GPT-4 was given full freedom to interpret, weight, and transform the components based on 

its own logic. This was not intended to constrain the model’s reasoning, but rather to ensure 

direct comparability between the two systems. This setup allowed us to assess whether the 

AI, using a distinct reasoning process, would prioritise similar features and detect comparable 

patterns of symbolic ESG communication.  
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3.5.1.​ Inferred Weighting Structure (GWS_gpt) 

Although the model was not provided with a formula, we were able to infer its scoring 

behaviour based on its outputs and justifications that GPT-4 generated, we derived an implicit 

weighting scheme that reflects how the model combined the five components into a 

composite greenwashing score (GWS_gpt). The resulting formula is as follows: 

 𝐺𝑊𝑆
𝑔𝑝𝑡 

=  0. 30 × (1 − 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦) +  0. 20 × 𝑇𝑜𝑛𝑒 +  0. 20 × 𝐻𝑒𝑑𝑔𝑖𝑛𝑔 +  0. 15 × 𝐵𝑢𝑧𝑧𝑤𝑜𝑟𝑑𝑠   

 +  0. 15 × (1 −  𝐶𝑎𝑛𝑑𝑜𝑟)

These weights were inferred from GPT-4’s explanations and reflect its own reasoning, not 

predefined instructions. The rationale for each is outlined below. 

3.5.2.​ Rationale for GPT-4’s Weights 

When asked to evaluate ESG disclosures without a preset formula, GPT-4 implicitly adopted 

a weighting structure that prioritised a lack of specificity (i.e. vagueness) over all other 

dimensions. This was followed by a moderate emphasis on sentiment tone and hedging, and a 

more careful consideration of buzzword use and a lack of candor (see Appendix 6). The logic 

behind these inferred weights is detailed below. 

3.5.2.1.​ Specificity score — Weight: 0.30 

GPT-4 consistently penalised reports missing concrete and verifiable ESG metrics. 

Statements such as 'working towards a greener future' were considered meaningless unless 

supported by specific targets, such as 'reducing emissions by 18% in 2023'. This mirrors the 

concept of 'symbolic management' in the literature, whereby firms make grand claims with 

little substance (Boiral, 2013; Merkl-Davies & Brennan, 2008). Given its extensive training 

data, which includes regulatory texts, corporate filings and financial journalism, it is likely 

that GPT-4 "understands" that specificity is a key indicator of accountability. The 

component's weighting reflects this insight. 

3.5.2.2.​ Sentiment Tone — Weight: 0.20 

GPT-4 often detected overly optimistic or triumphant language as strategic impression 

management, especially when it was imbalanced. Phrases such as 'we lead the sustainability 

transition' raised concerns unless they were balanced by a mention of risks or limitations. 

While some positivity is expected in ESG reporting, GPT-4 adopted a rather sceptical attitude 
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when the tone lacked nuance, which aligns with the findings of Cho et al. (2015). Therefore, 

tone was given significant weight, but not dominant weight. 

3.5.2.3.​ Hedging Language — Weight: 0.20 

Soft commitments were identified as phrases such as “we aim to”, “may” or “intend to”. 

GPT-4 raised alerts for reports where such language dominated without being paired with 

concrete actions. This reflects patterns in executive communication where hedging is 

employed to manage expectations or avoid liability (Yang, 2019). Nevertheless, GPT-4 

appeared to recognise that some hedging is normal in forward-looking disclosures, which is 

why it assigned this dimension the same moderate weight as sentiment tone. 

3.5.2.4.​ Buzzword Usage — Weight: 0.15 

GPT-4 recognised buzzwords such as “green”, “eco-friendly” and “impact-driven”, but 

evaluated them in context. Reports that combined buzzwords with clear metrics were often 

considered more credible. Research suggests that the use of ESG buzzwords does not in itself 

indicate dishonesty; rather, such language is better understood as a potential symptom of 

greenwashing, not definitive proof of it (Vereb, 2024). GPT-4 appeared to adopt this approach 

by weighing them as a secondary indicator rather than a critical one. 

3.5.2.5.​ Candor — Weight: 0.15 

GPT-4 acknowledged that the omission of failures or missed targets could indicate green 

silence, but also recognised that such omissions may stem from legitimate reasons, such as 

strong ESG performance or legal prudence. Given this ambiguity, it treated lack of candor as 

a contextual indicator, rather than a primary red flag. This approach is consistent with the 

findings of Melloni et al. (2017), who point out that the absence of negative information does 

not necessarily indicate dishonesty. 

3.5.3.​ Scoring Comparison and Interpretation 

We compared GPT-4’s greenwashing assessments with our rule-based Greenwashing Score 

(GWS), both built on the same five linguistic components, to assess alignment between the 

models. This aimed to validate our approach and explore how GPT-4’s human-like, 

contextual reasoning compares with our structured, lexicon-based method. 
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The Pearson correlation between our GWS and GPT-4’s score was r = 0.276, which indicates 

a moderate positive relationship (see Appendix 7). While this confirms that the two models 

identify similar patterns of greenwashing risk to some extent, it also reflects their 

fundamentally different evaluation logics. Our GWS is calculated from predefined weights 

and normalised indicators. GPT-4 produced its score through contextual interpretation. When 

prompted, it was able to explain its reasoning and the relative importance of each component, 

allowing us to reconstruct an explicit weighting scheme. 

A comparison of component scores reveals deeper contrasts (see Appendix 8). Our model 

places greater emphasis on buzzword usage and lack of candor, which is consistent with its 

focus on specific lexical cues. GPT-4, however, downplays buzzwords when embedded in 

goal-oriented discourse and is more sensitive to vague commitments and promotional tone, 

particularly in the hedging and sentiment dimensions. For example, the median difference in 

hedging scores exceeds 0.5. 

The strongest alignment between the two models occurs in the 'Specificity' dimension, which 

GPT-4 also identified as the most critical indicator of greenwashing. This reinforces findings 

from sustainability reporting literature on the importance of measurable ESG commitments. 

More broadly, GPT-4 behaves like a qualitative auditor: it interprets not only what is said, but 

how and why it is framed. Together, these findings suggest that rule-based and LLM-based 

assessments are complementary, rather than contradictory. While our model offers 

transparency, replicability, and comparability, GPT-4 provides interpretive depth, making it 

more sensitive to narrative-driven signals. 

3.6.​ Event Study: Stock Market Reaction to ESG Reports 

The second part of the methodology, which uses the Greenwashing Score to assess each ESG 

report, investigates whether the stock market reacts differently depending on the perceived 

credibility of ESG communication. To explore this, we use the event study methodology 

(MacKinlay, 1997), which is widely employed in finance to evaluate investor responses to 

new information. Specifically, we examine how company stock prices behave around the 

time their sustainability reports are released. 

Our main indicator of investor response is the Cumulative Abnormal Return (CAR), which 

captures a stock’s performance relative to expected market returns during a defined event 

window (Müller, 2024). CARs help to isolate the effect of the ESG disclosure itself by 

 

https://www.zotero.org/google-docs/?y3tpUx


28. 

comparing actual stock movements with those that would typically be expected in the 

absence of new information. A positive CAR suggests that the market responded favourably 

to the disclosure, which may indicate credibility or strong performance. Conversely, a 

negative CAR may reflect disappointment, scepticism, or perceived insincerity. 

To capture market reactions across different time horizons, we use three CAR windows: 

CAR[0,2], which reflects short-term responses over three trading days; CAR[0,5], 

representing a one-week window; and CAR[0,60], which captures medium-term effects over 

approximately three months. The next step is to link these CARs to the Greenwashing Score. 

We test whether perceived greenwashing affects investor confidence by regressing the 

various CAR measures on the GWS (and relevant control variables). If firms with higher 

GWS values consistently exhibit lower CARs, this would suggest that markets are sensitive 

to the quality and sincerity of ESG disclosures, and that greenwashing could have real 

financial implications. 

3.7.​ Regression Analysis: Linking Greenwashing Scores to Stock Market 

Reactions 

To deepen the analysis, we run a set of firm-level regressions linking the Greenwashing Score 

to investor behaviour. The objective is to examine whether reports flagged as more 

“greenwashy”, based on their linguistic features, are systematically associated with weaker 

market reactions. We estimate four distinct models, each capturing a different dimension of 

this relationship, from the direct impact of greenwashing signals to potential interaction 

effects. This approach allows us to explore not just whether greenwashing matters to 

investors, but how and under what conditions it influences their responses. 

3.7.1.​ Dependent Variables 

The dependent variable across all models is the Cumulative Abnormal Return for firm i 

around the ESG disclosure date t. and more precisely CAR2, CAR5 and CAR60 (see Section 

3.6). These allow us to capture both immediate and delayed market responses. We use CAR 

as the dependent variable because our central research objective is to assess how investors 

react to perceived greenwashing in ESG communications and this is the most appropriate 

financial outcome to detect valuation effects linked to language-driven credibility signals. 
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3.7.2.​ Independent Variables 

The main independent variable across all regression models is the Greenwashing Score, 

constructed using two distinct AI-based approaches (see Sections 3.3 and 3.5). The first 

method employs a rule-based natural language processing (NLP) framework to produce a 

composite score (greenwashing_score) based on five linguistic dimensions. The second 

approach uses GPT-4 to evaluate the same five components and generate an alternative score 

(GWS_gpt) based on its own weighting logic. In regression Models 1 and 2, we use the 

composite scores as predictors to assess their overall association with market reactions. In 

Models 3 and 4, we disaggregate the score into its five underlying components, treating each 

linguistic feature as a separate explanatory variable. This allows for a more detailed analysis 

of the specific disclosure traits that influence market responses. 

3.7.3.​ Control Variables 

To control for factors that might influence market reactions independently of ESG credibility, 

we include a set of control variables. Firm size is measured as the natural logarithm of (1 + 

total assets) to account for differences in visibility, market power, and investor attention. 

Profitability is captured by return on assets (ROA), since more profitable firms may elicit 

different investor responses. We also control for stock momentum, to account for recent 

performance trends that could influence CARs regardless of ESG behaviour. Finally, we 

include each firm’s external ESG rating, which reflects its assessed sustainability 

performance and helps isolate the effect of linguistic credibility from actual ESG outcomes. 

Additionally, we include industry and year fixed effects to account for unobserved 

heterogeneity. Industry fixed effects  control for sector-specific norms in ESG reporting and 

typical investor expectations. Year fixed effects capture the macroeconomic and regulatory 

conditions that may influence ESG disclosures or market responses in a given year. These 

fixed effects ensure that our estimated coefficients reflect variation within industries and 

years. So, it allows us to isolate the relationship between greenwashing and CARs from 

broader trends. 
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3.8.​ Regression Models 

3.8.1.​ Model 1 (M1) – ESG Credibility and Market Reactions  

The first model provides the foundational framework for examining whether greenwashing, 

as detected by AI-based textual analysis, has a measurable effect on stock market reactions. 

Specifically, this regression model tests the relationship between the greenwashing score 

(both NLP & LLM based models) and the firm’s cumulative abnormal returns over multiple 

event windows: two days, five days, and sixty days around the release of ESG reports. The 

regression takes the following general form: 

 𝐶𝐴𝑅
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This model directly tests Hypothesis 2 (see Section 3.1), which suggests that greater amounts 

of greenwashing in ESG reports are linked to negative market responses. A statistically 

significant negative coefficient on either greenwashing measure would suggest that investors 

react unfavourably to perceived dishonest or exaggerated ESG reports. This model also 

indirectly supports Hypothesis 1 by suggesting that the GWS metrics capture meaningful 

variation in the linguistic quality and credibility of ESG communication across firms if they 

consistently explain market behaviour. 

3.8.2.​ Model 2 (M2) – Interaction with ESG Performance: Contextualizing 

Greenwashing 

This model builds on the original regression analysis by introducing an interaction term 

between the greenwashing score and the firm's ESG performance rating. It aims to explore 

whether the market's reaction to perceived greenwashing depends on the firm's underlying 

ESG quality. In other words, it investigates whether investors react more negatively to 

greenwashing when it is associated with firms that are otherwise perceived as high ESG 

performers. The model can be expressed as:  
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This interaction-based model adds depth to Hypothesis 2 by suggesting that market 

participants do not evaluate greenwashing in isolation. Rather, investors may be particularly 

sensitive to gaps between a firm's self-proclaimed excellence in environmental, social and 

governance matters and the verbal cues in its reporting. The presence of a negative and 
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significant interaction term would suggest that firms are penalised more severely by the 

market when strong ESG ratings are paired with communication traits typically associated 

with greenwashing. 

3.8.3.​ Model (M3) – Disaggregated Linguistic Features: Testing the Components 

of Greenwashing 

Model 3 decomposes the composite Greenwashing Score into its five components: sentiment 

tone, lack of specificity, buzzword density, hedging, and candor. These dimensions are 

entered individually into the regression to examine their distinct associations with abnormal 

returns, while controlling for firm characteristics, ESG scores, and fixed effects. The formula 

for the regression is as follows: 

 𝐶𝐴𝑅
𝑖,𝑡

= β
0

+ β
1
𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡

𝑖,𝑡
+ β

2
𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦

𝑖,𝑡
+ β

3
𝐵𝑢𝑧𝑧𝑤𝑜𝑟𝑑𝑠

𝑖𝑡
+ β

4
𝐻𝑒𝑑𝑔𝑖𝑛𝑔

𝑖,𝑡
+ β

5
𝐶𝑎𝑛𝑑𝑜𝑟

𝑖𝑡

 + β
6
𝑙𝑜𝑔(1 + 𝑆𝐼𝑍𝐸

𝑖,𝑡
)+ β

7
𝑅𝑂𝐴

𝑖,𝑡
+ β

8
𝑀𝑂𝑀𝐸𝑁𝑇𝑈𝑀

𝑖,𝑡
+ β

9
𝐸𝑆𝐺𝑠𝑐𝑜𝑟𝑒

𝑖,𝑡
+ γ

𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦
+ δ

𝑌𝑒𝑎𝑟
+ ε

𝑖,𝑡 

This model directly tests Hypothesis 1 by evaluating whether the individual linguistic traits 

underlying greenwashing are empirically meaningful. A significant negative association for 

one or more components would confirm their relevance. Additionally, the model contributes 

to Hypothesis 2 by identifying the specific forms of linguistic manipulation or vagueness to 

which investors penalise most strongly. 

3.8.4.​ Model (M4) – Interactions Between Linguistic Traits and ESG Context 

Model 4 investigates how combinations of linguistic and contextual factors influence investor 

reactions by introducing two interaction terms. The first is the interaction between buzzwords 

and sentiment, to determine whether the use of positive emotional language combined with 

vague promotional terms is perceived as insincere by investors. The second interaction links 

specificity with the firm’s ESG score, to assess whether concrete language enhances 

perceived authenticity, particularly for firms already viewed as strong ESG performers. This 

model takes the following form: 
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𝑙𝑜𝑔(1 + 𝑆𝐼𝑍𝐸

𝑖,𝑡
)+ β

6
𝑅𝑂𝐴

𝑖,𝑡
+ β

7
𝑀𝑂𝑀𝐸𝑁𝑇𝑈𝑀

𝑖,𝑡
+ γ

𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦
+ δ

𝑌𝑒𝑎𝑟
+ ε

𝑖,𝑡 

A negative and significant coefficient on buzzword × sentiment would suggest that 

emotionally charged, vague language weakens market trust. Conversely, a positive coefficient 
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on specificity × ESG score would indicate that detailed communication boosts investor 

confidence, particularly when paired with strong ESG fundamentals. 

This model adds a nuanced layer to Hypothesis 1 by showing that greenwashing is not just 

about individual linguistic cues, but also how these cues interact to form a coherent (or 

incoherent) communication. It also refines Hypothesis 2 by showing that investor responses 

to ESG disclosures depend not only on the content (e.g. high ESG performance), but also on 

how it is communicated (e.g. clarity versus hype). 

These four regression models provide the foundation for the empirical analysis. In the next 

chapter, we present and interpret the results, assessing whether linguistic indicators of 

greenwashing influence investor reactions to ESG disclosures. 

4.​ Results 
4.1.​ Overview 

This section presents the empirical findings derived from the regression models described 

above. We report the estimated effects of the Greenwashing Score across different 

specifications and event windows, comparing both rule-based (NLP) and GPT-4-based 

approaches. The analysis follows the three CAR windows (mentioned in Section 3.6) to 

capture short- and medium-term investor reactions. We begin with Model 1, which tests the 

overall effect of the greenwashing score on abnormal returns, before turning to models that 

explore interaction effects and the impact of individual linguistic components. 

4.2.​ Model 1 – Market Reaction to AI-Based Greenwashing Scores 

The null hypothesis (H₀) tested here is that greenwashing, as measured by the GWS, has no 

effect on stock market reactions. Rejection of H₀ in favour of the alternative hypothesis (H₁) 

would require a statistically significant and negative coefficient on the greenwashing 

variable, indicating a market penalty for perceived insincerity in ESG reporting. Full 

regression outputs, including coefficients and significance levels, are provided in Appendix 9. 

4.2.1.​ CAR2  

In the short-term event window, both greenwashing measures yield negative coefficients: β = 

–0.00513 (p = 0.560) for the GPT-based score, and β = –0.00245 (p = 0.854) for the 

rule-based NLP score. While the direction of the estimates aligns with our hypothesis which 
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suggests that higher greenwashing is associated with lower short-term returns, neither result 

is statistically significant. As such, we fail to reject the null hypothesis: there is no evidence 

of immediate market penalties for greenwashing. 

4.2.2.​ CAR5  

Results remain consistent over this event-window. The GPT-based score is associated with a 

coefficient of β = –0.00679 (p = 0.583), while the rule-based score yields β = –0.00051 (p = 

0.978). Both estimates are negative, which indicates a persistent link between greenwashing 

and lower returns. However, the lack of statistical significance again prevents us from 

rejecting the null hypothesis.  

4.2.3.​ CAR60 

In the 60-day event window, the results remain directionally stable but statistically weak. The 

GPT-based score yields a coefficient of β = –0.00889 (p = 0.798), while the NLP-based score 

produces a nearly identical result of β = –0.00435 (p = 0.935). These outcomes suggest that 

even over a longer period, there is no meaningful or statistically significant relationship 

between greenwashing intensity and stock market performance. Thus, we find no evidence of 

a delayed market reaction to perceived greenwashing. 

4.2.4.​ Interpretations  

Across all three event windows, both greenwashing scores generated negative but statistically 

insignificant coefficients. While this pattern aligns with Hypothesis 2 (see Section 3.1.) in 

terms of direction, we cannot reject the null hypothesis (H₀). This suggests that perceived 

greenwashing, as captured by aggregated scores, does not systematically influence stock 

market reactions. These results imply that, at least in aggregate form, the Greenwashing 

Score does not carry enough explanatory power to systematically predict market behaviour in 

response to ESG disclosures. These inconclusive results also raise questions about 

Hypothesis 1, particularly with regard to the effectiveness of aggregated greenwashing 

metrics in capturing investor perception of ESG credibility. It is possible that investors 

respond more to specific cues or to particular contexts, and that aggregation may dilute those 

signals. Overall, these findings suggest that the market does not consistently recognise or 

penalise greenwashing when expressed through a global linguistic score, possibly because the 

signal is too weak or subtle, or is obscured by other confounding factors. 
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4.3.​ Model 2 – Interaction with ESG Performance 

Model 2 tests whether the effect of greenwashing on stock market reactions depends on the 

firm’s actual ESG performance. Full regression tables for M2 are available in Appendix 10. 

4.3.1.​ CAR2  

Within the short-term event window, both the GPT- and rule-based models generate 

interaction terms that are statistically insignificant. The GWS_gpt × ESGscore interaction has 

a coefficient of 0.00118 (p = 0.779), and the greenwashing_score × ESGscore interaction has 

a coefficient of –0.00165 (p = 0.744). It suggests that investors do not react significantly 

differently to greenwashing depending on ESG performance in the immediate aftermath of 

the disclosure. 

4.3.2.​ CAR5  

Within the five-day period, the interaction effects remain weak and statistically insignificant. 

The GPT-based interaction term has a coefficient of 0.00281 (p = 0.635) and the NLP-based 

term has a coefficient of 0.0116 (p = 0.1028). While the latter is close to significance, the 

positive sign contradicts expectations of harsher market reactions for high-rated ESG firms. 

This weakens the support for a penalty effect tied to perceived ESG hypocrisy. 

4.3.3.​ CAR60 

Over this window, the findings remain consistent. The interaction terms again fail to achieve 

statistical significance: –0.00139 (p = 0.933) for GWS_gpt × ESGscore, and –0.00699 (p = 

0.727) for greenwashing_score × ESGscore. Despite the negative signs, the lack of statistical 

strength indicates that greenwashing is not more harshly punished over time when it comes 

from firms with stronger ESG reputations. 

4.3.4.​ Interpretations 

Model 2 examined whether investors penalise greenwashing more harshly when it comes 

from firms with strong ESG ratings. Across all three CAR windows, the interaction terms 

between greenwashing and ESG performance were statistically insignificant, with 

inconsistent coefficients. The rule-based model showed a marginally positive interaction in 

CAR5, challenging the hypothesis. These findings suggest that the market does not 

systematically react more negatively to greenwashing when it contradicts otherwise credible 
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ESG credentials. It could be either due to a lack of sensitivity or because prior ESG 

reputation softens the blow. Therefore, Hypothesis 2 remains unsupported in this case.  

4.4.​ Model 3 – Disaggregated Linguistic Cues and Market Reaction 

Model 3 tests whether the stock market responds more distinctly to individual linguistic 

features rather than to aggregated greenwashing scores (see Results in Appendix 11). 

4.4.1.​ CAR2 

The results show no significant effects among the GPT-derived components. Although the 

effect of specificity (NLP model) is not statistically significant at conventional levels (e.g. 

5%), it is significant at the 10% threshold (p = 0.078). This suggests a potential association 

which is worth noting. Interestingly, hedging emerges as a significant positive predictor (p = 

0.039). While high hedging typically reflects a lack of firm commitment, the positive 

coefficient suggests that investors may interpret such cautious language not as greenwashing, 

but rather as a sign of strategic risk awareness or realistic goal-setting. 

4.4.2.​ CAR5 

In the CAR5 window, most coefficients remain statistically insignificant. However, hedging 

in the rule-based specification, remains marginally positively significant (p = 0.0624). 

Specificity also maintains a near-significant relationship (p = 0.0682). These positive 

coefficients suggest that both cautious language and precise wording may be perceived 

positively by investors over a few trading days, possibly reflecting a preference for 

transparency balanced with prudent communication. The GPT-based features, in contrast, do 

not yield meaningful results in this window either. 

4.4.3.​ CAR60 

At the 60-day horizon, disaggregated components still fail to produce strong or consistent 

signals in the GPT-based model. However, in the rule-based model, specificity becomes 

statistically significant at the 5% level (p = 0.0447), suggesting that investors value clear 

ESG disclosures. Unlike in shorter windows, hedging is no longer statistically significant in 

the CAR60 model (p = 0.1132), suggesting that investor sensitivity to vague language may 

diminish over time. Sentiment, buzzwords, and candor remain consistently non-significant, 

suggesting these traits are less influential in shaping longer-term market reactions. 
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4.4.4.​ Interpretations  

Overall, Model 3 gives partial support to Hypothesis 1 (see Section 3.1), showing that 

AI-based textual analysis can detect meaningful variation in ESG communication styles. 

Specifically, the repeated significance of features like specificity and hedging in the 

rule-based models suggests that certain linguistic traits elicit measurable investor responses. 

Interestingly, while hedging is often viewed as a potential greenwashing tactic, its positive 

and significant association with CAR suggests that investors may not perceive cautious 

language as deceptive, instead, it may signal prudence or risk awareness. Conversely, 

sentiment, candor, and buzzword usage appear less effective in distinguishing credible from 

insincere reports. These findings support the relevance of targeted linguistic indicators for 

identifying greenwashing, while also reinforcing the idea that the market response to ESG 

disclosures is subtle and context-dependent.  

4.5.​ Model 4 – Interaction Effects 

Model 4 explores potential interaction effects between key greenwashing dimensions in ESG 

reports. Specifically, we test (i) whether the combination of positive tone and buzzword 

intensity amplifies market skepticism (i.e., buzzwords × sentiment) and (ii) whether the 

market rewards higher specificity only when firms simultaneously exhibit higher ESG scores 

(specificity × ESGscore). Regression outputs are reported in full in Appendix 12. 

4.5.1.​ CAR2 

The results reveal no significant interaction effects in either specification. The coefficient for 

buzzwords × sentiment is consistently negative but far from significance (e.g., p = 0.731 in 

the GPT model). Similarly, the specificity × ESGscore interaction remains non-significant 

across both models. Overall, the market appears unresponsive in the very short term to these 

combinations of tone and content. 

4.5.2.​ CAR5 

In the five-day window, interaction terms continue to show no statistically significant effect. 

The buzzwords × sentiment coefficient remains negative in all models but again statistically 

irrelevant (p = 0.654 and 0.772). However, the specificity × ESGscore term approaches 

significance in the rule-based model (p = 0.065), suggesting that specificity (and not the lack 

of thereof) might generate positive reactions when paired with strong ESG fundamentals. 
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Hedging also shows borderline significance in the NLP-based model (p = 0.057), consistent 

with findings in Model 3.  

4.5.3.​ CAR60 

The CAR60 results mirror the earlier patterns: no interaction term reaches significance in 

either the GPT or rule-based models. Interestingly, while specificity × ESGscore remains 

positive, its coefficient lacks statistical strength (p ≈ 0.328–0.386). Other variables such as 

tone, buzzwords, specificity, candor, and hedging, do not demonstrate independent or joint 

effects with any economic significance. 

4.5.4.​ Interpretations  

Model 4 provides no empirical support for the hypothesis, which says that interactions 

between tone and superficiality, or between clarity and ESG substance would moderate 

investor reactions. Despite the theoretical plausibility of these effects, the data reveal no 

statistically reliable relationships between linguistic cues and ESG fundamentals. At best, 

some weak signals point toward possible relevance of specificity in contexts of high 

ESGscore, but these remain inconclusive. The lack of significant interaction effects may 

indicate that investors either do not pick up on subtle linguistic nuances, or do not consider 

them meaningful when forming their reactions. 

5.​ Discussion  

5.1.​ Key Contributions 

Our research offers a fresh perspective on existing literature by examining the credibility of 

ESG disclosures through linguistic analysis and artificial intelligence into the assessment of 

greenwashing risk. While past studies have focused on ESG content, performance metrics, or 

market reactions to scandals (Delmas & Burbano, 2011; Lyon & Maxwell, 2011; Akyildirim 

et al., 2023; Xu et al., 2025), few have explored how the style and tone of ESG language 

influence investor perceptions in routine contexts. 

Building on previous work in financial text analysis and impression management (Cho et al., 

2015; Melloni et al., 2017), we contribute to existing literature by developing a 

Greenwashing Score based on five linguistic dimensions: buzzword density, vagueness, 

sentiment tone, hedging language and lack of candor. These indicators are rooted in 

communication theory and stakeholder trust literature, and reflect the growing concerns of 
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stakeholders and investors regarding overly glossy or ambiguous ESG communications 

(Boiral et al., 2021; Hassan, 2024).  

What distinguishes our approach is the integration of GPT-4 as an AI-based co-analyst, used 

to assess the same linguistic indicators through its own internal logic and interpretative 

reasoning. This comparison between rule-based scoring and LLM-driven judgment provides 

a rare look into the alignment and divergence between traditional computational methods and 

the contextual understanding enabled by generative AI. Our results show that while GPT-4 

places slightly more emphasis on specificity and less on buzzword usage than our initial 

model, both approaches converge on the same core dimensions of symbolic disclosure.  

This study contributes to the literature by introducing a novel, language-based approach to 

assess ESG credibility. Using AI-driven textual analysis, it offers a replicable method to 

detect potential greenwashing in sustainability reporting, independent of scandals or 

third-party ratings. By linking these linguistic cues to stock market reactions, we provide a 

new lens for understanding how communication style may influence investor perception, 

even if not systematically priced in. 

Finally, this thesis adopts an interdisciplinary approach by combining methods and insights 

from finance, natural language processing, corporate governance and business ethics. 

Building on earlier insights from the impression management literature, it suggests that 

language is not merely a means of communication, but also a strategic tool for shaping 

stakeholder trust and legitimacy (Cho et al., 2015; Merkl-Davies & Brennan, 2008).  

5.2.​ Limitations  

Despite its contributions, this study has several limitations. First, the Greenwashing Score 

relies on textual features that, while quantifiable, remain interpretative. This creates  a risk of 

false positives, whereby reports flagged as insincere by the model may actually reflect 

genuine, forward-looking communication. This highlights the need for prudence when 

interpreting linguistic indicators in isolation and the importance of supplementing text-based 

analysis with other data sources or contextual information. 

Second, while GPT-4 adds valuable perspective, it presents challenges. Despite its impressive 

linguistic capabilities, it is a general-purpose model that has not been fine-tuned on 

ESG-specific corpora, and as such, its understanding of sustainability discourse may lack 
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domain sensitivity. Its responses are also highly prompt-dependent, meaning that slight 

variations in phrasing can produce noticeably different outputs, which may affect replicability 

and consistency in analytical tasks. Additionally, the model operates as a black box, with no 

transparent logic behind its internal weighting or interpretive reasoning.  This raises concerns 

about knowledge transparency, particularly in contexts requiring high levels of accountability, 

such as financial analysis or sustainability auditing. Its assessments may also reflect biases 

embedded in corporate discourse, potentially reinforcing symbolic language instead of 

detecting it. 

Third, the event study design captures correlations but not causality. Despite the inclusion of 

control variables such as firm size, profitability, and ESG ratings to mitigate confounding 

effects, residual noise remains and it is difficult to isolate the precise effect of 

greenwashing-related language on investor behaviour.  

Finally, the score’s weighting scheme, although informed by theory and literature, remains 

partly subjective. While robustness checks were performed, other weighting structures might 

yield different results. Future research could use machine learning to refine the weighting and 

improve predictive accuracy. 

5.3.​ Future Research Directions  

This thesis opens several promising avenues for future research on AI-based greenwashing 

detection. One direction is the creation of ESG-specific language models, such as generative 

LLMs fine-tuned on ESG disclosures and regulatory texts. These could enhance contextual 

understanding, reduce hallucinations, and improve the reliability of ESG language analysis.  

Another opportunity lies in integrating non-textual data, such as carbon footprints, executive 

pay, or satellite imagery, to assess the alignment between ESG narratives and actual impact. 

This multimodal approach could help to distinguish between firms that communicate in an 

aspirational way and those that are misleading. 

Finally, it would be interesting to conduct long-term studies to examine whether persistently 

high greenwashing scores across several reporting periods act as an indicator of reputational 

damage, regulatory scrutiny or long-term financial underperformance. Such links would 

reinforce the strategic importance of sincere and transparent ESG communication from both 

an ethical and a risk management perspective. 
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Taken together, these future directions suggest that the intersection of AI, textual analysis, 

and sustainable finance is still in its early stages, but has considerable potential for 

innovation, accountability, and real-world impact. 

6.​ Conclusion  
In response to growing demand for credible ESG communication, this thesis set out to 

examine whether AI-driven linguistic analysis can enhance the detection of greenwashing in 

corporate disclosures (H1), and whether such detection influences investor behaviour (H2). 

To explore these questions, we developed a Greenwashing Score based on five textual 

indicators, combining rule-based NLP methods with GPT-4 scoring, and tested their financial 

relevance using event-study regressions across multiple CAR windows. 

The results provide a nuanced but informative answer to our research question. Regarding our 

first hypothesis (H1), the constructed Greenwashing Score, particularly in its rule-based form, 

proved capable of capturing meaningful variation in ESG narrative styles. Specifically, 

features such as specificity and hedging consistently showed associations with market 

reactions, suggesting that AI-driven language analysis can indeed detect communicative traits 

relevant to perceptions of sincerity. In contrast, GPT-4’s contextual scores were less effective, 

indicating that structured, theory-driven models may currently outperform generative AI in 

capturing market-relevant greenwashing cues. Overall, these findings provide only partial 

support for H2, suggesting that in the absence of reputational shocks or contextual triggers, 

linguistic cues alone are unlikely to systematically influence investor behaviour. Contrary to 

expectations, linguistic signals, such as cautious language (hedging), were not penalised, and 

in some cases even associated with slightly positive market responses. This suggests that 

investors do not systematically react negatively to perceived greenwashing in ESG 

disclosures unless accompanied by reputational shocks or broader contextual factors. 

In conclusion, this study demonstrates that while AI-based detection of greenwashing is 

feasible and potentially relevant to markets, it remains an evolving tool. While not yet 

sufficient to predict investor reactions on its own, such an approach offers a scalable and 

transparent tool to assess narrative credibility. By laying the groundwork for more refined, 

linguistically informed ESG analysis, this thesis opens new avenues for research at the 

intersection of AI, sustainability data, and market behaviour, ultimately contributing to 

stronger accountability in sustainable finance. 
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8.​ Appendices 

●​ Appendix 1 - Greenwashing Score Component’s Computation (Section 3.3) 
 

Component  Description  Computation Method  
Expected 

Greenwashing 
Pattern  

Sentiment (Tone) 
Measures overall tone 
(positive/negative) of 
ESG disclosures 

Sentiment =  (𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑊𝑜𝑟𝑑𝑠 − 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑊𝑜𝑟𝑑𝑠)
𝑇𝑜𝑡𝑎𝑙 𝑊𝑜𝑟𝑑𝑠

Overly positive tone 
may suggest 
greenwashing 

Specificity  Degree of concreteness 
vs. vagueness in claims Specificity =  𝑁𝑢𝑚𝑒𝑟𝑖𝑐𝑎𝑙 𝑣𝑎𝑙𝑢𝑒𝑠 

(𝑉𝑎𝑔𝑢𝑒 𝑡𝑒𝑟𝑚𝑠 + 1)

Lower specificity 
suggests vague, 
non-committal ESG 
claims 

Buzzword Density 
(per 1000 words)  

Proportion of 
ESG-related buzzwords 
vs. total words  

Buzzword density =  𝐵𝑢𝑧𝑧𝑤𝑜𝑟𝑑𝑠 
𝑇𝑜𝑡𝑎𝑙 𝑊𝑜𝑟𝑑𝑠 × 1000

High density can be a 
sign of superficial 
commitment  

Hedging Language Degree of uncertainty or 
cautious phrasing  Hedging density =  𝐻𝑒𝑑𝑔𝑖𝑛𝑔 𝑡𝑒𝑟𝑚𝑠

𝑇𝑜𝑡𝑎𝑙 𝑊𝑜𝑟𝑑𝑠 × 1000
High hedging 
indicates lack of firm 
commitment 

Candor  
Openness and balance 
(mention of challenges 
and negative outcomes) 

Candor =  𝐶𝑎𝑛𝑑𝑜𝑟−𝑟𝑒𝑙𝑎𝑡𝑒𝑑 𝑤𝑜𝑟𝑑𝑠
𝑇𝑜𝑡𝑎𝑙 𝑊𝑜𝑟𝑑𝑠 × 1000

Lower candor may 
indicate image 
management  

 
●​ Appendix 2 - Correlation matrix (Section 3.4.4.1) 

 

●​ Appendix 3 - Contribution of Each Component to the GWS (Section  3.4.4.2) 

 
 

●​ Appendix 4 - Multicollinearity (Section 3.4.4.3)  
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●​ Appendix 5 - Prompt used to obtainChat-GPT’s own greenwashing score (Section 3.5) 

Context:​

 You are a sustainability analyst. Your task is to assess the level of greenwashing in a company's ESG 

report. The full report is provided below. 

Carefully evaluate the report based on five key dimensions of potential greenwashing. For each 

dimension: 

●​ Assign a score between 0 and 1, where:​

   0 = no signs of greenwashing​

   1 = strong signs of greenwashing 

●​ Briefly explain the reasoning behind your score.​

  Please think step by step, as a human analyst would do. 

Important:​

 No specific weights are given for the five dimensions. You are free to judge how much weight to give 

each one when forming your overall assessment. The goal is to reflect how a thoughtful analyst would 

intuitively assess the report’s sincerity. 

Five Dimensions to Evaluate: 

1.​ Buzzword Usage​

 Does the report rely heavily on trendy sustainability terms (e.g., “green,” “eco-friendly,” “net 

zero”) without clear explanation or backing? 

2.​ Specificity (or Vagueness)​

 Are the claims supported by measurable data, timelines, or concrete goals? Or are they 

vague, aspirational, or generic? 

3.​ Sentiment Tone​

 Is the tone overly positive, promotional, or unbalanced? Does it sound like marketing rather 

than honest reporting? 

4.​ Hedging Language​

 Does the report use cautious, indirect, or non-committal wording (e.g., “may,” “hope to,” 

“intend to”) that reduces accountability? 

5.​ Candor (Transparency about Shortcomings)​

 Does the report openly acknowledge ESG challenges, missed goals, or areas for 

improvement? Or does it present only successes? 

Final Greenwashing Risk Score (0–1): 

Based on your assessment of the five dimensions, assign an overall greenwashing score between 0 and 

1. Summarize your reasoning across dimensions before giving the final score. Use your own judgment 

to determine how much each category should influence your overall conclusion. 
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●​ Appendix 6 - Chat-GPT’s weighting scheme (Section 3.5.3) 

 

●​ Appendix 7 - Pearson Correlation (Section 3.5.4) 

 

●​ Appendix 8 - Component-level comparisons (Section 3.5.4) 

 

●​ Appendix 8 bis -  Pearson Correlation Matrix Between NLP and GPT Scores 
(Exploratory)  
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●​ Appendix 9 - Model 1 Regressions (Section 4.2) 
○​ CAR2 (GPT vs. NLP) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

○​ CAR5 (GPT vs. NLP) 
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○​ CAR60 (GPT vs. NLP) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

●​ Appendix 10 - Model 2 Regressions (Section 4.3) 
○​ CAR2 (GPT vs. NLP) 
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○​ CAR5 (GPT vs. NLP) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

○​ CAR60 (GPT vs. NLP) 
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●​ Appendix 11 - Model 3 Regressions (Section 4.4) 
○​ CAR2 (GPT vs. NLP) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

○​ CAR5 (GPT vs. NLP) 
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○​ CAR60 (GPT vs. NLP) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

●​ Appendix 12 - Model 4 Regressions (Section 4.5) 
○​ CAR2 (GPT vs. NLP) 
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○​ CAR5 (GPT vs. NLP) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

○​ CAR60 (GPT vs. NLP) 
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●​ Appendix 13 - R Code used for Greenwashing Detection and Market Reaction Analysis 

 (see attached annex) 

This annex provides the full R script used to compute the linguistic indicators (sentiment, specificity, 
buzzword density, hedging, and candor), construct the rule-based Greenwashing Score, and perform 
the regression analyses linking these scores to stock market reactions (CAR). 
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