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Executive Summary

Clean energy spending needs to reach $4.5 trillion per year by 2030 to maintain a realistic chance of
limiting global warming, yet current investment represents just 37% of what is needed for net zero
by 2050. This and other energy transition requirements put enormous pressure on electric utilities to
transform their business models while maintaining energy security and attracting investment, creating
conditions ripe for potential greenwashing as companies might oversell environmental progress or engage
in misleading communication strategies to stay competitive. Three fundamental gaps have limited
systematic greenwashing detection: the separation between performance and communication analysis,
single-dimensional communication measurement, and the lack of sector-specific methods.

This research addresses the question: What greenwashing risk assessment tool can be developed for
European electric utility companies based on environmental performance metrics and multi-dimensional
communication analysis? This Master thesis research project developed and tested the first systematic
Greenwashing Risk Assessment Tool (GRAT), designed specifically for electric utilities but adaptable
to other sectors through modified inputs, weights, and terminology. The GRAT bridges theoretical gaps
by integrating quantitative performance measurement with multi-dimensional communication analysis.
Constrained ensemble methodology is used to handle weight uncertainty for both performance scoring
and greenwashing risk. The greenwashing risk is measured by five different dimensions: performance-
communication gap, substantiation weakness, language vagueness, temporal orientation, and reporting
consistency.

The GRAT follows a clear three-step process that can be understood and adapted without advanced
programming skills. Users gather environmental data from several sources: third-party verified infor-
mation like Refinitiv Eikon, self-reported metrics like CDP, and English sustainability reports. Once
this data is collected, the tool automatically handles performance scoring, runs communication anal-
ysis through rule-based NLP methods, and produces integrated risk assessments. Rather than using
completely arbitrary weights, the constrained ensemble approach tests thousands of valid weight com-
binations within available theoretical boundaries. Users can adjust weights based on their specific
priorities or new research findings, since some component weightings still rely on limited literature
guidance. When applying the tool to different sectors, users can adjust performance metrics to fit
industry standards, update communication terminology lists, and modify component weights based on
what matters most in that sector. The tool offers two validation approaches: internal validation uses
sensitivity analysis to check how robust results are across different weight combinations, while external
validation tests accuracy against real documented cases.

The tool was tested on 14 European electric utility companies during 2021-2022, a period influenced
by COVID-19 disruptions and pre-CSRD regulations that should be considered when interpreting
findings. The companies were selected based on data availability rather than sector representative-
ness, which means results reflect patterns among companies with comprehensive data rather than the
broader utility sector. Among these 14 companies, the analysis found significant environmental per-
formance differences. Scores ranged from 15.0 to 95.0 points, with year-over-year changes spanning
from -35.1 to +63.0 points. Companies used different communication strategies that did not align
with their performance scores. Only 36% showed temporal changes where performance and commu-
nication moved in the same direction, revealing a pattern where communication strategies often work
independently from actual environmental achievements. When combining both aspects including the
other communication quality dimensions, risk scores fell between 16.5 and 81.3. With no companies
reaching the theoretical boundaries of 0 or 100, this suggests the dimensions capture different aspects
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of greenwashing behaviour rather than overlapping measures.

The validation approach is methodologically sound, though statistical limitations arise from the small
sample size. External validation provides indicative evidence that the GRAT may distinguish be-
tween companies with documented greenwashing accusations and those with clean records, but Mann-
Whitney U testing with 14 observations has low statistical power and results could represent random
phenomena between 2021-2022. Future validation with larger sample sizes would be required to es-
tablish statistically robust evidence of the tool’s discriminant validity. The GRAT enables regulators
to screen companies requiring investigation rather than providing conclusive evidence of greenwash-
ing. This helps investors assess risk patterns in sustainability portfolios and offers researchers a tool
adaptable to other sectors. The rule-based approach provides transparency suited for regulatory con-
texts while the constrained ensemble methodology addresses weight uncertainty problems in composite
indicator development.
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1 Introduction

This introductory chapter outlines the foundation for developing a greenwashing risk assessment tool for
electric utilities within Europe. Section 1.1 examines the climate finance gap and regulatory pressures
driving this research need, while Section 1.2 reviews existing greenwashing detection approaches and
their limitations. The chapter then identifies research gaps, presents the research questions, and
explains how this work contributes to greenwashing detection methods.

1.1 Problem Statement

Energy Transition Context and Climate Finance Gap
If all net-zero promises and contributions were fulfilled, global warming could be limited to just under
2°C, which would reduce risk but still carry the danger of triggering irreversible climate tipping points
[7]. But if present patterns continue, global warming is expected to approach +2°C by the late 2020s;
recently it already exceeded 1.5°C above pre-industrial levels [17]. “The energy sector is the source of
around three-quarters of greenhouse gas emissions and holds the key to averting the worst effects of
climate change, perhaps the greatest challenge humankind has faced” [113].

Investment requirements reveal just how massive this challenge really is. Clean energy spending needs
to reach $4.5 trillion per year by 2030 to maintain a realistic chance of limiting global warming,
according to the International Energy Agency (IEA) [245]. The unfortunate reality is that current
progress remains far off track: in 2024, clean energy investment was $2.2 trillion, only 37% of what is
needed for net zero by 2050 [23]. This $3.3 trillion annual shortfall represents the gap between climate
promises and climate action, making reliable sustainability information absolutely critical for smart
investment decisions.

Electric utility companies find themselves right in the middle of it all. With energy sectors, especially
focused on electricity generation, producing almost 25% of greenhouse gas emissions in Europe (shown
in Figure 1.1), making them second only to transport in terms of sectoral contribution. Utilities face
unprecedented pressure to transform their business models while maintaining energy security. This
positions them as both major contributors to the climate problem and essential players in finding and
creating a solution.

The electric utility sector is expected to be a pillar of net climate neutrality by 2050 [72]. However,
due to digitisation and growing electrification of transport and heating, electricity demand continues
to rise across Europe [134]. This growing electricity demand puts utilities in a difficult position during
the energy transition. They must expand renewable capacity, phase out fossil fuels, and meet rising
demand all at once [6].

1



Figure 1.1: Greenhouse emissions in Europe per sector [56]

Specific Challenges in the European Utility Sector
Electric utility companies show a tendency toward greenwashing during periods of regulatory pressure,
where companies overstate environmental commitments while continuing carbon-intensive operations
[125]. The electric utility sector faces unique challenges that make detection of similar greenwash-
ing cases particularly critical. Unlike other industries, electric utilities operate in highly regulated
environments where consumer trust is fundamental to social acceptance of necessary infrastructure
investments [191]. The EU single market creates challenges for utilities because cross-border electricity
trading implies that when a company makes sustainability claims in one member state, these claims
affect how credible the market looks across all 27 countries [69]. EU consumer protection laws go fur-
ther than those in other regions, with Directive 2005/29/EC covering environmental claims and how
they can mislead consumers [68]. The EU often leads the way in green regulation, and this “Brussels
Effect” means that European utility greenwashing cases have influence far beyond Europe’s borders
[27].

Transparency in this sector has grown significantly as consumers often choose their electricity providers
depending on their sustainability promises [213]. The sector is under pressure to integrate sustainable
principles into its operations [222]. This creates conditions ripe for potential greenwashing as companies
might oversell environmental progress to stay competitive and keep regulators satisfied.

Corporate responsibility in environmental sustainability has become more important given the pace of
climate change and the need for systematic transformation [184]. However, a recurring challenge is the
deceptive greenwashing tactic used by businesses to improve their public image by either exaggerating
or falsifying their environmental initiatives [88]. When greenwashing is exposed, companies risk dam-
aged reputations, legal action, and a loss of trust from investors and consumers [196]. For utilities,
where business success depends heavily on public trust, these risks become particularly dangerous.
European cases show that these risks are real. Under the EU’s Green Claims Directive, penalties can
hit up to 4% of a company’s annual turnover, with member states able to set higher fines for repeat
offenders [74]. Finland’s Consumer Ombudsman found Vattenfall’s claim “fossil-free life within one
generation” misleading because it could not be proven true at the time of marketing [10]. In Germany,
a court made a landmark ruling that major emitters like RWE can be held civilly liable for climate
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harms, showing European courts are taking these cases seriously [63].

Regulatory Urgency and Stakeholder Pressures
European regulation has made reliable greenwashing detection tools not just helpful, but necessary.
The Corporate Sustainability Reporting Directive (CSRD) started in 2024, with the first wave of
companies already publishing sustainability reports in 2025 covering their 2024 data [65]. Large utility
companies that were not reporting before, start in 2026 with their 2025 numbers, and sector-specific
standards arrive by June 2026 [28]. This timeline can be seen in Figure 1.2 below.

Figure 1.2: CSRD timeline [145]

Beyond CSRD, utilities must deal with the EU Taxonomy Regulation, which requires them to prove
they make a substantial contribution to climate objectives and demonstrate ‘do no significant harm’
to other environmental goals [194]. This creates binding technical screening criteria that utilities must
meet to qualify as ‘green’ investments. Enforcement varies across member states, with the EU requir-
ing businesses to “support claims with scientifically accepted evidence” while banning unsubstantiated
aspirational claims [67]. The new Directive 2024/825, which started in March 2024, lets member states
set up enforcement measures including legal actions for companies that fail to follow environmental
claim standards [66].

The regulatory pressure comes at the same time that stakeholders are demanding real accountability.
Investors increasingly depend on solid environmental data for their decisions. When companies lie
about their green efforts, investor trust crumbles, stock prices decrease and future funding becomes
harder to secure [241]. On the consumer side, misleading environmental claims create frustration and
scepticism that spreads far beyond the guilty company, making life harder for genuinely sustainable
businesses [231].

Given the mentioned challenges and regulatory scale, traditional greenwashing detection methods face
significant limitations. Manual analysis of sustainability reports, takes a lot of time and produces
inconsistent results when applied across multiple companies [87]. The scale of European sustainability
reporting makes this approach impractical for systematic oversight. Under the CSRD, approximately
50,000 EU businesses must provide sustainability disclosures, which is more than four times the roughly
11,000 companies covered under the previous directive [179]. These companies produce thousands of
pages of sustainability reports annually, creating a massive analysis challenge. This situation creates
an urgent need for automated, standardised detection methods that can process large volumes of text
efficiently [20].
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1.2 Literature Review

Despite the urgent need for greenwashing detection in today’s landscape, the concept greenwashing
itself was introduced a long time ago. Jay Westerveld actually coined the term greenwashing back in
1986, targeting corporate policies that misled consumers about environmental activities [48]. West-
erveld called greenwashing “a method of increasing profits, rather than [. . . ] genuinely engaging in
environmentally friendly activities” [219]. The concept did not gain much traction in academic circles
until Greer and Bruno [98] wrote about it in their environmental marketing book [209]. From there,
the definition kept expanding to cover all sorts of deceptive corporate practices around environmental
claims.

Greenwashing Definitions and Theoretical Development
An important problem is that there is still no definition on which everyone agrees. This has left the
research field scattered and uncoordinated, regulations unevenly applied, and enforcement inefficient
[219]. When researchers cannot agree on what greenwashing actually is, it becomes difficult to detect it
consistently across different industries and countries. Most definitions get stuck on whether companies
meant to deceive, which misses cases where companies are just defending themselves against unfair
criticism [209]. Without a universal definition or standard detection methodology, allegations often
remain inconclusive [173].

Freitas Netto et al. [84] tried to tackle this problem by creating four categories: firm-level claim, firm-
level executional, product-level claim, and product-level executional. The firm-level claim type is subtle
and easy to miss because companies make big environmental promises without backing them up with
real action [141]. Spaniol et al. [219] took this further and identified six key elements: environmental
focus, firm origin, consumer marketing, unsubstantiated claims, deceptive intent, and competitive
advantage.

The definition that most academics have settled on comes from Delmas and Burbano [48]. They
define greenwashing as “the intersection of two firm behaviours: poor environmental performance and
positive communication about environmental performance”. This works well because it focuses on the
mismatch between what companies say and what they actually do, plus researchers can actually test
it [150]. Their framework shows two main ways in which greenwashing occurs: decoupling (creating
symbolic policies without real change) and selective disclosure (showing off the good while hiding the
bad). These ideas help explain how companies keep their green reputation while performing poorly on
environmental issues.

Performance-Communication Research Approaches
Greenwashing research has split in two, with little exchange between the different sides. One side stud-
ies environmental performance using hard numbers like carbon emissions, resource use, or regulatory
violations [43]. The other side analyses what companies actually say/claim through content analysis,
sentiment studies, or surveys about stakeholder perceptions [159]. Bringing these approaches together
rarely happens. Most studies pick either performance or communication, not both. When performance
data shows up in communication studies, it is usually just background information. When performance
studies mention communication strategies, they do not actually analyse the messages. This split makes
sense from a methods standpoint since it is hard to combine quantitative environmental data with qual-
itative text analysis.

Some recent work has started bridging this gap. Lagasio [130] created an Environment, Social, and
Governance (ESG)-Washing Severity Index using keyword counts and sentiment from CSR reports.
She found differences across industries and regions, which is useful for measuring communication tone,
but her approach ignored actual companies performance data. Bindi [18] compared climate messages
on corporate websites with how companies actually lobby at the EU level. This revealed political
contradictions but did not check whether companies actually hit their stated climate targets. CDP
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stands out as a well-structured and widely used source for emissions, climate targets, and verification
data [90]. Other sources, like third-party assurance and audit-based databases, also contain useful
emissions and target data. Even so, most greenwashing research either overlooks these resources or
only uses parts of it [81].

NLP Applications in Environmental Communication
Natural Language Processing (NLP) has become a game-changer for analysing corporate environmental
communication at massive scale. Early work mostly used sentiment dictionaries or keyword counting
to evaluate CSR report tone [120, 77]. These methods revealed that environmental communication
tends to be overly positive, but they missed deeper language patterns. Recent advances have moved
way beyond basic sentiment analysis. Wang, Gao, and Sun [238] built a BERT-based (Bidirectional
Encoder Representations from Transformers) model that scores individual sentences for greenwashing
based on narrative structure, exaggerated sentiment, and how specific the language is. Their work
demonstrates how deep learning can catch subtle communication patterns that simple polarity analysis
misses. Shimamura, Tanaka, and Managi [211] used large language models (LLM’s) to evaluate how
clear sustainability reports actually are. They found that companies accused of greenwashing wrote
reports that were less logical and harder to read than their peers.

Topic modelling and semantic embeddings allow for more sophisticated analysis of communication
themes. Boelders [24] used these techniques to connect sustainability claims with green technology
patent areas in European energy companies. This made it possible to cluster communication and
innovation domains without supervision. Saxena [202] pushed this approach further by combining
claim-specific NLP indicators with actual emissions to check the credibility of climate-focused invest-
ment portfolios.

But major methodological problems remain. Calamai et al. [31] point out that there is still a lack
of unified benchmarks or datasets for greenwashing detection. Climate-specific language models like
ClimateBERT are starting to appear, but a lack of labelled data, clashing definitions of greenwashing,
and weak regulatory coordination continue to slow down real progress. Most NLP approaches focus on
just one aspect of communication quality instead of the multi-dimensional analysis needed to capture
how complex corporate environmental messaging really is.

Greenwashing in European Electric Utilities
Electric utilities in Europe occupy a special spot in greenwashing research. They are central to en-
ergy transition, heavily regulated, and large emitters [131]. Unlike consumer-facing industries where
greenwashing mainly affects buying decisions, utility sector claims directly shape energy transition
success and climate policy effectiveness [232]. These companies operate under extensive regulatory
frameworks including the EU Taxonomy (CSRD), and Emissions Trading System (ETS). This creates
both restrictions and incentives for environmental communication.

Despite this strategic importance, most empirical greenwashing studies focus on high-visibility con-
sumer sectors. Industries such as fashion, technology, and retail often get the most attention, since
their green branding is directly visible to consumers [84, 77]. The utility sector gets limited targeted
analysis. However, a few exceptions exist. As mentioned before, Boelders [24] analysed how CSR and
patents line up in European energy companies using NLP techniques. His study showed that energy
companies often promote certain green technologies more in their messaging than their actual innova-
tion efforts support. But this analysis used patent data as a stand-in for environmental action rather
than looking at operational performance outcomes. Bindi [18] included large utilities in the cross-sector
study of communication-lobbying mismatches but did not separate utility-specific behaviour patterns
or account for sector-specific regulatory constraints.

Cross-sector studies suggest that regulatory design affects disclosure practices. Luu et al. [139] found
that mandatory emissions reporting can reduce greenwashing behaviour. This indicates that regulatory
frameworks do limit deceptive communication. However, a systematic analysis of how European utili-
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ties communicate is still largely missing. Because of its regulated structure, long-term investments, and
public service role, [46] the sector faces distinct stakeholder demands that could lead to communication
patterns different from those in other (previously mentioned) competitive industries.

1.3 Research Gap

Three major gaps reveal fundamental limitations in greenwashing theory that prevent the development
of systematic detection, especially for European electric utilities.

Performance-Communication Integration Gap
Most greenwashing literature treats performance and communication as completely separate theoreti-
cal topics. Studies focused on performance analyse emissions, resource use, or regulatory compliance.
Communication studies focus on message content, tone, or stakeholder perception without linking it
to actual environmental outcomes. This represents a core limitation in greenwashing theory: exist-
ing frameworks cannot explain how performance-communication relationships actually operate. While
studies like Saxena [202] attempt integration, they lack systematic methodologies for combining quan-
titative performance data with detailed communication analysis. No research to date has developed
a practical tool for assessing greenwashing across multiple dimensions beyond the basic performance-
communication gap.

Multi-Dimensional NLP Analysis Gap
Most existing research has focused on single-dimensional analysis, such as sentiment scoring or keyword
frequency. This limited focus fails to capture the layered communication strategies that define modern
greenwashing. As a result, it faces a key theoretical limitation. It cannot capture how misleading signals
are coordinated across different dimensions simultaneously. Current methods assess communication
aspects in isolation, without integrating them into a broader quality framework. Climate-specific tools
such as ClimateBERT also face limitations due to uneven definitions and training datasets. Most
importantly, the ways in which communication dimensions combine to influence greenwashing risk
remains unexplored.

Sector-Specific Analysis Gap
Although some studies have analysed aspects of greenwashing in the European electric utilities sector,
many areas remain overlooked despite the sector’s central role in the energy transition. Most re-
search focuses on consumer-oriented industries, leaving theoretical gaps in how greenwashing appears
in regulated, capital-intensive sectors. Electric utilities operate under specific stakeholder demands
and communication limits, which likely result in different forms of greenwashing. Even studies that
include these utilities, such as Boelders [24], treat them as part of the broad energy sector rather than
as an independent industry group. This gap points to a fundamental limitation in current greenwash-
ing frameworks. The lack of systematic analysis on how regulatory contexts influence greenwashing is
problematic given the role utility companies play in climate action.

These gaps show that greenwashing research lacks integrated systematic tools that can detect patterns
across multiple analytical dimensions. Addressing these limitations creates important opportunities
for academic advancement. This research makes an important contribution to greenwashing theory
by introducing the first systematic integration of performance measurement and multi-dimensional
communication analysis.

1.4 Research Questions and Structure

The literature gaps found point to a clear research opportunity: developing better greenwashing de-
tection methods tailored for electric utilities companies within Europe. The sector provides a strong
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foundation for developing new methods while directly addressing the knowledge gaps mentioned above.

1.4.1 Research Questions

The main research question asks: What greenwashing risk assessment tool can be developed for
European electric utility companies based on environmental performance metrics and multi-dimensional
communication analysis?

The core research focuses on this question, it responds to the performance-communication integration
gap by explicitly requiring both dimensions. It also targets the sector-specific analysis gap by focusing
on utilities, and the multi-dimensional NLP gap by requiring analysis across multiple communication
quality dimensions. The main question is supported by three sub-questions, each targeting a differ-
ent aspect of detecting greenwashing. Together they form an integrated approach that tackles the
methodological problems found in existing literature.

Three sub-questions:

RQ1: What environmental performance variations exist among European electric utility companies
based on systematic analysis of their available sustainability data?

The first sub-question establishes the performance baseline needed for greenwashing detection. It
tackles the current research tendency to either ignore performance data entirely or use it only for basic
sorting. By examining performance variations systematically, this question creates the foundation for
spotting performance-communication mismatches.

RQ2: What multi-dimensional communication patterns characterise environmental disclosure in Eu-
ropean electric utility companies?

The second sub-question attacks the multi-dimensional NLP analysis gap by examining communica-
tion across several quality dimensions rather than focusing on single metrics like sentiment. It also
contributes sector-specific knowledge by identifying communication patterns unique to utilities rather
than applying frameworks or tools built for consumer-facing industries.

RQ3: What greenwashing risk patterns are revealed when environmental performance and communi-
cation characteristics are analysed together?

The third sub-question addresses the difficulty of integration by systematically combining performance
and communication analysis. Instead of just identifying poor performance or misleading communication
separately, it looks for the specific combinations that signal greenwashing risk.

1.4.2 Research Structure

The remainder of this thesis is organised into six chapters following the systematic approach outlined in
the research flow diagram (Figure 1.3). The conceptual framework in Chapter 2 lays out the theoretical
foundation that guides the analysis, as shown in Phase 1 of the research. It draws on performance-
communication theory and regulatory compliance frameworks to build the theoretical foundation for
integrated greenwashing detection.

Chapter 3 Methodology explains the methodology in detail, implementing the data collection and
analysis approaches from Phases 2 and 3. This covers data collection procedures for both performance
metrics and corporate communication content. It also explains the multi-dimensional NLP analysis
approach and other methods used to spot greenwashing risk patterns. Results presented in Chapter
4 show the empirical results. It starts with performance variation analysis across the different electric
utility companies, then moves to communication pattern identification, and finishes with integrated
greenwashing risk assessment findings as outlined in the tool’s progression from individual analyses to
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integrated risk assessment. Chapter 5 focuses on practical application of the GRAT. This is a stan-
dalone chapter meant for providing guidance on how users can apply the tool to assess greenwashing
risk within the electric utility sector and adapt it for other industries. This includes step-by-step im-
plementation processes, data requirements, sector adaptation methods, and validation approaches that
users can apply for their specific contexts. Chapter 6 discusses the findings through two perspectives:
first examining the GRAT as a developed tool, including its limitations, user requirements, and adapt-
ability features, then reflecting on the patterns observed among the 14 companies analysed and their
broader implications within the acknowledged sample constraints. Chapter 7 concludes the research
by directly answering each research question, reflecting on the tool’s key characteristics, and outlining
clear directions for future research and practical implementation of greenwashing detection methods.
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Figure 1.3: Research flow diagram
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1.5 Research Positioning and Contribution

This research tackles the need for systematic greenwashing detection specifically for electric utilities
companies within Europe. The utilities sector accounts for the highest relative occurrence (15.91%) of
greenwashing cases [123]. This sector is suited for developing a new detection method because utilities
are within a regulated sector that faces unique transparency requirements that setting them apart from
other industries. Second, their central role in energy infrastructure means their sustainability claims
directly impact climate transition success. Third, their standardised reporting through frameworks
like the Carbon Disclosure Project (CDP) provides comparable data for systematic analysis [33].

Greenwashing reduces the effectiveness of climate action and slows down assessment of environmental
progress [227]. More than half of the evaluated company websites displayed practices connected to
greenwashing [72]. This misinformation not only affects consumer decision-making but also policy-
making efforts, as companies’ misleading practices can hide their environmental impact [19]. In this
context, detecting greenwashing becomes important for protecting financial systems and promoting
transparency in corporate sustainability. While the importance of detecting greenwashing is clear, the
process itself remains complex. Definitions of greenwashing differ greatly and often includes corporate
practices, marketing, and sustainability reporting [84]. This lack of standardisation exposes a gap in
the current approaches and makes greenwashing challenging to detect. Current methods mostly rely
on manual, qualitative assessments, which are time-consuming and often fail to capture the subtle
interactions of greenwashing in context with a lot of data [88].

This thesis addresses the mentioned challenges by concentrating on electric utility companies within
Europe, as the sector is a major contributor of emissions but also one with great potential for de-
carbonisation. It develops a comprehensive Greenwashing Risk Assessment Tool (GRAT, from here
on) that integrates quantitative environmental performance metrics (derived from corporate emissions
data) with multi-dimensional NLP-based communication. This approach responds to the growing need
for new methods to systematically tackle greenwashing as corporate sustainability claims increase [73].
The goal is to give consumers and policymakers useful knowledge so they can identify real sustainabil-
ity initiatives among false claims. Furthermore, it addresses the larger social implications of tackling
greenwashing, which is required to build confidence in green markets and satisfy world climate tar-
gets [187]. Reaching this target calls for active, open participation of every involved actor, especially
companies.

10



2 Conceptual Framework

This chapter develops the theoretical foundation required to create a systematic greenwashing detec-
tion tool. Figure 2.1 illustrates how four foundational theories (Section 2.1) inform the development
of domain-specific theoretical frameworks for performance measurement (2.2), communication analysis
(2.3), and computational methods (2.4), which then integrate through validation theory (2.5) to en-
able practical implementation. Each theoretical component addresses specific aspects of greenwashing
detection while contributing to the overall GRAT architecture.

Figure 2.1: Conceptual Framework Development

2.1 Theoretical Foundations of Greenwashing Detection

This research adopts the definition by Delmas and Burbano [48], which, as discussed in the literature
review, is the one most commonly used definition of greenwashing in academic research: "the in-
tersection of two firm behaviours: poor environmental performance and positive communication about
environmental performance" [48]. This definition captures greenwashing not simply as a matter of mis-
leading claims on its own, but as a measurable disconnection between real environmental behaviour
(e.g. carbon emissions) and how that behaviour is presented to the outside world. The gap between
these two forms the foundation of the approach taken in this research. Four theories explain different
aspects of this gap:

2.1.1 Decoupling Theory

According to decoupling theory, organisations may present themselves as environmentally committed
while avoiding actual change within their operations. Meyer and Rowan [155] first described this
process as a way for companies to shield their formal claims from technical uncertainty by adopting
widely "accepted symbols and structures" that reflect external expectations. These elements help
organisations to appear credible, even when their actual practices do not fully match (are decoupled
from) what they formally claim [155]. In sustainability contexts, companies may adopt reporting
standards or set long-term climate goals. At the same time, their daily decisions often follow older,
less sustainable practices. Bromley and Powell [29] build upon this concept, showing that decoupling
can become systemic, especially when stakeholders focus more on appearances than on actual results.

11



This research uses decoupling theory as the key rationale for connecting environmental communication
to real-world performance data.

2.1.2 Information Asymmetry

This separation persists because of information gaps. The concept of information asymmetry, originally
introduced by Akerlof [4], shows how limited access to information can affect the quality of decision-
making. In the context of environmental reporting, this means companies have more knowledge about
their operations than outside stakeholders such as consumers and regulators. As a result, companies
can focus more on positive instead of less favourable or negative details. Kashyap, Verma, and Pal
[122] found that companies with weaker environmental performance are often less transparent in their
disclosures. This opens the door for greenwashing to grow and go undetected. This research uses that
theory to justify using both self-reported and independently sourced emissions data. This can uncover
reporting gaps or subtle signs of greenwashing that would be hard to spot in isolation.

2.1.3 Stakeholder Theory

Companies exploit these gaps differently depending on their audience. The stakeholder theory [82] offers
a useful perspective. Companies face different expectations from customers, regulators, and investors.
These groups require different information and they do not all interpret environmental performance in
the same way [133]. Companies may respond by adjusting how they communicate, focusing on what
sounds convincing to each audience rather than what fully reflects the facts. Stakeholder theory helps
explain why companies present sustainability messages in layered and selective ways. It also supports
analysing both the content and the quality of communication.

2.1.4 Signalling Theory

These strategic choices reveal themselves through language patterns. Signalling theory helps to ex-
plain the logic behind some of the language choices found in sustainability reporting. Spence [220]
originally developed the concept to describe how individuals and organisations use signals to commu-
nicate qualities that cannot be directly observed. In environmental reporting, these signals include
carbon neutrality claims, science-based targets, or polished report formats [150]. Companies can use
these tools to present a green image without making real progress [228]. That possibility is especially
relevant for this research, which considers not just the volume of sustainability communication, but its
substance and clarity. Signalling theory justifies looking beyond sentiment and frequency and focuses
on whether claims are supported by concrete evidence.

Together, these theories justify examining both performance data and communication quality to detect
greenwashing.

2.2 Performance Measurement

Building on the theoretical foundations that established greenwashing as a gap between performance
and communication, this section develops the framework for measuring actual environmental perfor-
mance. The previous chapter showed why companies might decouple their claims from reality. The
next challenge is finding reliable ways to measure what they actually do.

2.2.1 Measurement Challenges

Evaluating a company’s overall environmental performance is more complicated than it seems. Emis-
sion data should sit at the heart of environmental assessment [54]. But environmental disclosures often
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lack credibility, since managers control both the content and assurance process, resulting in limited
transparency [176]. There is a paradox here: companies are the main source of environmental data,
but their reports cannot be fully trusted.

Triangulating multiple data sources offers a possible solution. CDP has become the main source for
climate disclosures globally [118]. But there are checks and balances needed. Third-party validation
makes data more objective and reliable for academic research [132, 37]. Refinitiv Eikon (RE) stands
out due to its reliability and transparency, which make it suited for academic ESG studies [214]. When
discrepancies appear, proportional penalty models offer a fair way to handle the differences [75, 188].

2.2.2 Performance Components

The research literature points to five important dimensions for measuring environmental performance.

Emission intensity comes first. Major indices like MSCI and CDP prefer intensity metrics (emissions
relative to revenue or operation) over raw emissions because bigger companies naturally produce more
emissions [205, 78]. There is a need for standardised metrics for fair comparison, with tracking and
industry benchmarking [151, 54].

Target assessment tells only part of the story. Companies set targets that matter across multiple
dimensions: type, timeframe, and ambition level [55, 118]. Kemp, Pontikes, and Hawn [124] make
an important point: ambitious goals need transparency and accountability to be credible. Annual
tracking helps connect goals with accountability and established goal-setting theory [233, 185]. This
creates two separate measures: how well companies achieve existing targets (backward-looking) and
how ambitious their future targets are (forward-looking).

Transparency addresses information consistency across different environmental data sources. Trans-
parency drives actual environmental improvement because stakeholders with better information can
hold companies accountable for environmental performance [223]. When used as a governance tool,
transparency can push companies to cut back on environmentally harmful practices [22].

Renewable energy deserves attention for electric utilities. Adopting renewables improves environ-
mental performance and plays a central role in solving the energy crisis [101, 127]. In this sector,
shifting to renewable energy represents the most direct route to cutting emissions. Renewable per-
formance should cover multiple areas, supporting extra credit for companies making real transitions
[183].

Suspicious target changes raise a concern that is related. Vague or shifting targets serve as green-
washing strategies [231]. Companies frequently modify or soften ESG commitments [159] and remove
targets without explanation [118]. These missing data patterns link with poor overall reporting quality
[38].

2.2.3 Methodological Framework Approach

The literature gives us clear direction for putting each component into practice.

Emission intensity brings its own challenges. Outliers can throw off an analysis, as extreme values
lead to systematic bias in the data [129]. Trimming these extreme values resolves this [181]. The
scoring needs to reflect reality: companies hitting really high performance should not get massively
higher scores than good performers. Square root functions work well for this [14].

Target achievement needs careful handling. Progress tracking is a central part of good performance
evaluation. Metric-based methods give us a systematic way to measure performance against stated
goals [200].
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Target ambition assessment gets more interesting when there are real benchmarks. Verde et al. [234]
use the Science Based Targets initiative (SBTi) standards to assess European companies, SBTi shows
exactly what annual reduction rates companies need for 1.5°C alignment [206, 207]. Some companies
game the system by inflating their baselines [249], which exaggerates their progress. Using recent-year
performance as a reference provides a more accurate picture. Short- and long-term targets should be
treated separately, and normalisation in some form helps with creating fair comparisons [21]. When
translating this into scores, linear scaling helps maintain clarity and transparency [13].

Transparency can be measured by comparing self-reported and third-party verified emissions data.
As mentioned earlier, CDP could be a key source of self-reported data; RE could serve as the third-
party verified counterpart. Large gaps between these may indicate selective disclosure [132, 174]. Minor
differences may indicate different scope definitions or calculation methods [195]. Proportional scoring
should be applied and based on the magnitude of the discrepancies [75, 188].

Renewable energy metrics follow principles found in performance management approaches. Dual
frameworks are most effective, mixing structural factors like renewable capacity with procedural ones
such as investment commitments [80]. Absolute measures do not work well here. Comparative bench-
marking provides a more practical approach, especially when data availability is limited [53]. Within
consistent groups such as industry sectors, relative grading, similar to approaches used for emission
performance works well [8]. The scoring should encourage improvement [237], with effective metrics
being challenging but achievable [226].

Suspicious target changes require penalty scoring based on growing signs of reduced credibility
[221, 36]. Companies that rely on deceptive environmental claims, including target manipulation, face
increased regulatory penalties as transparency standards evolve [62].

2.2.4 Integration Considerations

Temporal aspects are very important when considering performance data, tracking changes over time
is always more revealing than looking at isolated moments [78]. It reveals trends and patterns that
single-year data cannot capture. Both spatial and temporal tracking improve reliability [239]. This
supports examining multiple years of data for performance trends.

2.2.5 Scoring and Weighting

Theoretical foundations support integrating performance components through structured approaches.
Relative scoring works better than absolute measures for fairness [198]. Companies may manipulate
targets to appear more successful when performance and goal-setting become "tightly coupled", a
behaviour known as sandbagging [126]. Breaking these dimensions apart helps prevent this problem.
Isaacs et al. [115] found something unexpected: ambitious goals actually reduce sandbagging. This
supports keeping target ambition separate from achievement.

Literature reveals clear component hierarchies. Emissions data sits at the centre of environmental
assessment, showing emission intensity plays the primary role [54]. Target achievement connects to
accountability theory [103]. Target ambition reflects commitment quality. Transparency supports
other dimensions but should not overshadow direct performance measures [51].

Weight assignment creates substantial challenges in composite environmental indicators [14]. Weight
effects are often misunderstood because correlation patterns among variables cause actual indicator im-
portance to differ from intended weights. This weight uncertainty needs a systematic solution. Instead
of picking arbitrary weights or using random sampling, constrained ensemble scoring generates every
valid weight combination within reasonable bounds [106]. This covers the entire feasible weight space
while respecting theoretical priorities through designed constraints. Each component gets bounded
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within sensible ranges, and hierarchy is connected to the theoretical relationships [201].

Systematic enumeration beats making single arbitrary decisions about uncertain parameters [92].
Constraint-based methods handle multiple theoretical priorities, avoiding claims of precision that are
not accurate [106]. Final scores combine all valid options, showing methodological uncertainty instead
of hiding it.

Bonus and penalty mechanisms need proportional scaling principles. These follow best practices that
recommend penalty-reward structures "correspond to weakness and effectiveness indices" with pro-
portional scaling [36]. Preventing both inadequate incentives and unstable score fluctuations while
maintaining interpretability ranges. Multiple sources support structured weighting approaches when
theoretical priorities exist [9]. Unequal weights work when priorities have explicit justification and
standardised scoring ranges support clarity [25].

2.3 Corporate Environmental Communication

The previous section established how to measure how companies perform environmentally. This section
will find theories that describe how companies communicate about their environmental performance.
This is more than only identifying untrue claims. It is about understanding the subtle techniques
companies use to influence perception through language use, timing, and repetition.

2.3.1 Theoretical Foundations for Communication Analysis

Corporate environmental communication goes beyond simple PR work. Sustainability reports have
become an important way in which companies formally share environmental information with investors,
regulators, and consumers [128]. Unlike marketing materials, these reports face legal requirements,
particularly under frameworks like CSRD and EU Taxonomy, which demand standardised, verifiable
disclosures [177]. This regulatory shift turns sustainability reports into legally important documents,
making them suited for academic and policy analysis [175].

Advanced corporate communication analysis needs more than only simple keyword counts or sentiment
measures. Keyword frequency and sentiment tools often miss message framing, temporal signals, and
consistency over time [121]. Researchers stress that message framing matters because how companies
present issues differently affects stakeholder interpretation [52]. The timing and frequency of sustain-
ability commitments shape how credible they seem and how engaged audiences are [154]. This evidence
shows that examining framing, timing, and consistency together captures the complexity of corporate
environmental communication better than basic content counts.

2.3.2 Performance-Communication Gap Foundation

Greenwashing happens when symbolic communication does not match actions [236, 84]. Companies
engage in selective disclosure, highlighting only the good news while hiding the less favourable de-
tails [140]. When companies dramatically increase their environmental communication while their
performance remains poor, this reflects greenwashing in its most problematic form [5, 141].

2.3.3 Multi-Dimensional Communication Analysis

As established in the literature review and Chapter 2.1, the gap between actual performance and
communication forms the core of greenwashing. But there is a problem: while the Delmas & Burbano’s
framework tells us what greenwashing is conceptually, it does not explain how to measure “positive
environmental communication” in practice. This creates an operational challenge.
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The literature reveals the need for multiple components. First, there is the mistake of focusing on just
one aspect. Nemes et al. [173] identified a critical gap: “we have not found any attempt in the academic
literature to give weights to the different indicators in greenwashing frameworks.” This suggests ex-
isting approaches oversimplify greenwashing as a single phenomenon when it’s actually multi-faceted.
Second, positive environmental communication itself has multiple dimensions. Regulatory frameworks
require companies to support claims with scientifically accepted evidence while restricting unsupported
aspirational claims [76, 71]. The EU Green Claims Directive requires “robust, science-based evidence”
while prohibiting vague environmental claims [67]. These requirements show that measuring commu-
nication quality involves multiple distinct elements. Third, certain communication patterns serve as
independent greenwashing indicators regardless of performance levels [76, 231, 117]. Finally, composite
indicator best practices support avoiding single-indicator dominance to prevent misleading scores [93].

2.3.4 Communication Strategies

Research identifies five distinct communication strategies that companies use to manage environmental
perception, as shown in Table 2.1 below.

Table 2.1: Communication strategies found in literature

Dimension Description
Sentiment manipulation Emphasising positive emotional language around environmental

topics.
Evidence manipulation Strategic use of substantiated “hard” disclosure versus

unsubstantiated “soft” disclosure.
Language vagueness Using vague or meaningless terms and avoiding concrete

commitments; however, appropriate hedging may also reflect
authenticity.

Temporal manipulation Making distant promises about environmental goals without
including near-term action plans.

Template replication Repeating similar language or structure across years, allowing
symbolic compliance without substantive communication changes.

These five strategies require distinct measurement approaches to capture their sophisticated imple-
mentation.

Performance-Communication Gap
This forms the foundation of greenwashing theory [236, 84]. Research shows this gap approach works
better for detecting greenwashing than alternative methods, with empirical evidence demonstrating
superior performance [15, 227].

Environmental communication theory identifies two core elements: sentiment framing and green com-
munication volume. When companies discuss environmental issues positively, it directly affects stock
prices and correlates with ESG ratings [16, 250]. Renewable energy and climate topics carry dis-
tinctly positive sentiment that shapes public perception [135]. Research shows that “receptivity to
green communication was the most important factor affecting green attitudes” [248]. It focuses on
“sustainability messages” and environmental content coverage, examining topics like climate, energy,
and sustainability [89].

Communication volume is grounded in selective disclosure theory, where companies reveal positive
environmental information while hiding negative aspects [140]. This mechanism requires sufficient
environmental volume density and vocabulary diversity to work because companies cannot selectively
disclose what they avoid discussing entirely. The approach captures the core greenwashing definition by
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combining green term density and sentiment with actual performance data. Adomßent and Godemann
[2] showed sentiment matters more than frequency for public impact.

Multiple empirical studies support this hierarchy across different contexts. Analysis of 42,000 news
headlines shows that sentiment scores shift considerably as time progresses independent of message
frequency [30]. Experimental data from environmental email campaigns reveal that messages with
negative sentiment generate much greater engagement, regardless of message frequency [105].

However, term frequency and vocabulary diversity both play a role in selective disclosure effectiveness.
Studies show that coverage and frequency of lexical items tend to predict information processing
better than vocabulary diversity, supporting frequency-based approaches [35]. Disclosure credibility
also increases through frequency and consistency rather than vocabulary diversity [247]. Vocabulary
diversity remains important, as it can shape how stakeholders interpret environmental disclosures by
signaling the effort and engagement behind communication [180, 119].

In cases where performance-communication gaps (PCG from here on) show low performance together
with green communication, applying amplification factors is necessary. According to Mariani and
Ciommi [144], amplification factors help reveal imbalances in composite scoring by scaling relative
variability. Following best practices for the robustness of the composite index, analysts often apply
moderate amplification factors (commonly around 1.3–1.5) to assess the sensitivity of results to scoring
thresholds [93].

Substantiation Quality
This operationalises Clarkson et al. [43]’s distinction between “hard” disclosure (numbers, evidence,
verifiable facts) and “soft” disclosure (aspirations, promises, unverifiable statements), finding that “hard
disclosure is more credible than soft disclosure.” Cho, Roberts, and Patten [39] show that “worse
environmental performers exhibit significantly more ‘optimism’ and less ‘certainty’ in their language.”
This linguistic pattern correlates with but exists independently of performance gaps.

This theoretical basis is supported by recent regulatory frameworks. The EU Green Claims Directive
defines clear hierarchical requirements for quantified, science-based evidence over aspirational claims
[70]. It requires “robust, science-based, and verifiable methods” supported by third-party verification.
Quantitative disclosures are associated with greater clarity of information and investor trust, showing
a preference for objective data over qualitative statements [156]. The Federal Trade Commission re-
quires competent and reliable scientific evidence for environmental claims, with thorough substantiation
needed for unqualified claims [76].

Language Clarity
Studies repeatedly show that vague language is a form of greenwashing that creates scepticism and
damages authenticity [231, 84, 252, 203]. The pattern appears across industries, with vague wording
such as “eco-friendly” and “green” that mean nothing concrete [209, 26]. Vague claims reduce consumer
trust regardless of actual performance verification [57, 117].

But legitimate companies use cautious language to avoid over-promising. Hedging expresses appropri-
ate uncertainty, which is essential for credible scientific communication [235, 111]. Li and Chen [136]
show hedging correlates with credibility expectations across cultures. When companies choose their
words carefully, they build stakeholder trust [153, 186, 204].

Separating vague language from legal hedging is empirically validated. Using four-metric models to
distinguish vague language from legal hedging, Capetz et al. [32] achieved 86.34% accuracy in detecting
greenwashing. This shows that hedging can indicate sincere environmental claims.

Temporal Orientation
Montgomery, Lyon, and Barg [159] identified companies making impressive net-zero promises for 2050
while not making any (recent) progress. The United Nations 2024 warns these distant claims deceive
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without short-term plans. Without near-term goals, long-term commitments lack credibility [102].
Real commitment requires long-term pledges paired with detailed short-term actions and milestone
tracking Oxford Net Zero [182] and UN High-Level Expert Group on Net Zero Emissions Commitments
[230]. When companies fail to meet environmental promises, this links directly to greenwashing and
legitimacy loss [100, 225].

Research on temporal framing supports the relative importance between focussing on the future and
mentioning specific timelines. When companies operate in languages that clearly separate future
and present tenses, they tend to invest less in future-focused activities like sustainability [137]. How
companies communicate about the future affects what stakeholders expect, particularly when language
does not match present actions. Messages that create fear work better when focused on the short-term,
while hopeful messages need specific timelines instead of vague future promises [110]. Environmental
messages that reference the past rather than the future boost both credibility and people’s willingness
to act, showing the importance of how much timeline reference [11].

Reporting Consistency
Choi, Chung, and Young [41] discovered companies systematically repeating structure and content
across years, suggesting symbolic rather than substantive reporting. [240] analysed over 10,000 sustain-
ability reports and found widespread boilerplate language that correlated with ESG rating problems.
[42] found half of US companies use generic, repetitive language in ESG filings. Audits check facts but
ignore how communication quality develops over time [107]. This allows companies to meet disclosure
requirements through unchanged reporting while failing to show genuine progress.

Recent NLP research shows the need for separate cross-year similarity from sentence-level repetition.
Kang and Kim [121] found that sentence similarity methods using Sentence-BERT models work much
better than keyword matching for detecting actual content changes. Their 10-year analysis uncovered
“monotonous thematic patterns” in sustainability reports, suggesting companies use symbolic rather
than actual reporting. When analysing similarity across years, companies often repeat the same themes
rather than advancing their environmental commitments. Sentence-level analysis then backs this up
by revealing template or boilerplate-based communication.

2.3.5 Weight Allocation

Within each communication dimension, components need weights that reflect their relative importance.
The problem is straightforward: academic literature gives no guidance for weighting indicators in
greenwashing frameworks Nemes et al. [173]. This creates tension between theoretical precision and
empirical reality.

Some directional priorities do exist in the literature. Sentiment matters more than frequency in en-
vironmental communication [2, 248]. Hard disclosure works better than soft disclosure [43]. Vague
language poses greater greenwashing risk than legitimate hedging [32]. These studies show direction
but not magnitude, for weighting.

Using structured weight patterns based on evidence strength offers a balanced approach. When liter-
ature shows clear but moderate preference, 60–40 splits reflect the hierarchy. Sentiment gets priority
over frequency, but frequency is still important for selective disclosure theory [140]. Stronger evi-
dence supports 70–30 splits. Vague language outperforms hedging in greenwashing detection based on
empirical validation. The European Commission (EC) supports structured weights when theoretical
priorities exist rather than equal weighting by default [64]. Effective weighting must reflect component
importance systematically [25]. The ratios correspond to the intended splits: 60–40 equals 1.5 to 1
importance, while 70–30 is about 2.3 to 1.

Significant challenges exist with optimal weight combinations. Literature offers directional guidance
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on component importance but stops short of providing exact numerical weights. Expert consultation
rounds could establish validated weight structures for broader applications, yet this falls beyond thesis
research boundaries. The 60–40 and 70–30 weight allocations for electric utility analysis reflect choices
grounded in available literature while recognizing the constraints of thesis research. These selections
draw from theoretical evidence where possible but necessarily incorporate research limitations where
empirical precision remains unavailable.

Fundamental limitations remain. The optimal weight combinations remain unknown, making sensi-
tivity analysis necessary to test robustness [201]. Greco et al. [93] demonstrate that mixing weighting
methods across analysis levels proves to effective.

2.3.6 Component Integration in Greenwashing Detection

The communication analysis requires a method to combine the five mentioned dimensions into a single
greenwashing score that reflects their relative importance in theory. The PCG represents the basic
mismatch between what companies actually do and what they communicate [236, 84]. Research shows
this gap approach outperforms other greenwashing detection methods [15, 227]. But as discussed
before: the gap alone is not enough. Additional components help the GRAT function properly. Strong
evidence supports placing substantiation quality second in importance [43, 39].

Beyond these two priorities, weighting becomes a difficult task. Nemes et al. [173] could not find
guidance in existing literature for how to weight different GRAT components. Communication quality
dimensions lack clear theoretical hierarchies beyond substantiation quality’s established role. The
uncertainty about appropriate weights could undermine validity if handled poorly.

This weight uncertainty problem in greenwashing detection reflects the same challenges seen in the
performance component integration in Section 2.2.5. Communication analysis faces more theoretical
ambiguity than performance measurement. The greenwashing literature gives us little direction on
how to weight different components, except for the priorities mentioned.

This uncertainty makes greenwashing detection well suited for the constrained ensemble approach
established in Section 2.2.5. When theoretical guidance falls short, systematically exploring valid weight
combinations becomes necessary. Greenwashing frameworks need transparency about methodological
uncertainty rather than false precision through arbitrary weight selection [93]. The ensemble approach
recognises that multiple reasonable weighting methods can exist while still maintaining theoretical
constraints where evidence supports them [106]. This hybrid approach aligns with Greco et al. [93]
findings established in Section 2.3.5, showing that ensemble methods effectively handle framework-level
uncertainty while fixed weights manage subcomponent allocation. Guidelines from the OECD 2008
recommend uncertainty analysis for composite indicators to test robustness. Constraint-based methods
handle multiple theoretical priorities, avoiding claims of precision that are not accurate [106]. Final
scores combine all valid options, showing methodological uncertainty instead of hiding it.

2.3.7 Sector Considerations

Electric utilities work differently than other sectors. Their regulated status creates unique stakeholder
relationships, driven primarily by compliance rules and institutional checks instead of competitive
pressure [140, 49]. Long asset lifecycles create tension between short-term regulatory demands and long-
term infrastructure planning. This makes future-oriented communication more structurally embedded
in how utilities operate [216, 108].

Given these specific features, it is necessary to take a more specific approach regarding their environ-
mental communication patterns. Utilities often adopt standardised, technically dense reporting formats
that differ from the narrative styles seen in consumer-facing industries [112, 40]. This structural differ-
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ence affects how they communicate about environmental issues and what patterns researchers should
look for when analysing their reports.

2.4 Technical Framework

The multi-dimensional communication analysis framework developed in Section 2.3 creates a practical
challenge: how can researchers systematically analyse five distinct communication dimensions across
hundreds of corporate sustainability reports? This section establishes the theoretical foundation for
computational approaches that make such analysis feasible while maintaining a scientific foundation.

2.4.1 Computational Needs

The framework established in Section 2.3 requires analysing the different dimensions simultaneously
across large document sets. Traditional manual content analysis cannot handle this scale. Human
coding approaches face severe scalability limits when dealing with massive modern datasets [229].
Modern research takes an “N = all approach” because computational analysis proves more cost-effective
than human coding [229].

Manual coding is prone to personal bias and time constraints that compromise reproducibility and
limit analytical scope [246]. Computational text analysis applies the same rules in the same way every
time, eliminating inter-coder variation while creating transparent, repeatable workflows [79]. With
the increasing amount of corporate sustainability reporting, manual analysis methods are no longer
practical [190].

For these reasons, NLP is now widely used in corporate communication research. NLP methods make
it possible to evaluate in a consistent way with consistency and level of detail in the analysis that
manual coding cannot match across large document sets [190]. Computational analysis can reveal
“manipulative or strategic language” patterns that are easy to miss without automation, especially for
the subtle linguistic strategies identified in Section 2.3 [116]. Over 60 studies now use NLP to de-
tect misleading climate communication, showing broad agreement among researchers that automation
supports attempts to address greenwashing [251].

2.4.2 Human-AI Collaboration

Computational approaches are most effective when paired with expert human judgment. An “expert-
in-the-loop” approach, combining domain expertise with computational models leads to more accurate
classification of environmental reports. [104]. Automated text mining saves time although it still
depends on expert judgment to set categories, check results, and interpret findings [104].

Hybrid setups pair the speed of computation with human insight, providing accuracy through close
monitoring. [142]. This approach keeps researchers “in the loop” by having them verify results, fine-
tune the models, and help shape the overall approach [152]. Collaboration helps capture the finer
points of the topic accurately.

2.4.3 Rule-Based Methods

When analysing sector-specific corporate claims in compliance contexts, rule-based systems with clearly
defined logic are often preferred over machine learning models due to their transparency and suitability
for regulatory interpretation [83, 199]. Rule-based approaches support the integration of targeted
knowledge specific to the sector, making their outputs easier to audit and explain [85, 83].

General-purpose machine learning models present different challenges. They may uncover spurious
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correlations or overfit to irrelevant patterns, while rule-based models aim to apply regulatory guidelines
and keep consistent reasoning [99]. This transparency builds trust and allows for independent checks.
Important when legal accountability or public scrutiny is involved [199].

Practitioners in healthcare and finance confirm this preference. Studies show that rule-based classifiers
are often chosen when interpretability, verification, and sector relevance matter most [3, 212]. Domain-
specific language models like ClimateBERT extend this framework further. They incorporate context-
sensitive sentiment analysis tailored to climate-related communication, addressing the limitations of
general sentiment tools in specialised domains [242].

It allows communication theory to be applied broadly without losing clarity and sectoral relevance.
The advanced communication analysis theory developed in Section 2.3 can be implemented reliably
with the transparency that regulatory contexts demand.

2.5 Tool Validation

The GRAT developed through sections 2.1–2.4 creates the need for rigorous validation. This hybrid
approach requires a validation design to handle its methodological complexity.

2.5.1 Validation Approach for Hybrid Frameworks

When frameworks integrate multiple dimensions, validation becomes particularly challenging. Frame-
works built from concepts that cross disciplinary boundaries require careful validation design [158]. The
complexity comes from having to validate both quantitative performance measurements and qualitative
communication pattern recognition.

This applies directly to greenwashing detection. The GRAT created in this research treats greenwashing
as both a performance gap and a communication quality issue. Performance components require
statistical testing against objective benchmarks [192]. Communication components need interpretive
validation that checks whether linguistic pattern detection works [91, 208].

Documented greenwashing cases provide an external validation approach that addresses both require-
ments simultaneously. Real-world accusations test whether the GRAT can identify actual greenwash-
ing behaviour while validating both performance calculations and communication pattern recognition
against expert decisions. This approach tackles both measurement validity and interpretive validity
through a single, robust validation method [91].

2.5.2 External Validation Through Documented Accusations

Documented greenwashing accusations from credible sources offer objective validation benchmarks for
greenwashing detection [109]. These cases represent expert decisions that specific companies engaged
in greenwashing. Creating “ground truth” data for testing accuracy [109].

This approach addresses a core problem in greenwashing research: assessing criterion validity despite
the lack of a perfect comparison standard [1]. Documented accusations provide the most reliable proxy
for identifying greenwashing objectively. Companies facing serious greenwashing accusations become a
known positive control indicator. Companies with strong environmental reputations and clean records
serve as negative control indicators. Whether the GRAT can distinguish between these groups provides
direct evidence of discriminant validity. Statistical testing becomes necessary to determine whether
observed score differences between groups reflect true discrimination rather than random variation
[171]. This real-world testing connects theoretical work from sections 2.1–2.3 with practical outcomes
that is important for stakeholders.
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2.5.3 Limitations of Existing External Validation Approaches

Greenwashing detection frameworks face validation challenges because established measurement stan-
dards do not exist for the utility sector. ESG ratings are the most widely used sustainability metrics
available, but research shows they are not suitable for validating greenwashing [123]. ESG scores cap-
ture how companies communicate their environmental efforts rather than their actual environmental
impact [123].

The London Stock Exchange Group (LSEG) methodology demonstrates this problem. Their scores
weight industry materiality and disclosure transparency heavily instead of verified environmental out-
comes [138]. Companies with high ESG scores actually face more greenwashing accusations [123].
ESG scores correlate positively with apparent performance but negatively with real environmental
performance. ESG ratings therefore cannot serve as reliable greenwashing detection benchmarks.

Academic approaches focus on disclosure-performance gaps [173] but miss the multi-dimensional com-
munication analysis central to this research. These limitations make validation through documented
real-world cases the most appropriate approach for testing greenwashing detection accuracy.

2.5.4 Internal Validation

Any combined indicator requires systematic testing to verify reliability and robustness [178, 201]. A
tool such as the one in this research which combines multiple components with different weights,
could make results sensitive to methodological choices. Sensitivity analysis reveals quality and ranking
reliability [201]. Weight variation testing shows how component weight changes affect final scores and
company rankings. When small weight adjustments cause dramatic changes in results, the GRAT lacks
robustness [157]. Stable results across different weight ranges build confidence [178]. When guidance
on weighting is limited in the literature, mentioned in 2.3, thorough testing becomes important to
validate reliable results.
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3 Methodology

This chapter turns the theoretical foundations and frameworks from chapter 2 into a practical research
design for creating a tool that detects greenwashing among electric utility companies within Europe.
The approach builds on Delmas and Burbano [48] PCG concept while adding the multi-dimensional
communication analysis dimensions.

Figure 3.1 shows the six-stage research design: sample selection, data collection, performance analysis,
communication analysis, integration, and validation. The process starts with companies that appear
in CDP datasets and RE for 2021 and 2022. Performance analysis measures different components and
combines them using constrained ensemble methodology. Communication analysis examines the di-
mensions through NLP methods. Both of the streams feed into integration using constrained ensemble
methodology before final validation through legal cases and ESG benchmarking.

Figure 3.1: Overall Methodology Design

The methodology directly addresses each research question through specific analytical pathways. RQ1
asks “what environmental performance variations exist among European electric utility companies based
on systematic analysis of their available sustainability data?” This question is answered through the
performance analysis stage.

RQ2 asks “what multi-dimensional communication patterns characterise environmental disclosure in
European electric utility companies?” The communication analysis addresses this by applying NLP
methods based on the conceptual framework to sustainability reports.

RQ3 asks “what greenwashing risk patterns are revealed when environmental performance and com-
munication characteristics are analysed together?” The integration stage addresses this by combining
performance scores with communication dimensions, revealing risk patterns that neither analysis cap-
tures alone.

The main research question about “what greenwashing risk assessment tool can be developed ...” is
answered through the complete research process. It results in a usable tool with clear application
guidance and early validation that shows promising potential.
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3.1 Research Design and Sample Selection

The research design and sample selection establish the foundation for systematic data collection across
multiple sources.

3.1.1 Sample Selection Criteria

Sample selection is based on data availability, ensuring all parts of the GRAT are well covered. Com-
panies must appear in CDP datasets, RE Data, and have accessible English sustainability reports. All
this for both years (2021-2022). The years 2021 and 2022 were selected because CDP data for these
years was available when the research began. Using an intersection approach guarantees complete data
for both performance measurement and communication analysis components developed in Chapter 2.
Within the CDP datasets, 43 companies list “power generation” as their primary industry and indicate
a European country as their “Country/Area”, reflecting the location of each company’s headquarters or
registered office. The 43 companies operate in countries either within the EU or closely connected to
EU environmental policy frameworks as a result of regulatory harmonisation influenced by the Brus-
sels effect [12]. Most companies operate in countries that extend beyond formal EU borders, but their
regulatory connections make them relevant for European policy analysis.

Both 2021 and 2022 CDP data must be available for temporal analysis. Chapter 2.2.4 shows that
tracking changes over time reveals trends and patterns that single-year data misses, improving relia-
bility for performance assessment [78, 239]. While this requirement reduces the available sample, it
supports the detection of performance shifts over consecutive years changes that are important to this
component of the GRAT.

Finding external third-party data proved to be challenging. Multiple database searches revealed lim-
ited coverage for most companies when looking for consistent datasets. The RE data stream covered
27 of the 43 CDP companies with sufficient information for both years. Further screening showed
that 17 companies had complete data across CDP, RE, and sustainability reports. However, three of
these reported market-based scope 2 emissions instead of location-based ones in their CDP disclosures.
Because the GRAT needs consistent emission methods for fair comparison, this reduced the final us-
able sample. Data constraints shaped the final sample selection, illustrated by the feedback loop in
Figure 3.1. All chosen companies have complete and consistent information across three sources: CDP
(self-reported metrics), RE third-party verified data, and sustainability reports for the full two-year
period. However, this approach creates systematic bias, as sample selection was driven entirely by data
availability rather than representativeness. Only companies with complete data across all three sources
were included, which may introduce selection effects where companies with better data management
practices also exhibit different greenwashing behaviours compared to the broader sector. The impli-
cations of this systematic bias between data management quality and environmental communication
patterns are discussed further in Chapter 6.

3.1.2 Final Sample Composition

Based on the data constraints outlined in Section 3.1.1, the final sample consists of 14 electric utility
companies within Europe with complete CDP, RE, and sustainability report coverage for both 2021 and
2022. The companies represent diverse business models spanning vertically integrated utilities, renew-
able energy specialists, and infrastructure investment companies across multiple European countries
plus Turkey. See Appendix A for complete company descriptions and characteristics.

The sample shows substantial variety in company characteristics while maintaining data completeness
across the core GRAT dimensions. Despite the data-constrained sample size, these 14 companies span
different business model categories and geographic locations within Europe. This provides a foundation

24



for testing the GRAT across the varied organizational contexts present within this specific sample.

3.1.3 Temporal Scope Selection

The two-year analysis period (2021-2022) addresses specific requirements for detecting greenwashing
through temporal dynamics rather than single-point measurements. To clarify: the 2021–2022 period
refers to the two full reporting years, covering all of 2021 and 2022. All 14 companies follow the same
reporting timeframe, from January 1st to December 31st for both years. Greenwashing detection ben-
efits substantially from examining changes over time, as companies may engage in selective disclosure
and target manipulation that becomes visible through temporal analysis of corporate commitments
and their modifications over time. A two-year period offers enough data to spot these patterns while
keeping the analysis practical and not too complex.

Literature on temporal dynamics in greenwashing detection supports multi-year approaches for several
reasons. Montgomery, Lyon, and Barg [159] show that companies use “uncertainty about the future
as a vehicle for greenwashing by pledging future action that may never arrive,” demonstrating the
importance of tracking commitments over time. According to Jørgensen et al. [118], corporate emissions
goals are often undermined by weak accountability: with “320 (31%) disappeared” targets and limited
stakeholder oversight of target modifications. The timing and frequency of sustainability commitments
shape how credible they seem, requiring temporal analysis to assess consistency [154]. Two years allow
for trend analysis while reducing single-year anomalies that might affect the accuracy of the GRAT’s
results.

The 2021-2022 period also provides important regulatory context as a pre-CSRD implementation base-
line. The CSRD started in 2024, making this analysis period representative of corporate environmental
communication before standardised EU reporting requirements took effect. This period provides im-
portant understanding of voluntary disclosure behaviours before mandatory frameworks/rules were
introduced, providing a baseline for understanding how utilities communicated environmental infor-
mation without regulatory standardisation. Future research can use this period as a reference point
for measuring changes in communication patterns following CSRD implementation. It is important to
note that the analysis period coincides with the COVID-19 pandemic, a factor that may have shaped
both corporate activity and disclosure practices. This transitional context may influence both envi-
ronmental performance metrics and communication strategies, affecting the interpretability of results.
Chapter 6 further addresses how this transitional period impacts the findings.

3.2 Data Collection Methods

With the research design and sample selection established, the methodology proceeds to data collection
procedures across multiple sources.

3.2.1 Environmental Data Sources

Chapter 2.2.1 established the theoretical need for using multiple data sources to address the credi-
bility paradox in environmental reporting. This section operationalises that approach by collecting
performance data from both self-reported (CDP) and third-party verified RE sources, following the
conceptual framework.

CDP Data Source
CDP has become the main source for climate disclosures globally [118]. The supervisor provided
only the requested CDP question tabs instead of the full dataset. These targeted sections contained
emissions data, target information, and financial metrics needed for the GRAT performance measure-
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ment. This source delivers the self-reported performance metrics required for transparency comparison
outlined in the conceptual framework.

Refinitiv Eikon Data Source
RE provides the third-party verified component of the data approach. RE offered a solution due to its
reliability and transparency in academic ESG studies, as noted in Chapter 2.2.1 [214]. Environmental
performance data was retrieved through the SUSFIN category in RE Datastream. This dataset includes
manually verified sustainability metrics from company reports: Scope 1 and Scope 2 emissions (ton
CO2e), emission intensity, reduction targets, target years, reduction percentages, and renewable energy
data across multiple years. Trained analysts extract and harmonise over 400 ESG indicators, making
sure results are comparable between industries without relying on modelled estimates [193].

Scope 3 Exclusion
Scope 3 emissions were excluded due to inconsistent calculation methods and data quality issues
across both CDP and RE datasets. There is a risk that companies shift emissions to their supply
chains rather than reducing their actual impact. Due to reporting variation, these patterns cannot be
reliably compared. These limitations and their effects on greenwashing detection are discussed further
in Chapter 6.

3.2.2 Sustainability Report Collection

To examine corporate environmental communication, sustainability reports provide a valuable data
source. These reports have become companies’ primary way to formally share environmental informa-
tion with investors, regulators, and consumers [128]. While CSRD and EU Taxonomy now demand
standardised, verifiable disclosures [177, 175], the 2021-2022 study period preceded these requirements.
Sustainability reports during this timeframe still represented companies’ main formal environmental
disclosure vehicles, making them relevant for communication analysis despite a potential lack of formal
report taxonomy.

All sustainability reports were downloaded as PDF directly from company websites for both 2021
and 2022 (report sources listed in Table B.1, Appendix B). Since CSRD taxonomy requirements had
not yet taken effect during this period, companies used varied report titles including “integrated re-
ports”, “ESG performance reports”, and “sustainable development reports”. Selection criteria focused
on identifying the main environmental disclosure document for each company-year: the longest, most
complete and report containing environmental information, regardless of specific title or format. All
collected reports were in English, meeting the language requirement established in section 3.1. Re-
port length varied across companies. Document lengths ranged from more concise focused reports to
extensive integrated disclosures. These structural differences reflect the pre-standardisation reporting
landscape that characterises the study period, before CSRD implementation created uniform disclosure
requirements.

3.2.3 Data Processing Steps

Data preprocessing transformed raw inputs from multiple sources into standardised datasets suitable for
the integrated greenwashing risk analysis. This section details the cleaning and extraction procedures
applied to CDP performance data, RE validation processes, and sustainability report text extraction,
addressing data quality challenges identified in Chapter 2.2.1’s performance measurement component
of the GRAT.

3.2.3.1 CDP Data Extraction

CDP data represents the self-reported component. Even with partial data, the CDP dataset exceeded
Excel’s capacity and required Python-based extraction. After filtering for the 14 sample companies
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(explained in 3.1.1), five key data elements were extracted to capture the performance measurement
components needed from this dataset.

Specific CDP disclosure sections supported the performance component of the GRAT directly. Re-
porting period dates (C0.2) ensured temporal alignment. Scope 1 and Scope 2 emissions in ton CO2e
(C6.1 and C6.3) provided the foundation for emission intensity calculations, with location-based Scope
2 reporting verified for consistency. Scope 3 emissions were excluded due to sector-specific relevance
limitations and inconsistent calculation methods across the CDP and Eikon datasets, as mentioned
before. Intensity metrics (emissions relative to revenue or operation) are preferred over raw emissions
because larger companies generally produce more emissions [205, 78]. The emission intensity data
from the C6.10 tab addressed this issue: most companies reported revenue-based intensity measures,
allowing revenue to be deducted where available. For companies using alternative intensity denom-
inators, RE revenue data filled the remaining gaps. Reporting currency information (C0.4) enabled
standardised conversion to US dollars. Currency standardisation allowed for cross-company compara-
bility, as there is a need for standardised metrics for fair comparison [151]. Historical exchange rates
from FXTOP [86] provided yearly averages for each relevant currency pair, as shown in Table 3.1.

Table 3.1: Historical conversion to US$ (source: FXTop, n.d.)

Currency 2021 Rate (to US$) 2022 Rate (to US$)
NOK 0.116 0.104
CZK 0.046 0.043
EUR 1.183 1.053
PLN 0.259 0.225
CHF 1.094 1.048
DKK 0.159 0.142

By using this approach, a consistent financial foundation was set for emission intensity and revenue-
based metrics.

3.2.3.2 Refinitiv Eikon Data Extraction

Using RE data is supporting the transparency assessment outlined in Chapter 2.2.1. Access of RE
Datastream was obtained by Erasmus University Rotterdam via the ’SUSFIN’ category. Individual
company searches led to ESG data sections, where ESG statements covering five years were downloaded
as Excel files. This process captured ESG data for 27 European utilities, including all 14 sample
companies plus sector comparators.

Python scripts extracted data across three years: 2020, 2021, and 2022. The 2020 data proved necessary
for tracking emissions progress and detecting target changes (see section 3.3). Eight specific metrics
supported different performance components:

• Data collection period, temporal alignment across companies

• Auditor name, verification context for reliability assessment

• ESG combined score, validation purposes for external benchmarking

• Total Energy Use / Million in Revenue $ & Energy Use Total, revenue calculation for
companies missing CDP financial data

• Total Renewable Energy, renewable energy component support with intensity calculations
removing unit dependency
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• Emission Reduction Target Percentage, reduction goals for forward-looking ambition as-
sessment

• Emission Reduction Target Year, target completion timelines for ambition evaluation

• Total CO2 Emissions (ton CO2e) / Million in Revenue $, scope 1+2 emission intensity
for CDP transparency comparison detailed in section 3.3

3.2.3.3 Sustainability Report Cleaning

Extracting raw text from the sustainability reports required extra processing. Several reports used a
two-column layout, which caused standard PDF-to-text extraction tools to read across the page from
left to right, jumping between columns and scrambling sentences. Shen et al. [210] describe this issue
and propose layout-aware extraction as a solution. Based on their approach, the reports were processed
using SpaCyLayout, a layout parser designed to preserve reading order in structured PDFs.

Running SpaCyLayout came with a cost. Each report took around 30 minutes to process. To avoid
repeating this step, all extracted text was saved as .txt files. The parser worked for most reports, but
a few outputs included scrambled characters or symbols instead of normal letters. These encoding
errors had to be corrected manually by mapping incorrect characters back to their intended form.
Character replacements were followed by a few final cleanup steps. Double spaces were removed, and
inconsistent spacing in chemical terms like “CO 2” was fixed to “CO2” to avoid token splitting during
NLP processing (see section 3.3). Since SpaCy sees spaces as separate tokens. These fixes ensured the
cleaned final .txt files were suited for further analysis.

3.3 Measuring Environmental Performance

The collected performance data now requires operational transformation into standardised environ-
mental performance scores through systematic implementation methods.

3.3.1 Calculating Performance Scores

This section translates the performance measurement theory from the conceptual framework into prac-
tical score calculations. Each environmental performance component is converted into a numerical score
between 0 and 100 using theoretically grounded formulas. This avoids normalisation within the sample,
limits the influence of outliers, and keeps scores related to actual performance. The scoring follows
a constrained ensemble weighting structure that systematically explores all valid weight combinations
of the components while maintaining the theoretical hierarchy established in Chapter 2.2.5. An ad-
ditional renewable energy bonus (up to 10 points) and a penalty for suspicious target changes (up to
–10 points) are applied separately. The ensemble weighting approach reflects the theoretical priorities
developed in Chapter 2.2 and will be explained in the next section (3.3.2).

3.3.1.1 Emission Intensity

Emission intensity forms the core of the performance score, as supported by ESG benchmarks and
academic studies [54, 205]. To allow comparison across companies of different sizes, total Scope 1 and
2 emissions (in ton CO2e) were divided by revenue (in million US$) for each year. This avoids the
bias that comes with using absolute emissions [78]. Most revenue data came from RE; when missing,
values were filled in using CDP disclosures.

To evaluate relative performance, each company’s emission intensity (Scope 1+2 per revenue) was
benchmarked against the sector average. This sector baseline was derived from a 27-company European
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utility dataset, including the 14-sample companies and 13 other companies from this sector. A ratio
was calculated to determine how far each company varied compared to the benchmark:

Ratioi,y =
EmissionIntensityi,y
IndustryAveragey

(3.1)

where:

• Ratioi,y = emission intensity ratio for company i in year y

• EmissionIntensityi,y = Scope 1+2 emissions per revenue for company i in year y

• IndustryAveragey = sector average emission intensity in year y

Companies performing 50% better than the average (ratio ≤ 0.5) received the full 100 points. Those
emitting at least twice the average (ratio ≥ 2.0) received zero points. For companies in between, a
square root decay function was applied. This approach follows Becker, Robertson, and Vandenberg [14],
who show that square root scaling reduces score distortion caused by outliers while keeping meaningful
performance differentiation:

Scorei,y =


100 if Ratio < 0.5

0 if Ratio ≥ 2.0

100×
(
1−

√
Ratio−0.5

1.5

)
otherwise

(3.2)

where:

• Scorei,y = emission intensity score for company i in year y (0-100)

• Ratio = emission intensity ratio from previous equation

This method ensures higher points for well-performing companies while remaining lower scores for
underperformance. It reflects the theoretical guidance that outliers should not drive overall scores
[181, 129], and that reward scaling should be realistic and interpretable across companies [14].

3.3.1.2 Goal Achievement

This component assesses whether companies stated targets are actually in line with lowered emissions
compared to previous year emissions. It is a backward-looking measure that links targets to real
progress, reflecting the accountability aspect of goal-setting [233, 185]. Actual progress was calculated
as the percentage of reduction in Scope 1 and 2 emissions (in ton CO2e) compared to the previous
year. Expected progress was based on the company’s own reduction target, divided evenly across the
years from the baseline to the target year. This gives the annual reduction rate the companies would
need to follow to stay on track [200].

This creates a direct comparison between what companies claimed they would achieve and what they
actually achieved. The formulas are:
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ActualProgressi,y =

(
Ey−1 − Ey

Ey−1

)
× 100 (3.3)

ExpectedProgressi,y =
TargetReductioni,y

TargetYeari,y − BaselineYeari,y
(3.4)

AchievementRatei,y =

(
ActualProgressi,y

ExpectedProgressi,y

)
× 100 (3.5)

where:

• ActualProgressi,y = actual emission reduction percentage for company i in year y

• Ey−1, Ey = emission intensity in previous year and current year respectively

• ExpectedProgressi,y = expected annual reduction rate based on stated targets

• TargetReductioni,y = total reduction percentage target for company i in year y

• TargetYeari,y = target completion year for company i in year y

• BaselineYeari,y = baseline year for target calculation

• AchievementRatei,y = ratio of actual to expected progress (percentage)

Scores were based on how closely companies tracked to their target trajectory. Perfect tracking (100%)
was not required for full points; companies exceeding expectations received the maximum score if their
achievement rate was 200% or higher. This approach led to a more balanced distribution of scores. A
company making no progress received zero. The score was scaled linearly within these limits, following
recommended practices for clarity and comparability [13]:

Scorei,y =


100 if AchievementRate ≥ 200

0 if AchievementRate ≤ 0

100×
(AchievementRate

200

)
otherwise

(3.6)

where:

• Scorei,y = goal achievement score for company i in year y (0-100)

• AchievementRate = achievement rate from previous equation

By rewarding steady advancement on long-term goals, this approach reflects goal-setting principles
and ensures clear understanding across different emission paths [118, 233].

3.3.1.3 Target Ambition

This component looks at how ambitious companies are in their forward-looking emissions targets. It
uses the target year and the stated reduction percentage (from RE) to measure the annual improvement
that the company intends from this year forward. Separating this dimension from achievement prevents
rewarding companies that set low targets (in order to receive a high achievement rate) while penalising
those with ambitious targets who have not (yet) reached them [115]. It also helps prevent inflated
overall scores when companies set low-effort targets and then outperform them. This reduces the
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risk of scoring benefits from strategic under-commitment, a tactic linked to sandbagging and target
manipulation [249, 115].

To calculate ambition, the reduction percentage was divided by the years left until the target year, with
the current year (2021 or 2022) as the baseline. This prevents companies from appearing ambitious by
setting long-term targets early and then take minimal action to follow up [249].

TargetIntensityi,y =
TargetReductioni,y

TargetYeari,y − y
(3.7)

where:

• TargetIntensityi,y = annual reduction intensity target for company i in year y

• TargetReductioni,y = total reduction percentage target for company i in year y

• TargetYeari,y = target completion year for company i in year y

• y = current assessment year (2021 or 2022)

As an example for TargetY ear: a 50% reduction target by 2030 would mean a 6.25% decrease per
year if stated in 2022 (y = 2022).

To convert this into a score, a linear scale was applied, giving full points to companies aiming for at
least 10% annual reduction, aligned with pathways that meet science-based climate goals [206, 234].
Companies setting targets below 1% annual reduction received very low scores, and those with no
forward-looking targets scored zero. The formula is:

Scorei,y =


100 if TargetIntensity ≥ 10

0 if TargetIntensity ≤ 0

100×
(

TargetIntensity
10

)
otherwise

(3.8)

where:

• Scorei,y = target ambition score for company i in year y (0-100)

• TargetIntensity = annual reduction intensity from previous equation

The scaling keeps the score interpretable while encouraging companies to set goals that are both
challenging and constrained by time [13, 21]. It also addresses the manipulation risks described in
Chapter 2, where companies may inflate baseline years or stretch timelines to make minimal progress
appear substantial [118, 249].

3.3.1.4 Transparency

This component checks how closely a company’s self-reported emissions match third-party verified
data. CDP and RE both provide Scope 1 and 2 emission intensities. Comparing these two sources
helps uncover potential signs of selective disclosure, as suggested by Li et al. [134] and Network for
Greening the Financial System [174]. Minor differences are expected, but larger gaps raise questions
about reporting credibility, due to potential underreporting.

The comparison was performed using the following formula:
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Changei,y =

(
CDPi,y − Eikoni,y

CDPi,y

)
× 100 (3.9)

where:

• Changei,y = percentage difference between self-reported and third-party data

• CDPi,y = self-reported emission intensity from CDP for company i in year y

• Eikoni,y = third-party verified emission intensity from Refinitiv Eikon

If the result was zero or positive, the company received full points for that year. This means they
either reported more emissions to CDP than what appeared in Eikon, or their data was consistent.
When the third-party value was higher, the score decreased. If Eikon emissions were 50% or more
above the CDP value, the company received zero. In between, a linear scale applied:

Scorei,y =


100 if Change ≥ 0

0 if Change ≤ −50

100×
(

Change+50
50

)
otherwise

(3.10)

where:

• Scorei,y = transparency score for company i in year y (0-100)

• Change = percentage difference from previous equation

This method uses the proportional penalty scoring logic as recommended by Fan and Li [75] and Plaehn
[188]. It allows some flexibility for minor mismatches while still penalising cases where the reported data
appears incomplete. Since transparency supports the reliability of the other performance measures, it
is scored separately but with less weight, consistent with its supporting role in Chapter 2 [51].

3.3.1.5 Suspicious Target Changes Penalty

This component penalises companies that change their emissions targets in ways that may undermine
trust. It captures actions such as not having targets (could also be due to data availability), lowering
reduction goals, or pushing deadlines further (without increasing the reduction percentage). Changes
like these may indicate greenwashing itself, particularly when companies publicly announce long-term
goals but quietly change or abandon them over time [159, 118].

The method compares each company’s emissions target in the current year (2021 or 2022) to the one
reported in the previous year. Three types of changes are analysed: missing targets, weaker reduction
goals, and later target years. Each of these patterns is penalised separately, with a combined cap of
-10 points per year.

1. Missing targets
Companies that failed to report any targets in a given year received the maximum -10-point penalty.
This rule applied regardless of whether they had a target the year before. Removals or omissions are
treated as signs of declining commitment [38].

2. Reduction percentage decreased
If a company lowered its reduction goal compared to the previous year:
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• A base penalty of -2 points was applied.

• If the reduction exceeded 25%, the company received a total of -4-point penalty for this category.

• Smaller reductions triggered proportionally smaller additional penalties, using a linear scale.

3. Target year moved later When companies postponed their target year:

• A 2-point penalty was applied as a base.

• An additional 2 points were subtracted if the new target did not come with a higher reduction
percentage.

• A separate linear penalty of up to -2 points was added based on how many years the target was
delayed (0.4 points per year, capped at 5 years).

This scoring approach follows the penalty-reward structure from Chapter 2.2.5, where proportional
deductions/penalties are applied to account for reduced credibility [36]. The logic behind separat-
ing this category from regular achievement or ambition scores is based on the risk of manipulation.
Companies may change targets to appear successful, which breaks the link between performance and
intention [221, 126]. By isolating target changes, it helps protect score integrity without overstating
their weight.

3.3.1.6 Renewable Energy Bonus

This bonus rewards companies with relatively high renewable energy intensity who are actively making
the transition. As shown in Chapter 2, this shift is especially relevant for electric utilities, where
renewables represent the most direct path to lower emissions [101, 127]. Literature supports both
structural and procedural indicators for evaluating renewable performance [80], but full renewable
data was not available for all companies. Since it was not part of the selection criteria, this measure
was added as a separate bonus rather than a core component. This choice kept the scoring consistent
while still acknowledging companies making progress [183].

The bonus is split into two parts: a benchmark comparison and a growth component. Companies
could earn up to 10 points per year.

1. Industry Comparison (max 8 points)
First, each company’s renewable energy intensity (per million US$ revenue) was compared to the
industry average in that year. A company with more renewables than the average received a better
score. The formula used:

Ratioi,y =
IndustryAveragey

CompanyRenewablei,y
(3.11)

where:

• Ratioi,y = renewable energy performance ratio for company i in year y

• IndustryAveragey = sector average renewable energy intensity in year y

• CompanyRenewablei,y = company renewable energy intensity per revenue
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Smaller values indicate stronger renewable performance. To reduce the influence of outliers and avoid
over-rewarding companies far above the average, a square root scaling function was used:

Scorei,y =


8 if Ratio < 0.5

0 if Ratio ≥ 2.0

8×
(
1−

√
Ratio−0.5

1.5

)
otherwise

(3.12)

where:

• Scorei,y = renewable energy benchmark score for company i in year y (0-8)

• Ratio = renewable energy performance ratio from previous equation

This follows the same logic used for emission intensity, where square root decay smooths out score
differences without distorting comparisons [14].

2. Growth Bonus (max 2 points)
The second part measures change over time. Companies that increased their renewable intensity from
one year to the next received additional points. A ratio of 2.0 or more (doubling year-over-year) earned
2 points. No growth received 1 point. Values between 1.0 and 2.0 were linearly scaled:

Growthi,y =
Renewablei,y

Renewablei,y−1
(3.13)

Scoregrowth =


2 if Growth > 2.0

1 if Growth ≤ 1.0

1 + (Growth − 1.0) otherwise
(3.14)

where:

• Growthi,y = year-over-year renewable energy growth ratio for company i

• Renewablei,y = renewable energy intensity in current year y

• Renewablei,y−1 = renewable energy intensity in previous year

• Scoregrowth = renewable energy growth bonus score (0-2)

This structure encourages both strong current performance and year-on-year improvement, which is in
line with scoring recommendations in the literature [237, 226].

All performance data from RE and CDP sources, along with component score results, are provided in
Appendix C.

3.3.2 Constrained Ensemble Scoring

This section implements the constrained ensemble scoring approach from Chapter 2.2.5 for calculating
final performance scores considering weight uncertainty due to a lack of empirical foundation in the lit-
erature. This approach, adapted with different constraint structures and computational requirements,
is later used for the greenwashing score as well. Unlike Monte Carlo approaches that use random
sampling to estimate outcomes through repeated trials, this scoring method systematically generates
all valid weight combinations within these restrictions:
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• Individual component weights range from 0.05 to 0.50

• Emission intensity weight stays highest among all components

• Goal achievement takes second-highest weight, followed by target ambition, then transparency
(emission intensity > goal achievement > target ambition > transparency)

• All weights sum to 1.00

Weight combinations change in 0.01 increments to limit total possibilities. This systematic process
generates 2,285 valid combinations meeting these theoretical restrictions. Each component is calculated
using the methods detailed in Section 3.3.1 and scaled to a 0-100 range to maintain comparability across
the ensemble approach. The method computes scores across all combinations for each organisation-year
observation, then saves ensemble statistics: mean, median and standard deviation, and interquartile
range (IQR).

Stability testing involves analysing score variance across different weight combinations and verifying
that organisational rankings remain robust to weight changes. This procedure follows constrained
multi-criteria decision analysis principles [92] and extends composite indicator sensitivity methods
[201]. The constraints reflect the theoretical relationships that were found in literature; Emission in-
tensity is central to performance evaluation, as it reflects actual outcomes and is the least prone to
manipulation [54]; Goal achievement reflects the degree to which companies follow through on their
stated targets and links directly to accountability [103]; Target ambition, while forward-looking, pro-
vides important insight into the credibility of commitments [115]; Transparency supports the reliability
of other indicators but is not a standalone outcome, which is why it carries the lowest weight [51]. This
implements OECD [178] guidance on uncertainty analysis for composite indicators and follows the
theoretical foundation established in Chapter 2.2.5.

In addition to the four core components, two adjustments are applied to the ensemble scores. The
renewable energy bonus adds up to +10 points for companies with strong renewable intensity and year-
over-year growth. The suspicious target change penalty deducts up to -10 points for companies that
remove or weaken their targets. These elements are not part of the core weighting structure. These
elements operate outside the ensemble weighting structure since they address specific behaviours not
fully captured by the main components. The bonus-penalty structure follows proportional scoring
principles described in the literature [36]. The resulting median ensemble scores for 2021 and 2022
are used as the performance component in the PCG calculation for greenwashing detection (see 3.5.1),
Complete statistics from the constrained ensemble approach can be found in Table C.3 (Appendix C).

3.4 Analysing Corporate Communication

Environmental performance scoring provides one component of the GRAT, requiring complementary
analysis of corporate communication patterns through text processing methods.

3.4.1 Text Processing Approach

Earlier in this chapter, the reasons for using sustainability reports and the text extraction method
were explained. This research uses NLP to systematically analyse those texts. Manual coding lacks
consistency and scalability. Using NLP makes pattern-driven analysis reproducible for multiple com-
munication dimensions [229, 79].

SpaCy was selected as the main NLP library. It is quick, has a modular pipeline, and rule-based
matching tools. The ’en_core_web_lg’ model (large English model) provides accurate tokenisation,
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part-of-speech tagging, lemmatisation, and dependency parsing. These functions support detection
of context-dependent phrases like quantified claims, vague modifiers, and future-oriented statements.
The rule-based matcher allows transparent, token-level pattern extraction, which makes it suited for
communication scoring in regulatory contexts [218, 217].

Cleaned .txt reports were processed through the full pipeline. Tokenisation breaks text into individ-
ual units (tokens), lemmatisation reduces words to their base forms, and dependency parsing stores
grammatical relationships.

ClimateBERT was used selectively for environmental sentiment analysis. General models often mis-
classify sustainability text. ClimateBERT improves classification accuracy for climate-related topics
[242]. Still, the core analysis remains rule-based to maintain interpretability and relevant to the sample,
as recommended by Freitas [83] and Rudin [199].

3.4.2 Human-AI Collaboration Approach

Analysing communication patterns across five dimensions creates substantial analytical challenges.
Manual pattern detection often misses subtle linguistic variations, making LLMs useful for developing
comprehensive word lists and identifying rule patterns. Human expertise validates these suggestions
and ensures regulatory relevance. This combination provides both pattern coverage and interpretability.

This project followed an expert-in-the-loop approach to develop the communication scoring system
[104]. Claude Sonnet 4 was used in the early stages to sketch out rule logic and build initial word lists.
These drafts were then revised by hand, tested in sample reports, and adjusted as needed. Claude
Sonnet 3.5, run through VS Code Copilot, supported implementation and debugging. Compared to
GPT-based tools, Claude 3.5 performed more consistently in data science-related coding tasks, with
success rates above 60% [172].

Word lists for vague terms, hedge words, and environmental expressions were built through a mix of
AI suggestion and manual review. Gaps were filled by manually checking verb, noun, and adjective
patterns directly from the reports. This method is not fixed, lists can be refined further as new patterns
or words appear, and the structure allows for ongoing updates over time.

Each rule was checked across different companies and years to avoid overfitting to one reporting style.
Where detection was unclear or inconsistent, results were reviewed manually. Appendix D outlines the
verification of each model and the steps and variables used to create the models. Additionally, Claude
Sonnet 4 was used to refine certain portions of the written text for clarity and academic presentation,
although all methodology development, analysis, and conclusions remain original work.

3.4.3 Multi-Dimensional NLP Implementation

Chapter 2.3.4 identified five core communication dimensions that reflect different strategies that com-
panies use to shape environmental perception: Green Communication Intensity (which forms the com-
munication side of the PCG analysis), Substantiation Weakness, Language Vagueness, Temporal Orien-
tation, and Reporting Consistency. The dimensions are renamed to reflect problematic communication
patterns, where higher scores indicate greater greenwashing risk. Each dimension is translated into
NLP logic through standalone code modules (scripts), each targeting specific linguistic features in the
reports. These modules reflect different communication strategies and are listed below:

• Green Terms: Extracts and counts environmentally relevant words to quantify communication
volume and vocabulary variety.

• Green Term Context Classification: Assesses each green term by its temporal scope, quan-
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tification status, and whether it reflects evidence or aspiration.

• Sentiment Analysis: Assigns sentiment scores to green-related sentences to assess the (overall)
tone of environmental messaging.

• Vague and Hedge Words: Detects vague terms and hedge words to evaluate clarity and
certainty in language.

• Document Similarity: Compares report texts across the two years to identify repeated content
and assess reporting consistency.

These code modules produce multiple output variables that correspond to one of the earlier mentioned
communication dimensions. All these variables generated by the different communication modules
are listed in Table 3.2. These outputs form the input for the final greenwashing score, as described in
Section 3.5.1. There, each variable’s role and relative weight is linked back to the theoretical foundations
outlined in Chapter 2. For detailed explanations, including how each variable is constructed and
validated, see Appendix D. The code modules can be found in GitHub repository, see Appendix K for
structure and reference.
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Table 3.2: Output variables per module and connection to defined communication dimensions

Output Variable Description Module Dimension
Green Term
Frequency

Share of environmental words
relative to all content words
(excluding stop words, punctuation
and whitespace)

Green Terms Green
Communication
Intensity

Vocabulary
Diversity

Number of unique environmental
terms used relative to total unique
words

Green Terms Green
Communication
Intensity

Future
Orientation Ratio

Ratio of future-oriented claims to
past and present references

Context
Classification

Temporal
Orientation

Quantified Claim
Intensity

Share of environmental claims
containing specific quantities

Context
Classification

Substantiation
Weakness

Evidence-Based
Claim Intensity

Share of claims referencing concrete
actions or implemented measures

Context
Classification

Substantiation
Weakness

Aspirational
Claim Intensity

Share of forward-looking
commitments lacking measurable
details

Context
Classification

Substantiation
Weakness

Average
Environmental
Sentiment

Overall sentiment of green-related
sentences

Sentiment
Analysis

Green
Communication
Intensity

Renewable
Energy
Sentiment

Sentiment expressed in
renewable-related sentences

Sentiment
Analysis

Green
Communication
Intensity

Climate and
Emissions
Sentiment

Sentiment expressed in climate-
and emission-related sections

Sentiment
Analysis

Green
Communication
Intensity

Vague Language
Intensity

Share of sentences using vague
terms such as “eco-friendly” or
“sustainable”

Vague and
Hedge Words

Language
Vagueness

Hedge Language
Intensity

Share of sentences using cautious
or uncertain terms like “might” or
“aim to”

Vague and
Hedge Words

Language
Vagueness

Timeline
Specificity

Measures whether vague or
conditional commitments are tied
to concrete deadlines

Vague and
Hedge Words

Temporal
Orientation

Cross-Year
Similarity Score

Combined score from TF-IDF,
Jaccard, and SpaCy similarity to
detect repeated content

Document
Similarity

Reporting
Consistency

High-Similarity
Sentence Ratio

Share of sentences nearly identical
between 2021 and 2022 reports

Document
Similarity

Reporting
Consistency

3.5 Integrated Greenwashing Analysis

The separate performance and communication analyses are integrated through systematic scoring
methods to produce unified greenwashing risk assessments. Figure 3.2 shows how the five NLP mod-
ules generate output variables that feed into the five communication dimensions (as also outlined in
Table 3.2).
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Figure 3.2: Communication Variables and Dimensions

These variables together with the performance score provide the foundation for the integrated green-
washing risk assessment detailed in the following sections.

3.5.1 Component Integration and Weighting

This section shows how individual performance scores combine with communication dimensions to build
the final GRAT. The conceptual framework from Chapter 2 guides most weighting decisions. Where
gaps in the literature exist, logical reasoning paired with elements from the conceptual framework
determines weight allocation.

An ensemble methodology like the one in section 3.5.2 could address uncertainty in these component-
level weights. However, testing all possible weight combinations across multiple nested components
would create too many variations. The computational complexity would make accurate computation
impossible. Instead, sensitivity analysis in Chapter 3.6 tests how robust these weighting choices are.

3.5.1.1 Output Variables

The integration process creates several key variables, as seen in Figure 3.2, that capture different aspects
of greenwashing risk. This multi-dimensional approach tackles the issue that existing approaches
oversimplify greenwashing as a single phenomenon when it’s actually multi-faceted [173]. As research
shows, certain communication patterns serve as independent greenwashing indicators regardless of
performance levels [76, 231, 117]. Best practices for composite indicators recommend avoiding single-
indicator dominance to prevent misleading scores [93]. The output variables, their dimensions, and
justifications are presented in Table E.1 (in Appendix E).

The following section outlines the calculations for each dimension applied in the final greenwashing
score (3.5.2), transforming output variables into weighted, measurable components.
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3.5.1.2 Green Communication Intensity Calculations

Multiple variables combine to form the green communication intensity dimension (see Figure 3.2),
which covers the communication side of the PCG. Environmental Communication Theory identifies
two core elements: sentiment framing and green communication volume [2, 248]. The first component
is the sentiment score, which captures how companies discuss environmental issues positively as this
directly affects stock prices and correlates with ESG ratings [16, 250]:

CSSi,y = 0.6× AESi,y + 0.2× RESi,y + 0.2× CESi,y (3.15)

where:

• CSSi,y = Combined Sentiment Score: weighted sentiment score for company i in year y

• AESi,y = Average Environmental Sentiment: overall sentiment of green-related sentences

• RESi,y = Renewable Energy Sentiment: sentiment expressed in renewable energy contexts

• CESi,y = Climate and Emissions Sentiment: sentiment in climate and emissions discussions

Environmental sentiment receives the largest weight (60%) because it covers the broadest range of
environmental topics. Renewable energy and climate emissions each get 20% since they represent
specific domains within environmental communication that carry distinctly positive sentiment that
shapes public perception [135]. This allocation prevents equal weighting while acknowledging their
different conceptual scope.

The second component measures green term frequency and vocabulary diversity, based on selective
disclosure theory where companies reveal positive environmental information while hiding negative
aspects [140]:

CGTSi,y = 0.7× GTFi,y + 0.3× VDi,y (3.16)

where:

• CGTSi,y = Combined Green Term Score: weighted green communication volume for company i
in year y

• GTFi,y = Green Term Frequency: share of environmental words relative to all content words

• VDi,y = Vocabulary Diversity: number of unique environmental terms relative to total unique
words

Term frequency gets 70% weight because contextual frequency predicts information processing better
than vocabulary diversity [35]. Research shows that disclosure credibility increases through frequency
and consistency rather than vocabulary diversity [35]. Vocabulary diversity still has importance, since
it can shape how stakeholders interpret environmental disclosures by indicating the effort put into
communication [180, 119].
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These components combined form the overall green communication score:

GCSi,y = 0.4× CGTSi,y + 0.6× CSSi,y (3.17)

where:

• GCSi,y = Green Communication Score: overall green communication intensity for company i in
year y

• CGTSi,y = Combined Green Term Score: from Formula 13

• CSSi,y = Combined Sentiment Score: from Formula 12

Sentiment receives higher priority because evidence shows that sentiment has greater public impact [2,
248]. Several empirical studies support this hierarchy [30, 105].

Performance-Communication Gap Calculations
The main greenwashing risk score captures the PCG that defines classic greenwashing [236, 84]:

GRSi,y = GCSi,y − PSi,y (3.18)

where:

• GRSi,y = Greenwashing Risk Score: basic performance-communication gap for company i in year
y

• GCSi,y = Green Communication Score: from Formula 14

• PSi,y = Performance Score: environmental performance score from Section 3.3

When companies dramatically increase their environmental communication while their performance
stays poor, this reflects greenwashing in its most problematic form [5, 141]. Problematic greenwashing
is defined by companies displaying strong environmental communication paired with poor performance.
An amplification factor is applied to score such companies higher, better reflecting true greenwashing.
This follows best practices where analysts often apply moderate amplification factors [93]:

ASi,y =


1.5× GRSi,y if GCSi,y > Medy

and PSi,y < Medy

GRSi,y otherwise
(3.19)

where:

• ASi,y = Amplified Score: amplified greenwashing risk score for company i in year y

• GRSi,y = Greenwashing Risk Score: from Formula 15

• GCSi,y = Green Communication Score: from Formula 14

• PSi,y = Performance Score: from Section 3.3
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• Medy = Median: median score across all companies in year y

This scaling exposes imbalances by increasing relative variability [144]. Research shows this gap ap-
proach works better for detecting greenwashing than alternative methods, with empirical evidence
demonstrating superior performance [15, 227].

3.5.1.3 Communication Quality Dimensions

The additional communication quality dimensions in the next sections capture different aspects of how
companies might mislead stakeholders through their environmental disclosures [149].

Substantiation Weakness Calculations
This dimension builds on Clarkson et al. [43] distinction between “hard” disclosure (numbers, evidence,
verifiable facts) and “soft” disclosure (aspirations, promises, unverifiable statements). Their research
finds that hard disclosure is more credible than soft disclosure. Studies show worse environmental
performers exhibit significantly more ’optimism’ and less ’certainty’ in their language [39]:

SWi,y = 0.30× (100− QCIi,y) + 0.35× (100− EBCIi,y) + 0.35× ACIi,y (3.20)

where:

• SWi,y = Substantiation Weakness: substantiation weakness score for company i in year y

• QCIi,y = Quantified Claim Intensity: share of environmental claims containing specific quantities

• EBCIi,y = Evidence-Based Claim Intensity: share of claims referencing concrete actions

• ACIi,y = Aspirational Claim Intensity: share of forward-looking commitments lacking details

Evidence-based and aspirational claims receive equal weight (35%) because both relate directly to the
hard versus soft disclosure distinction. Regulatory frameworks support this hierarchy: the EU Green
Claims Directive requires robust, science-based evidence over aspirational claims [70]. The Federal
Trade Commission demands competent and reliable scientific evidence for environmental claims [76].

Quantified claims get slightly less weight (30%) despite the fact that quantitative disclosures are
associated with greater clarity of information and investor trust [156]. Numbers can be manipulated
or presented selectively, which explains this lower weighting.

Language Vagueness Calculations
This dimension separates vague language that creates greenwashing risk from legitimate hedging that
expresses appropriate uncertainty. Research shows that vague language is a form of greenwashing that
creates scepticism and damages authenticity [231, 84, 252, 203]:

LVi,y = 0.70× VLIi,y + 0.30× (100− HLIi,y) (3.21)

where:

• LVi,y = Language Vagueness: language vagueness score for company i in year y

• VLIi,y = Vague Language Intensity: share of sentences using vague terms (e.g., “eco-friendly”)
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• HLIi,y = Hedge Language Intensity: share of sentences using cautious terms (e.g., “might”)

Vague language gets 70% weight because vague wording such as ’eco-friendly’ and ’green’ means noth-
ing concrete [209, 26]. This type of language reduces consumer trust regardless of actual performance
[57, 117].

Legitimate hedging receives different treatment. It expresses appropriate uncertainty, which is essential
for credible scientific communication [235, 111] and correlates with credibility expectations [136]. When
companies choose words carefully through hedging, they build stakeholder trust [153, 186, 204]. The
70-30 split reflects empirical validation where distinguishing vague language from legitimate hedging
achieved 86.34% accuracy in detecting greenwashing [32].

Temporal Orientation Calculations
This dimension identifies the pattern of companies making distant future promises without near-term
action plans. Montgomery, Lyon, and Barg [159] found companies making impressive net-zero promises
for 2050 while not making any recent progress. The United Nations [231] points out the risk of
misleading stakeholders when short-term plans are absent:

TOi,y = 0.60× FORi,y + 0.40× (100− TSi,y) (3.22)

where:

• TOi,y = Temporal Orientation: temporal orientation score for company i in year y

• FORi,y = Future Orientation Ratio: ratio of future-oriented claims to past and present references

• TSi,y = Timeline Specificity: measure of concrete deadlines tied to commitments

Future orientation gets 60% weight because without near-term goals, long-term commitments lack
credibility [102]. Real commitment requires long-term pledges paired with detailed short-term actions
and milestone tracking [182, 230]. When companies fail to meet environmental promises, this “links
directly to greenwashing and legitimacy loss” [100, 225].

Research on temporal framing shows companies that separate future and present communication tend
to invest less in future-focused activities like sustainability [137]. Meanwhile, environmental messages
that reference the past rather than the future boost both credibility and people’s willingness to act
[11]. Timeline specificity stays important since hopeful messages need specific timelines instead of
vague future promises [110].

Reporting Consistency Calculations
This dimension detects symbolic rather than substantive reporting through repetitive language pat-
terns. Choi, Chung, and Young [41] found companies systematically repeat structure and content
across years, suggesting symbolic rather than substantive reporting:

RCi,y = 0.70× CYSSi,y + 0.30× HSSRi,y (3.23)

where:

• RCi,y = Reporting Consistency: reporting consistency score for company i in year y
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• CYSSi,y = Cross-Year Similarity Score: combined TF-IDF, Jaccard, and SpaCy similarity score

• HSSRi,y = High-Similarity Sentence Ratio: share of sentences nearly identical between years

Cross-year similarity gets 70% weight because analysis of over 10,000 sustainability reports found
widespread boilerplate language that correlated with ESG rating problems [240]. Half of US compa-
nies use generic, repetitive language in ESG filings [42]. While audits check facts, they ignore how
communication quality develops over time [107], which allows symbolic compliance.

Research in NLP supports distinguishing between cross-year and sentence-level analysis. Studies show
sentence similarity methods using Sentence-BERT models work much better than keyword matching
for detecting actual content changes [120]. Their analysis revealed monotonous thematic patterns in
sustainability reports. Sentence-level analysis provides evidence of template use but plays a secondary
role to thematic repetition patterns.

Weight Allocation and Normalisation
The structured weight patterns here follow evidence-based hierarchies from existing research. When
studies indicate a ’clear but moderate preference’, 0.6-0.4 splits represent this hierarchy while preserv-
ing the role of secondary components [64]. Stronger empirical evidence supports 0.7-0.3 splits. This
approach aligns with the principle that effective weighting should systematically reflect component
importance [25]. Acknowledging the uncertainty of optimal weights, sensitivity analysis becomes nec-
essary to test the GRAT’s robustness [201]. Research shows that mixing weighting methods across
analysis levels proves effective [93].

Each dimension mentioned is scaled from 0 to 100 using min-max normalisation. This approach,
commonly used to correct for variation in document length and linguistic style, supports fair comparison
and integration into the final greenwashing score in Section 3.5.2. This normalisation approach supports
fair cross-component comparisons and allow for methodological consistency [21]. By standardising
component scales, the risk of bias from varying measurement ranges is reduced, increasing robustness
of the created GRAT.

3.5.2 Final Score Calculation

This section applies the constrained ensemble scoring methodology established in Section 2.3.6 and
operationalised in Section 3.3.2 to final greenwashing risk score calculation. The approach addresses
weight uncertainty in greenwashing detection due to the lack of empirical foundation in framework
literature identified by Nemes et al. [173]. Following the same systematic enumeration approach, this
method generates all valid weight combinations within these greenwashing-specific restrictions:

• Communication dimension weights range from 0.05 to 0.5

• PCG weight remain the highest among all individual dimensions

• Substantiation weakness takes second-highest weight

• All weights sum to 1.00

• Weight combinations change in 0.01 increments to limit total possibilities

This systematic process generates 59,881 valid combinations meeting these theoretical restrictions (see
Table H.1 in Appendix H for statistical results). The large increase from 2,285 performance com-
binations occurs because performance scoring requires four ordered relationships while greenwashing
scoring needs only two fixed priorities. The remaining three dimensions can vary freely within their
weight ranges, creating significantly more valid combinations.
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The technical implementation differs from performance ensemble scoring in two ways. First, the hy-
brid approach becomes necessary here due to computational limits. Testing all possible subcomponent
weights within communication dimensions would create millions of combinations, making systematic
enumeration impossible. Second, no bonus-penalty adjustments apply since all greenwashing risk
factors integrate directly into the five-dimension structure. Extending ensemble methodology to sub-
component weights within communication dimensions would create computationally prohibitive combi-
nations, making the hybrid approach necessary where system-level uncertainty uses ensemble methods
while subcomponent allocation relies on literature-based fixed weights [93]. The method computes
scores across all combinations for each organisation-year observation, then again saves ensemble statis-
tics: mean, median and standard deviation, and IQR.

The constraints reflect the theoretical relationships that were found in literature: the PCG measures the
fundamental disconnect between company actions and communications [236, 84], while Substantiation
Weakness ranks second, proven in literature as the key component following the PCG [43, 39]. By
fully enumerating feasible weights within theoretical limits, this approach solves the uncertainty issue
Nemes et al. [173] avoiding arbitrary weight choices.

3.6 Validation Methodology

The GRAT relies on two types of validation to assess reliability and accuracy. Internal validation
tests methodological robustness and reliability through multiple approaches applied throughout this
research: sensitivity analysis of weight variations (detailed below), verification of NLP modules in
Appendix D, and ensemble methods that reduce the risk of arbitrary weight selection by grounding
all choices in literature. External validation examines real-world accuracy using documented green-
washing cases to test whether the GRAT correctly identifies actual greenwashing behaviour, though
with significant statistical limitations due to the small sample size that limit conclusions to indicative
findings only.

3.6.1 Sensitivity Analysis and Robustness Testing

The GRAT requires internal validation, testing robustness through systematic weight variation testing
across communication components. Following Saisana, Saltelli, and Tarantola [201], sensitivity analysis
reveals GRAT quality by measuring how component weight changes affect final scores and company
rankings. Small weight adjustments that cause large ranking changes indicate poor robustness [201].
The analysis addresses theoretical uncertainty identified in Chapter 2.3.5 about optimal sub-component
weights within communication dimensions.

The ensemble method in Section 3.5.2 handles uncertainty across the five main dimensions, while fixed
weights for sub-components within each dimension are based on literature. These sub-component
weight allocations need robustness verification since guidance on actual numerical weighting remains
limited in greenwashing literature [173]. To test this robustness systematically, the analysis examines
how sub-component weight variations affect both individual scores and company rankings.

3.6.1.1 Scenario Development

Scenario development introduces controlled changes in sub-component weights to assess their effect on
final scores and company rankings. This helps determine whether the GRAT produces stable results
or if minor methodological adjustments lead to relatively large shifts in outcomes. The analysis tests
17 systematic scenarios: the baseline using literature fixed weights and 16 variations applying weight
adjustments to each sub-component, as shown in Table I.1 in Appendix I. Most components receive
±10% variations while substantiation weakness receives ±5% adjustments to preserve the theoretical
hierarchy Evidence ≥ Aspirational > Quantified [43]. All weight modifications still sum to 1 while
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respecting literature-based component priorities.

Each scenario recalculates all communication dimension scores with modified weights, then processes
results through the complete ensemble methodology established in Section 3.5.2. This approach tests
both sub-component sensitivity (Appendix I) and its interaction with system-level weight uncertainty
(see Table H.1, Appendix H). Every scenario runs through all 59,881 valid ensemble weight combina-
tions, keeping the methodology consistent with the main final greenwashing risk analysis.

3.6.1.2 Statistical Analysis

Following Saisana, Saltelli, and Tarantola [201], the analysis measures ranking stability using R̄S (av-
erage ranking shift) across scenarios compared to baseline rankings. R̄S values below 2.0 indicate high
robustness, 2.0-4.0 suggests moderate stability, while values above 4.0 signal low robustness requiring
methodological attention.

Beyond ranking analysis, absolute score sensitivity uses three metrics [93, 178]. Mean Absolute De-
viation (MAD) measures average score shifts from baseline values. The Coefficient of Variation (CV)
provides standardised variability measures across different score levels, while Score Range captures the
maximum uncertainty span for each company. Companies with CV values above 15% or score ranges
exceeding 10 points are classified as highly sensitive to methodological choices.

The analysis ranks scenarios by their R̄S values and average MAD across all companies to identify which
sub-component weight changes cause the largest disruptions. This approach addresses both stakeholder
concerns about relative company positions and policy needs for reliable absolute greenwashing risk
assessments. The results separate components that primarily influence rankings from those that affect
the actual score values. The analysis identifies companies whose assessments remain stable across all
scenarios versus those requiring careful interpretation. Detailed sensitivity testing results appear in
Appendix I, with complete statistical outputs.

3.6.2 Known Case Validation

While sensitivity analysis confirms internal methodological reliability, external validation depends on
testing the GRAT against real-world greenwashing cases to evaluate how well the GRAT performs in
practice. However, with only 14 companies in the sample, this validation has serious statistical power
problems because the central limit theorem requires larger samples to work properly. The validation
results should be seen as indicative only, not as strong statistical evidence. Having more companies
would give much better results, but this represents all the data we could access given the constraints.
This external validation is done by performing an online search examining all 14 sample companies
between January 2020 and December 2023, identifying accusations documented by credible sources.
These documented accusations serve as validation benchmarks, creating ’ground truth’ data for testing
GRAT accuracy [109].

The approach used multi-language search terms since local media and Non-Governmental Organization
(NGO) campaigns often get missed by English-only searches. Sources included Greenpeace national
offices, investigative outlets, consumer protection agencies, and energy sector publications. Complete
search methodology and results can be found in Appendix J.

Based on the search results the companies were classified into three validation categories: known posi-
tive cases (documented greenwashing accusations), clean record companies (no accusations found), and
historical reference cases (limited evidence within timeframe). Because of the timeframe used in this
study, past greenwashing cases are considered irrelevant and classified among the clean record group.
Statistical testing compares GRAT scores between known positive cases and clean record companies
to determine whether companies with documented greenwashing accusations score significantly higher
than those without.
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Statistical validation uses Mann-Whitney U (MWU) tests [243, 143] to compare average GRAT scores
between known positive cases and companies with a clean greenwashing record (within the 2020-
2023 timeframe), although this test has very low statistical power with only 14 observations. The
median greenwashing scores produced by the ensemble method were averaged to reflect consistent
patterns rather than yearly fluctuations. While the non-parametric MWU test works with small
samples, having just 14 observations creates major limitations. The patterns we see might show
genuine GRAT accuracy, or they could be random events that happened between 2021-2022. Effect
size calculations help interpret the results, but the small sample size restricts statistical power and
makes strong conclusions impossible [171]. A more detailed discussion of these validation limitations
and their implications appears in Chapter 6.
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4 Results

Drawing on the six-stage methodology from Chapter 3, this chapter presents the core empirical findings.
The analysis follows three main steps: assessing environmental performance, examining communica-
tion patterns, and evaluating greenwashing risk. Each section contributes to answering the research
questions, which will be addressed in Chapter 7 Conclusion. These results reflect the 2021-2022 period,
a transitional time marked by COVID-19 impacts and pre-CSRD reporting practices. Since sample
selection was driven by data availability rather than representativeness, this creates systematic bias
as discussed in Chapter 3. The small sample size means all findings are exploratory and cannot be
generalized beyond these specific companies. Readers should keep these limitations in mind when
interpreting the figures and results presented below, as the implications and broader context will be
discussed in Chapter 6.

4.1 Environmental Performance

This section addresses RQ1 by examining environmental performance variations across the 14 European
utilities in this sample using the performance component of the GRAT established in Chapter 3.3. The
exploratory analysis suggests substantial performance differences across companies, with performance
scores ranging from 15.0 to 95.0 points and significant year-over-year changes spanning from -35.1 to
+63.0 points.

4.1.1 Performance Components Contributions

Figure 4.1 demonstrates how the four performance components contribute differently to overall envi-
ronmental achievement, with important methodological considerations affecting interpretation. The
renewable energy bonus and suspicious target penalties are shown as green and red arrows, respectively.
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Figure 4.1: Performance Component Analysis

Emission intensity scores in Figure 4.1 show the widest distribution, ranging from perfect scores (100.0)
for companies like Ørsted and EDF to minimal scores for PGE and Akenerji (0.0-5.43). However, sub-
stantial middle-ground performance is visible among several companies, including Endesa (69.0), EDP
(66.7), and Scatec (63.4). See Appendix C for the complete component scores and raw performance
data used for the analysis. This distribution reflects the threshold-based scoring method, which is
intended to limit outlier influence. Companies performing well above or below industry benchmarks
receive maximum or minimum scores, while others are scored proportionally between those points.

The disconnect between component stack width and ensemble median scores (black dots) throughout
Figure 4.1 illustrates the constraint-based weighting methodology. While raw component scores appear
as 0-100 values, the ensemble approach applies 2,285 weight combinations within theoretical constraints
(emission intensity > goal achievement > target ambition > transparency). Median scores are drawn
from the combinations to reflect ranking-based relationships instead of adding scores directly. This
balances uncertainty in weighting while keeping the tool’s priorities intact. The ensemble uncertainty
ranges from minimal variation (0.1 standard deviation for top performers like EDF) to moderate
uncertainty (5.82 for transitional cases like PGE 2021), demonstrating methodological stability across
all different weight combinations (see Appendix C3 for complete ensemble statistics).

Goal achievement results that show perfect achievement scores (100.0) occur across very different com-
pany profiles, from clear transition leaders like EDF to coal-heavy companies such as PGE in 2022.
Companies such as Arendals (2021), ERG (2021), and Solaria (both years) scored zero on goal achieve-
ment. Target ambition suggests a clear sample-wide shift toward higher scores, with most companies
falling between 50.0 and 100.0 (see Figure 4.1). Ten companies reached the maximum ambition score
across various years. Transparency scores vary widely, reflecting disclosure consistency between CDP
self-reporting and RE third-party verification. Component interactions visible in Figure 4.1 suggest
that high emission intensity performance does not guarantee high goal achievement scores, indicating
potential disconnects between structural performance (emission levels) and dynamic performance (goal
achievement). These component patterns combine to create overall performance trajectories shown in
the following analysis.
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4.1.2 Performance Scores and Trajectories

The performance scores used in this research are shown as ensemble medians in Figure 4.1. They form
a structured range of scores, from EDF’s leading scores (80.91 and 90.91) to Atlantica’s decline from
54.82 to 19.70. Figure 4.2 shows that year-over-year changes tend to follow certain patterns instead of
minor fluctuations.

Figure 4.2: Year-over-year Performance change

The most notable shift in the sample comes from ERG, which increased from 32.04 to 95.04, supported
by perfect component scores visible in Figure 4.1.

PGE’s +31.1 improvement presents a different pattern: achieving a 100 score for goal achievement by
2022 despite maintaining relatively high emissions. The change in score is mostly due to large decrease
in reported emissions intensity, which drives the goal achievement component.

Atlantica’s -35.1-point drop reflects weaker performance in both emission intensity and goal achieve-
ment, even though its target ambition remained unchanged. Ørsted’s -24.5-point decline occurs despite
relatively strong component scores, with a slight drop in goal achievement and transparency contribut-
ing to the change.

Figures 4.1 and 4.2 suggest clear differences in company performance, which would be expected to
correspond with varied communication approaches. High performers such as EDF and ERG have
strong environmental results to support their claims, while companies like PGE and Atlantica must
communicate their efforts despite weaker performance metrics. These performance realities create the
foundation for examining how utilities actually communicate about their environmental initiatives. The
question becomes whether communication intensity and quality align with demonstrated performance
capabilities, or whether inconsistencies arise that could indicate potential greenwashing.
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4.2 Multi-Dimensional Communication Analysis

This section addresses RQ2 through systematic analysis of communication patterns in sustainability
reports using the multi-dimensional NLP component of the GRAT. The exploratory analysis suggests
distinct communication strategies across five dimensions, with companies showing varied patterns
regardless of their environmental performance levels.

4.2.1 Communication Intensity Patterns

The GRAT communication component shows variation across five dimensions; these operate indepen-
dently of performance levels (except for green communication intensity). Figure 4.3 shows that green
communication intensity is based on a weighted combination of environmental term frequency and
sentiment analysis. Both components are normalised using min-max scaling, where zero reflects the
lowest value in the sample, not a complete absence of communication.

Figure 4.3: Green Communication Intensity

The green term component (green bars in Figure 4.3) shows substantial variation, with companies
like Ørsted and EDF achieving high term frequency while Atlantica using minimal environmental
vocabulary (Table F.1, Appendix F). The sentiment component (blue bars) plays the largest role in
the final score, with a weight of 60 percent. Even the lowest sentiment scores remain above zero. This
is due to the positive baseline produced by ClimateBERT’s climate-specific sentiment analysis, which
tends to classify environmental language as positive even when it refers to difficulties or limitations
(see Chapter 3.4.3 for methodology details). The 40%-60% weighting is already reflected in the bar
proportions shown in Figure 4.3.

The black dots in Figure 4.3 represent the final normalised green communication scores (0-100 scale)
that feed into the PCG. This additional normalisation step ensures comparability when combining
communication intensity with the performance dimension, where 0 indicates the lowest communicator
within this sample and 100 represents the highest. EDF maintains maximum intensity (99.9→100.0)
through comprehensive environmental messaging, while Ørsted shows a large decline (100.0→66.3).
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Table 4.1: Performance-Communication Change Alignment Analysis (2021-2022)

Company Performance
Change

Communication
Change

Change Pattern

Akenerji +26.39 -8.68 Not aligned
Arendals +7.20 -1.64 Not aligned
Atlantica -35.12 0.00 Not aligned
CEZ -9.35 -14.22 Aligned
EDF +10.00 +0.10 Aligned but disproportionate
EDP +10.91 -47.95 Not aligned
Endesa -16.79 -16.44 Aligned
ERG +63.00 +5.10 Aligned but disproportionate
Ørsted -24.48 -33.74 Aligned
PGE +31.13 +22.17 Aligned
Romande +22.50 -18.66 Not aligned
Scatec -7.07 +18.08 Not aligned
Solaria +12.41 -8.09 Not aligned
Terna -7.05 -4.01 Aligned

Table 4.1 shows the absolute year-over-year changes in both performance and communication scores
across the sample. Only five companies (3̃6%) show aligned patterns where both dimensions change
in the same direction with similar proportion. Companies like ERG show large performance gains
(+63.0) alongside smaller communication increases (+5.1), while others like EDP show performance
improvements (+10.91) paired with substantial communication decreases (-47.95). Scatec presents the
reverse pattern, with declining performance (-7.07) accompanied by increased communication (+18.08).

Beyond communication intensity, the GRAT examines four additional communication quality dimen-
sions.

4.2.2 Communication Quality Dimensions

Figure 4.4 shows how communication quality patterns appeared consistently across companies in both
reporting years. The heatmap displays normalized scores (0-100) across five communication dimen-
sions, where darker green indicates higher problematic scores and darker red shows lower risk patterns.
Companies are sorted per year by their overall greenwashing risk levels, with the highest-risk compa-
nies (Romande, PGE, CEZ, ERG in 2021 and PGE, Ørsted, EDF and CEZ in 2022) appearing at the
top. The colour intensity shows that most companies score above 50 points on temporal orientation
(indicating future-focused messaging), while substantiation weakness shows the widest variation across
companies, ranging from near-zero for companies like Atlantica and Akenerji to maximum scores for
CEZ and Ørsted. These are not percentage scores but composite measures built from multiple sub-
components detailed in Chapter 3.4.3. For substantiation weakness, high scores indicate a stronger
use of aspirational language rather than quantified or evidence-based claims. Higher language vague-
ness scores correspond to more frequent use of vague terminology. High temporal orientation scores
correspond with future-focused commitments lacking specific timelines. Reporting consistency scores
indicate year-over-year similarity suggesting template-based communication. Complete NLP module
descriptions and verification appear in Appendix D.

Correlation analysis suggests that communication dimensions reflect related but distinct strategic
choices, not separate constructs, with a moderate average correlation (r = 0.497) pointing to coor-
dinated yet differentiated strategies across dimensions. Complete correlation analysis and statistical
significance testing can be found in Table G.1 (Appendix G).
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Figure 4.4: Multi-Dimensional Communication Profiles

Companies with high substantiation scores like CEZ (100.0 in 2021), Ørsted (100.0 in 2022), and
PGE (93.1→85.2) show systematic use of aspirational instead of evidence-based claims, while those
with lower scores like Atlantica (0.0→43.0) and Akenerji (8.1→30.7) show stronger evidence-based
approaches despite their poor performance levels.

The reporting consistency results indicate that many companies rely on repeated, template-driven
communication. High consistency scores indicate very similar communication across years. Akenerji
(100.0), CEZ (97.0), and Endesa (93.6) used closely matching language between 2021 and 2022, as these
scores reflect year-over-year textual similarity. Hence the exact same scores both years. Companies
scoring lower on other communication quality dimensions often maintain high consistency scores, in-
dicating systematic template usage rather than gradual changes in how companies report information.
EDF’s minimum consistency score (0.0) reflects substantial communication changes between years.
This is due to the differences in their reporting structures between 2021 and 2022.

4.3 Performance-Communication Gap Analysis

Linking performance scores with green communication intensity applies Delmas and Burbano [48] core
greenwashing concept by quantifying the PCG. Figure 4.5 shows that performance-communication
relationships form distinct strategic clusters rather than random distributions, using sample medians
as reference lines to create quadrant-based risk assessment. The point sizes indicate the absolute gap
magnitude, while red edges mark companies falling within the greenwashing risk zone.
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Figure 4.5: Performance-Communication Gap

The absolute gap between performance and communication scores receives a 1.5x amplification for
companies positioned in the greenwashing risk zone (top-left quadrant), as detailed in Chapter 3.3.1.
The amplification highlights the most critical disconnects between performance and communication,
separating them from less severe cases. Table 4.2 presents the final PCG scores after amplification,
where higher values indicate greater greenwashing risk patterns. This is the main (normalised) compo-
nent for the greenwashing risk score detailed in 4.4. The gap scores range from perfect alignment (0.00
for EDP 2022 and Scatec 2021) to maximum risk (100.00 for PGE 2022 and Romande 2021). Eight
companies show increasing gap scores between years, while the other six companies show decreasing
gaps. The largest increases appear in Atlantica (+49.71), Terna (+33.00), and Endesa (+33.70), while
the largest decreases occur in ERG (-74.86), Romande (-30.29), and Akenerji (-14.66). Companies
maintaining consistently high gap scores include PGE (94.10→100.00) and CEZ (43.32→59.43), while
companies achieving consistently low gaps include EDP (36.14→0.00) and ERG (86.09→11.23).

Table 4.2: Performance-Communication Gap Scores by company and year

Company Perf.-Comm. Gap 2021 Perf.-Comm. Gap 2022
Akenerji 59.11 44.45
Arendals 21.01 25.40
Atlantica 5.54 55.25
CEZ 43.32 59.43
EDF 52.74 59.80
EDP 36.14 0.00
ERG 86.09 11.23
Endesa 8.54 42.24
Ørsted 41.76 56.38
PGE 94.10 100.00
Romande 100.00 69.71
Scatec 0.00 32.51
Solaria 45.41 42.55
Terna 50.61 83.61
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PGE consistently occupies the highest-risk position, maintaining high green communication intensity
despite low performance (as seen in Figure 4.5). PGE’s consistent positioning points to a consistent
PCG rather than a one-time deviation.

ERG shows a substantial shift in trajectory. Its movement from high-risk positioning to near-perfect
alignment corresponds with performance gains (+63.0 points from Figure 4.2) that exceeded changes
in communication intensity. These gap patterns form the foundation for the integrated risk assessment
that combines dimensions.

4.4 Integrated Greenwashing Risk Assessment

This section addresses RQ3 by integrating environmental performance and communication characteris-
tics to reveal greenwashing risk patterns. The analysis combines the five dimensions mentioned through
ensemble methodology, producing risk scores that range from 16.5 to 81.3 across the sample.

The PCG identified in Section 4.3 is combined with four independent communication quality dimen-
sions: substantiation weakness, language vagueness, temporal orientation, and reporting consistency.
These five components are integrated using an ensemble method applied across 59,881 weight combi-
nations (see Table H.1 in Appendix H for statistics). Figure 4.6 presents the final risk scores, based
on the median values from all combinations. Figure 4.7 breaks down how each component contributes
to the final integrated scores.

Figure 4.6: Final Greenwashing Risk Assessment

4.4.1 Risk Distribution and Methodological Robustness

Figure 4.6 shows the final greenwashing risk distribution across all companies and years. Using
percentile-based groupings, companies are classified into top 25% (highest risk), middle 50%, and
bottom 25% (lowest risk) categories. Notably, PGE and CEZ appear in the top 25% for both years,
suggesting persistent greenwashing risk patterns. The ensemble methodology demonstrates strong sta-
bility, with uncertainty ranges from minimal variation (0.6 for Solaria 2021) to moderate uncertainty
(5.7 for Scatec 2021), with most companies showing uncertainty ranges below 4 points (see Table H.1,
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Appendix H). The final risk scores are unnormalised ensemble medians, preserving the combined effect
of the five greenwashing dimensions. The scores range from 16.5 to 81.3, without companies reaching
the limits of 0 or 100. This pattern suggests that the dimensions reflect different aspects of greenwash-
ing behaviour rather than overlapping measures. Companies that score high on some dimensions often
score lower on others, as shown in Figure 4.7 and Table G.1 (Appendix G).

Figure 4.7: Greenwashing Risk Dimension Contributions

Figure 4.7 shows how individual dimension scores (visible as stacked coloured bars) combine to produce
final risk scores (black dots) through theoretical weighting hierarchies. The stacked bars represent raw
dimension scores before ensemble weighting, while the black dots show the final weighted scores (median
scores across the variations). This is a similar plotting style as used for the performance components
in Figure 4.1. Complete dimension scores and subcomponent variables are detailed in Appendix F.
The PCG (light blue sections) carries the most weight in the final score, followed by substantiation
weakness. The remaining communication quality components have smaller effects on the final score.
The effect of weighting priorities becomes clear when comparing EDF 2021 (58.3) with Ørsted (56.2)
and Scatec (52.0). Although Ørsted and Scatec display larger stacked bars, their overall scores are
lower.

PGE’s consistently high scores (75.7→78.8) come from large PCG contributions visible in Figure 4.7,
combined with poor communication quality across multiple dimensions. The decrease in ERG’s score
from 65.3 to 33.8 is largely due to a reduced PCG.
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5 Application of the GRAT

The Greenwashing Risk Assessment Tool (GRAT) provides systematic greenwashing detection for
electric utility companies. The tool is specifically designed for this sector, but the user can adapt it for
other industries by changing metrics and terminology. Regulators, investors, and researchers can apply
GRAT directly to electric utilities or modify it for different sectors. Corporate Sustainability Reporting
Directive (CSRD) implementation has standardised reporting recently, which makes application easier
than during the pre-CSRD period analysed in the temporal scope. This chapter offers application
guidance for future research without needing programming expertise. All code modules are available
on GitHub (see Appendix K) and work independently once supplied with the right data inputs.

5.1 Understanding GRAT Architecture

GRAT combines five dimensions to detect greenwashing risk through integrated analysis rather than
isolated metrics. This approach reveals patterns that single indicators miss.

Core Structure

• Performance-Communication Gap (PCG): Measures the fundamental disconnect between
actual environmental performance and how companies communicate about this performance.

• Four additional Communication Dimensions: Analyse different aspects of how companies
write reports. These dimensions work separately from performance and regulators consider them
problematic.

Why This Works
Companies engaging in greenwashing typically show specific patterns, they:

• have poor environmental performance combined with positive environmental messaging.

• make vague promises without concrete evidence.

• use repetitive communication across years.

GRAT systematically detects these patterns by comparing what companies do (performance) with how
they talk about it (communication).

The Integration Logic
GRAT uses ensemble methodology rather than relying entirely on fixed weights, which can overlook
important patterns. Some fixed weights are still applied in specific calculations for the greenwashing
sub-component; this is discussed in more detail later. This ensemble methodology tests all possible
weight combinations within sound theoretical ranges. It then provides results showing both the most
likely score (median) and the uncertainty range (standard deviation of all combinations). This approach
prevents arbitrary decisions from affecting results. It also acknowledges that user priorities vary,
offering flexibility to modify weights based on specific needs or preferences.
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5.2 Data Requirements and Assessment Process

GRAT relies on systematic data collection from multiple sources to support integrated analysis of
performance and communication. The GRAT follows a structured three-step process that turns raw
inputs into usable greenwashing risk scores.

5.2.1 Essential Inputs

Performance assessment requires emission data from both Carbon Disclosure Project (CDP) (or equiv-
alent self-reported sources) and Refinitiv Eikon (RE) (or other third party verified sources). Scope
1 and 2 emissions are minimum requirements. Third-party verification sources like RE Data provide
the main analysis foundation. These sources need Scope 1 and 2 emissions calculated similarly to self-
reported data. Scope 3 emissions play a meaningful role when measured consistently across companies.
In this thesis, they were excluded due to lack of standardisation within the sample. Renewable energy
amounts are particularly important for electric utilities, but due to missing data for some companies
in the sample this was used as an additional score instead of a core component (discussed later). Emis-
sion and renewable energy data must use consistent intensity metrics across all companies and sources.
Denominators might include revenue, MWh produced, or other relevant measures. This is necessary
to standardise the data, allowing for a meaningful comparison. Target documentation should specify
both target year and emission reduction percentage. Percentage reductions work best as they feed
directly into existing calculations. RE Data includes this information, alternative sources work if they
contain these required elements.

Temporal analysis for emission and renewable energy intensity improvement requires at least two con-
secutive years. Additional years improve reliability. All companies in the analysis must have an equal
number of data points. Mixing companies with different observation periods undermines comparative
analysis. For incomplete datasets, exclude companies that are missing essential performance metrics
rather than estimating values. Replacing core emission data with industry averages produces unreli-
able results. However, for secondary elements like targets or renewable energy data (currently a bonus
component), previous year values can substitute for current year gaps with proper documentation.

Communication analysis requires English-language sustainability reports in digital format for text pro-
cessing. Non-English reports need professional translation, although this reduces reliability. Reporting
periods must align across years to enable consistency analysis.

Table 5.1: Data Requirements Summary

Data Type Requirements Sources Critical Notes
Performance • Scope 1 and 2 emissions

(Scope 3 preferred)
• Renewable energy data
• Intensity metrics (per
revenue/MWh)
• Targets with year and
reduction percentage
• Minimum 2 consecutive years

• CDP or equivalent
self-reported sources
• Refinitiv Eikon
Data or other
third-party
verification

Exclude companies
with missing core
data. Scope 2 and
Scope 3 calculation
methods must be
consistent across all
companies

Communication • English sustainability reports
• Digital format
• Consistent reporting periods

• Company websites
• Regulatory
databases

Professional
translation required
for non-English
reports
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5.2.2 Three-Step Assessment Process

The assessment process transforms raw data inputs into final greenwashing risk scores through sys-
tematic analysis. Users provide the required inputs while code modules handle all calculations auto-
matically. The steps are performance scoring, communication analysis, and integration.

Step 1: Performance Scoring (0-100 scale)
Before beginning analysis, users must verify several data elements. Check emission data consistency
across companies. Verify calculation method alignment (location-based vs. market-based). Validate
intensity metric denominators. Confirm target documentation completeness.

The performance part of the GRAT then calculates four performance components. Emission intensity
relative to sector benchmarks. Goal achievement rate compares actual progress vs. stated targets.
Target ambition assesses reduction percentages against science-based targets. Transparency score
evaluates differences between self-reported and third-party verified data.

The constrained ensemble methodology processes these components across 2,285 valid weight combi-
nations. These weight combinations represent different ways to allocate importance among the four
performance components while respecting theoretical priorities (emission intensity receives highest
weight, followed by goal achievement, target ambition, and transparency). However, these combina-
tions are based on chosen priorities drawn from the literature. Users can adjust the weight restrictions if
needed, which leads to a different number of possible combinations. This generates performance scores
with uncertainty statistics including mean, median, and Interquartile Range (IQR). Recommended is
to use the median scores for further analysis in the next steps, as median values are less sensitive to
outliers and provide more stable results across the range of weight combinations. A renewable energy
bonus (up to +10 points) applies for strong renewable performance. A target change penalty (up to
-10 points) applies for weakened commitments. All calculations can be seen in Chapter 3.3.1. For the
actual code see the GitHub repository (Appendix K).

Step 2: Communication Analysis (Five Dimensions)
Text preparation begins with extracting text from PDF sustainability reports using SpacyLayout, again
this is an existing code module that can be used directly. This creates .txt documents that serve as
input for communication analysis modules. Users should verify if additional cleaning is required for
their specific document formats. Sustainability reports are analysed across five dimensions (specified
in Table 5.2) using rule-based Natural Language Processing (NLP) modules. Appendix D provides
detailed technical specifications for each module. Table 5.2 summarises what each dimension mea-
sures and its associated red flags. Note that Green Communication scores combine with performance
scores in Step 3 to create the Performance-Communication Gap (PCG), which becomes the primary
greenwashing risk dimension.

Users simply provide text inputs, while the code takes care of normalisation and score integration on
its own. However, users can modify component weights in the next step based on their preferences.
Keep in mind that drawing reliable conclusions requires multiple rounds of expert consultation for
weight validation.
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Table 5.2: Communication Dimensions and Indicators

Dimension What It Measures Red Flags
Green
Communication

Environmental term density and
vocabulary diversity

Excessive environmental
messaging compared to report
length

Substantiation Ratio of evidence-based and
quantified claims to aspirational
statements

High aspirational content with
minimal evidence or
quantification

Vagueness Presence of hedging and
uncertain language

Frequent conditional language:
“may,” “could,” “aims to”

Temporal Focus Balance between future
commitments and present actions

Predominantly future-oriented
with limited current achievements

Consistency Year-over-year textual similarity Above 95% similarity could
indicate potential template usage

Step 3: Integration
Integration begins by calculating the Performance-Communication Gap (PCG) as the absolute dif-
ference between performance and communication scores. This transforms the Green Communication
dimension into the PCG dimension by combining it with performance data. Companies in the green-
washing zone (poor performance combined with high green communication) receive a 1.5x amplification
factor to highlight critical disconnects.

Final integration combines all five dimensions using ensemble methodology with 59,881 valid weight
combinations. This maintains theoretical constraints where PCG receives highest weight and substan-
tiation weakness receives second highest weight. The five integrated dimensions are: PCG (derived
from performance and Green Communication), Substantiation, Vagueness, Temporal Focus, and Con-
sistency. Final risk scores combine all dimensions through ensemble weighting, based on the priori-
ties. PCG receives highest priority, followed by substantiation weakness. Remaining dimensions get
weighted proportionally. Output consists of a risk score (0-100) with associated uncertainty range.
The complete methodology exists in ready-to-use code modules, requiring only data inputs and basic
execution capability.

For electric utility applications with complete renewable energy data across all companies, this compo-
nent should transition from a bonus to a core metric. The renewable score should be positioned after
goal achievement rate in the priority hierarchy. Standard implementation analyses two reporting years,
requiring three years of performance data and two sustainability reports. Single-year analysis remains
possible with two years of performance data, though two reports are still necessary for consistency
detection through year-over-year comparison.

5.3 Interpreting Results and Validation

GRAT offers multiple validation methods to support reliable and accurate results. This becomes
especially important when the tool is applied to new contexts or when default weight settings are
adjusted. The tool’s effectiveness improves with larger sample sizes. With more data, normalisation
becomes more reliable, leading to stronger benchmarks and clearer relative risk scores.

Internal validation exists in the code and should be applied, especially when making weight mod-
ifications. The sensitivity analysis measures how component weight changes affect final scores and
company rankings. This reveals whether GRAT produces stable results or if minor methodological
adjustments lead to large shifts in outcomes. Robustness testing trough sensitivity analysis is essential
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for maintaining confidence in the results.

External validation builds on internal testing by comparing results against real-world greenwashing
evidence. This involves testing against documented greenwashing cases within the sample and com-
paring rankings with expert assessments. The research method used for finding existing greenwashing
cases can be applied to new contexts. The Mann-Whitney U (MWU) test can be implemented by
changing the two comparison groups with the found evidence for the new sample. Statistical valida-
tion through MWU testing becomes viable with samples exceeding 30 companies. This makes this
validation step increasingly powerful with larger sample sizes where statistical significance can be
achieved. The current 14-company sample provides indicative rather than conclusive validation.

Ongoing validation keeps the tool reliable for repeated applications. This includes tracking predic-
tion accuracy over time, especially relevant considering the changing CSRD-landscape. Update word
lists based on changing corporate language. To keep the tool effective over time, it is important to per-
form regular quality checks and compare results with alternative methods as communication patterns
evolve.

5.4 Sector Adaptation Guide

GRAT was built for electric utilities, but its architecture is flexible enough to apply in other sec-
tors. The core process of measuring performance, analysing communication, and integrating results
remains intact. What differs are the metrics and terminology, which must reflect sector-specific factors.
Different sectors need adjusted performance metrics while keeping intensity-based comparability. Man-
ufacturing sectors measure emissions per unit produced and need terminology related to production
processes. Financial institutions focus on financed emissions or portfolio carbon intensity, with extra
attention to disclosure practices. Retail businesses track supply chain emissions per revenue, which
accounts for Scope 3 prominence. Transportation companies use fleet efficiency metrics and include
technology transition terminology.

Table 5.3: Sector Adaptation Examples

Sector Performance Metrics Key Adjustments
Manufacturing Emissions per unit produced Terminology for production

processes
Finance Financed emissions/portfolio

intensity
Disclosure quality emphasis

Retail Supply chain emissions per
revenue

Scope 3 prominence adjustment

Transport Fleet efficiency metrics Technology transition language

Calibration Requirements
Successful adaptation requires several elements. A minimum of 20 to 30 companies establishes sector
baselines. The more companies added, the better the tool’s results, as mentioned before. It uses sector
averages for emission and renewable scores and normalises the greenwashing dimension scores based
on sample size. More companies mean better risk detection.

To enable validation testing for different sectors or samples, documented greenwashing cases specific
to each sector or sample must be identified. Expert consultation or sector knowledge guides weight
selection. Sector-specific terminology lists capture relevant language patterns and green terms. The
five-dimension structure remains intact while ensemble priorities adjust based on sectoral requirements.
Adapting word lists requires sector-specific modifications to capture relevant terminology patterns.
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Here are some examples:

• For manufacturing contexts, environmental language might include terms like “eco-efficient,” “lean
manufacturing,” and “circular economy.” Technology-related terms could include “automation”
and “process optimization.”

• Financial sector adaptations would incorporate language around “sustainable finance,” “ESG
integration,” and “climate risk.” Evidence-related terms include “portfolio screening” and “impact
measurement.”

• Retail sector modifications might focus on “sustainable sourcing,” “supply chain transparency,”
and “packaging reduction.” Particular emphasis on Scope 3 terminology like “supplier engage-
ment” and “value chain emissions” is important.

The examples suggest how the tool could work, but they are not strict instructions. Each sector should
adjust the approach to fit its own situation. The adaptation process involves five iterative steps:

• Assess sector materiality to identify the most important environmental issues.

• Adjust the communication weights to focus on the dimensions that matter most for greenwashing
in a specific sector.

• Modify performance metrics with appropriate intensity denominators and benchmarks.

• Test the adapted tool using documented sector-specific greenwashing cases.

• Keep refining the tool based on what validation shows and what experts suggest.

5.5 Practical Application Summary

Quick Start Requirements

• Minimum two consecutive years of data

• Three data sources: third-party verification, self-reported metrics, and sustainability reports.

• English or professionally translated reports.

• Basic data analysis and coding capability for execution.

Output Specifications

• Risk score ranging 0-100.

• Company rankings within the analysed sample.

• Dimension-specific insights into risk drivers.

• Uncertainty ranges from ensemble methodology and sensitivity testing.

• Confidence levels indicating result reliability.

• Comparative analysis valid only within small samples.

62



• Multi-year applications enable temporal pattern detection.

What GRAT Does Not Cover

• Non-emission environmental issues (biodiversity, waste, water).

• Social and governance aspects of greenwashing.

• Absolute judgments about greenwashing for individual companies.
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6 Discussion

The findings from Chapter 4 and the validation appendices (I and J) need interpretation within existing
theoretical frameworks. This chapter examines how the results extend current greenwashing theory
while addressing three literature gaps identified in the introduction: the PCG, the multi-dimensional
communication gap, and the sector-specific gap.

This research addresses the PCG by developing systematic integration of quantitative environmen-
tal performance measurement with multi-dimensional communication analysis. This reveals that
performance-communication relationships form distinct clusters rather than random distributions
among the 14 companies analysed. The multi-dimensional communication gap gets addressed through
communication analysis that captures layered strategies across substantiation weakness, language
vagueness, temporal orientation, and reporting consistency. This establishes that communication
quality profiles operate independently of performance levels. The sector-specific gap receives partial
attention through the first targeted greenwashing detection tool specifically applied to electric utilities.
However, the findings from these 14 companies cannot be generalised to the broader European electric
utility sector because of sample size limitations, leaving this gap only partially addressed.

The discussion is split into two main areas with different purposes. Section 6.1 examines the GRAT as a
developed tool, focusing on its design process, limitations, user requirements, and practical applications
for stakeholders and researchers. This section focuses on the tool itself, explaining how it can be
adapted to other sectors and how future users can validate it. Section 6.2 interprets the specific
patterns observed among the 14 companies analysed, connecting these patterns to existing literature
and exploring their implications for understanding greenwashing mechanisms. The exploratory nature
of the conclusions, due to the limited sample, is acknowledged throughout this chapter.

6.1 GRAT Development and Application

This section reflects on the GRAT as the primary contribution of this research. It examines how the
tool was developed, its limitations, and guidance for future applications.

6.1.1 Tool Development Process and Design Choices

The performance component of the GRAT addresses the credibility paradox by using multiple data
sources. This part of the tool uses both CDP self-reported data and RE third-party verification. The
industry benchmarks come from 27 companies within the RE dataset to provide broader understanding
of the sector beyond the main data sample. The threshold-based scoring uses scoring functions suited
for specific measurement needs to reduce how much outliers can influence performance assessments.
For instance, companies performing 50% better than industry average receive full points, while those
performing twice as poorly get zero points.

Currency standardisation uses historical exchange rates so companies can be compared fairly across
different reporting currencies. The renewable energy bonus (up to +10 points) and suspicious target
change penalties (up to -10 points) address sector-specific transformation patterns and target manip-
ulation risks found in the literature. These design choices reflect the unique characteristics of electric
utilities during energy transition periods.
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For communication analysis, the multi-dimensional NLP analysis component of the tool builds on cor-
porate environmental communication theories from Chapter 2.3. It captures communication strategies
that single-dimensional approaches miss through five different theoretical foundations. These include
selective disclosure theory for green communication intensity, Clarkson et al. [43] hard versus soft
disclosure distinction for substantiation weakness, regulatory guidance for language vagueness, tem-
poral manipulation patterns for temporal orientation, and symbolic compliance theory for reporting
consistency. This theoretical grounding was used to create the five dimensions in this analysis.

To ensure transparency and sector alignment, the rule-based method relies on SpaCy rather than
black-box machine learning approaches. ClimateBERT was chosen for sentiment analysis because
general models frequently misinterpret sustainability content, leading to unreliable results. Within
each dimension, component weighting follows structured logic that corresponds to the strength found in
existing literature. The human-AI collaboration methodology for creating NLP code modules combines
automation efficiency with domain expertise. Claude Sonnet was used during development while
maintaining oversight for pattern verification and rule refinement. Despite being automated, the
processes were built on and informed by established theoretical concepts from chapter 2.

6.1.2 GRAT Limitations and Constraints

Several technical limitations affect how accurately the GRAT captures environmental performance and
communication patterns. The emission intensity and renewable energy benchmarks depend on RE’s
available data rather than true sector-wide benchmarks, which could skew the performance outcomes.
Scoring thresholds come from literature and logic but also partially from the sample’s distribution to
avoid situations where all companies get zero or perfect scores.

English-only analysis misses communication patterns that might appear in companies’ native lan-
guages. Moreover, focusing only on sustainability reports ignores other communication sources like
websites, social media, and press releases that could reveal different messaging strategies, particularly
those directed to consumers rather than regulators.

Several NLP issues affect accuracy. The SpacyLayout parser sometimes fails to correctly identify col-
umn structures within reports, causing sentences to mix and affecting sentence-level pattern detection.
Time constraints and limited linguistic expertise may have led to NLP modules that do not fully cap-
ture the intended dimensions. Examples include missing double negation checking for green terms and
incorrect negation filtering. Additionally, the pre-CSRD reporting period meant that report structures
and lengths varied widely across companies (as seen in Table B.1, Appendix B).

Goal achievement analysis gets restricted to current versus previous year comparisons because of lim-
ited historical data availability. Companies already generating substantial clean energy face particular
challenges as fewer opportunities exist for large emission reductions when baseline performance is al-
ready strong. This creates an unintended penalty for environmental leaders. The literature emphasises
renewable energy’s importance in evaluating utility performance, but missing data for some companies
required treating this component as bonus rather than core assessment.

The GRAT identifies patterns consistent with misleading environmental communication but does not
prove that companies intentionally deceive stakeholders. Although validation results show that the
GRAT can distinguish between companies with documented accusations and those with clean records,
the sample size and other limitations must be considered when interpreting results.

It is important to note that companies receiving high greenwashing risk scores should not be assumed
to be engaging in greenwashing. This research faced time and data limitations that prevent firm
conclusions about any specific company’s environmental behaviour. GRAT is intended to highlight
patterns that may require further investigation, not to serve as proof of misconduct. These limitations
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make individual accusations inappropriate, as the tool is built for systematic risk screening rather than
definitive judgment.

6.1.3 Weight Uncertainty and Ensemble Methodology

The weight uncertainty problem in existing greenwashing frameworks gets addressed through con-
strained ensemble methodology that examines all valid weight combinations within theoretical con-
straints. This approach provides transparency about methodological uncertainty while maintaining
theoretical grounding. Some sub-components still rely on fixed weights, which are informed by avail-
able evidence but not explicitly defined in the literature. The methodology allows for flexibility: rapid
sector assessments can use manual weight adjustments based on context-specific priorities, while long-
term applications require expert consultation across multiple rounds to define stable and validated
weight settings.

The constrained ensemble approaches systematically explores weight combinations within theoretically
justified boundaries, testing 2,285 valid combinations for the performance score and 59,881 combina-
tions for the greenwashing risk scores. This methodology represents a methodological advance for
composite indicator development, providing a solution to the weight selection problem identified by
Nemes et al. [173]. Academic researchers receive an assessment tool showing how performance and
communication analysis can work together systematically while handling methodological uncertainty.
The constrained ensemble approach works as a template for developing composite indicators when
theoretical guidance exists, but optimal weights remain unknown.

Future applications should validate sector-specific configurations using the methods detailed in Ap-
pendices I and J, especially as larger datasets allow for more robust validation procedures.

6.1.4 Validation Approach and Statistical Limitations

The GRAT’s validation combines internal consistency testing with external validation against docu-
mented cases. Internal validation examines whether the tool produces consistent results across differ-
ent weight combinations and component specifications. External validation tests discriminant validity
through documented greenwashing case analysis, with the tool successfully separating companies with
credible accusations from those with clean records among the 14 companies analysed.

However, significant validation limitations must be acknowledged. The MWU test applied for valida-
tion lacks statistical power because of the small sample size with only 14 observations. The current
validation results are indicative rather than conclusive, as more observations would provide substan-
tially better statistical foundation. The patterns observed between 2021 and 2022 could represent
random phenomena rather than systematic differences.

Future applications with larger datasets would enable more robust validation through meaningful
statistical power. The MWU test becomes viable with sufficient sample sizes in both comparison
groups, including companies with documented greenwashing cases and those with clean records.

6.1.5 Practical Implementation and User Guidance

The GRAT was initially designed for the electric utility sector, but it can be converted to serve multiple
user types with different requirements and applications. Detailed guidance on data requirements,
assessment processes, sector adaptation, and practical implementation is discussed in Chapter 5. The
tool serves as both a screening mechanism for identifying companies requiring detailed investigation
and a methodological template for developing composite indicators when theoretical guidance exists,
but optimal weights remain unknown.
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Rule-based NLP methodology provides transparency and interpretability that machine learning ap-
proaches often miss in regulatory contexts. The tool produces normalised risk scores across multiple
dimensions, with companies scoring relative to their peers within the sample. However, it identifies
companies requiring investigation rather than providing conclusive evidence of greenwashing.

6.2 Results Interpretation and Generalisability

This section interprets the specific findings from the 14 European electric utility companies analysed,
discussing patterns observed and their broader implications within the acknowledged limitations.

6.2.1 Performance-Communication Decoupling Patterns Among the 14 Compa-
nies

The analysis of these 14 companies reveals systematic decoupling between environmental performance
and communication strategies that aligns with existing theoretical frameworks. Among this sample,
communication intensity operates as an independent capability, separate from environmental perfor-
mance outcomes. This pattern supports theoretical predictions of systematic decoupling between sym-
bolic and substantive behaviour, where organisations separate formal claims from technical operations
to maintain legitimacy [155].

Figure 4.3 (showing green communication intensity through term frequency and sentiment analysis)
demonstrates the independent nature of communication strategies observed among these companies.
EDF maintains maximum intensity (99.9→100.0) despite modest performance improvements, while
ERG shows declining communication intensity (63.5→47.0) alongside substantial performance gains
(+63.0 points). This suggests that communication strategies often work independently from actual
environmental outcomes through systematic decoupling mechanisms [29].

The large increase of ERG’s performance requires some additional attention. ERG’s transformation
reflects a documented strategic shift toward becoming an operator purely focussed on renewables such
as wind and solar. According to their Annual Report [60], ERG completed the sale of its hydro
assets and added over 500 Megawatt (MW) of new renewable capacity within the same year. Similar
developments are mentioned in their 2021-2025 Industrial Plan [61], which projected 90% of €2.1
billion in investments toward renewables and reported that 400 MW were already under construction
at the time the plan was launched in 2021. A combination of phasing out assets and grouping renewable
energy under a single portfolio likely explains the sharp one-year performance improvement. Short-term
structural portfolio changes like this create amplified performance increases because improvements in
emission intensity performance carries over into other components of the GRAT. For example, the
2022 emission reductions compared to the previous higher baseline intensity (from 2021) drive goal
achievement rates, while forward-looking renewable investments support maximum target ambition
scores.

The credibility paradox, mentioned throughout the report, shows up clearly in cases like PGE. Their
+31.1-performance improvement achieved perfect goal achievement despite maintaining relatively high
emissions. According to their Integrated Report [189], revenue increased significantly as a result
of higher energy prices, while absolute emissions decreased slightly. Although this likely explains
the decrease in intensity, the actual change in intensity is disproportionately large (see Table C.1,
Appendix C) and is not well supported by the structural or methodological changes mentioned in
the report. When emission intensity improves without obvious structural changes, it creates concerns
about measurement credibility. This reflects the ’credibility paradox’, where companies control both
disclosure and verification [29].
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Table 4.1 shows that 9 out of 14 companies (around 64 percent) show decoupled patterns, where changes
in performance and communication move in opposite or disproportionate directions. Only 5 compa-
nies (around 36%) show aligned patterns where both dimensions change in the same direction with
proportional magnitude. This decoupling happens in different ways: ERG shows large performance
gains (+63.0 points) alongside much smaller communication increases (+5.1 points), while EDP shows
the opposite with performance improvements (+10.91 points) paired with substantial communication
decreases (-47.95 points). Scatec shows reverse decoupling, where performance decreases (-7.07 points)
while communication increases (+18.08 points).

This disconnect suggests that communication strategies operate independently of operational environ-
mental achievements within this sample, aligning with selective disclosure theory predictions where
companies control information flow regardless of actual performance [140, 29].

Some interesting examples illustrate the disconnected patterns. Ørsted’s case shows how companies
with solid environmental performance can still experience increasing greenwashing risk through com-
munication choices. The company’s greenwashing risk score (Figure 4.6) increased from 56.2 to 75.7
while its environmental performance remained high among the sample. This fits within signalling the-
ory predictions [220] about communication decisions working independently of underlying capabilities.
Similarly, EDF’s greenwashing risk trajectory (58.3→65.6) occurs despite almost perfect environmental
performance scores, suggesting that risk increases get shaped by communication choices rather than
underlying performance issues within this sample.

On the other end, Atlantica provides an example of communication withdrawal during poor perfor-
mance periods. The company’s already minimal green communication decreased even further from
2021 to 2022, combined with declining performance visible in Figure 4.2. This minimisation approach
is consistent with existing research showing that institutional pressure may cause organisations to sepa-
rate symbolic communication from actual operations [29]. In some cases, they may withhold disclosure
when credible claims are hard to support, choosing to report less when performance weakens rather
than exaggerate achievements [149].

The integrated GRAT confirms that communication strategies work separately from environmental
performance through these decoupling mechanisms among the 14 companies analysed. While these
patterns align with established decoupling theory, generalisation beyond this specific sample requires
a larger sample or additional research.

6.2.2 Multi-Dimensional Communication Quality Analysis

The five communication dimensions show distinct patterns across the 14 companies that extend be-
yond simple performance-communication relationships. Figure 4.4 shows how companies have varying
communication quality profiles, with some showing high scores on certain dimensions while scoring
substantially lower on others. This suggests that companies use different communication strategies
rather than following a single approach.

The correlation analysis in Table G.1 (Appendix G) shows the strongest significant relationship between
Language Vagueness and Temporal Orientation (r = 0.786, p < 0.001), indicating that companies
within this sample using vague environmental language also tend to make future-focused commitments
without specific timelines. This pattern points to coordinated communication strategies where unclear
language is combined with distant promises. Green Communication Intensity shows a significant
negative correlation with Reporting Consistency (r = -0.676, p < 0.001), indicating that companies with
higher environmental messaging tend to have less consistent year-over-year reporting. This negative
relationship may also reflect the pre-CSRD period when standardised reporting formats were not yet
required, allowing companies with high communication intensity to vary their reporting approaches
more substantially.
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Companies use different communication strategies across dimensions. Scatec in 2021 shows this pattern
well, achieving the highest scores among all companies for Language Vagueness (100.0) and Tempo-
ral Orientation (100.0), with above-average scores for Substantiation Weakness (75.1) and Reporting
Consistency (66.5), yet maintaining very low Green Communication intensity (3.2, the second lowest
in the sample). This suggests a strategy of minimal environmental messaging combined with vague,
future-focused language when environmental topics are addressed.

The PCG shows weak and non-significant correlations with all four communication quality dimensions
(r = 0.013 to 0.182, all p > 0.05), supporting the multi-dimensional GRAT design by suggesting that
performance-communication mismatches and communication quality issues may represent separate
greenwashing mechanisms. However, the small sample size limits definitive conclusions about these
relationships.

Several companies consistently show lower greenwashing risk through their communication approaches
across both years. Atlantica, Akenerji, and Arendals show relatively modest scores across most com-
munication quality dimensions while also maintaining relatively low PCG scores. This suggests more
conservative communication strategies that avoid the problematic patterns captured by the quality
dimensions.

6.2.3 Generalisability Limitations

As discussed before, the findings from these 14 companies within the EU electric utility sector cannot
be generalised to the broader European electric utility sector because of several limitations. With
only 14 companies, the sample lacks sufficient statistical power to support broad generalisations about
European electric utilities. The MWU test results acknowledge very low statistical power because of
the small number observations. Even if patterns appear meaningful within this sample, they could
represent random phenomena occurring between 2021 and 2022 rather than systematic sector-wide
trends.

Sample selection was driven entirely by data availability rather than representativeness. Only compa-
nies with complete data across all three sources (CDP, RE, sustainability reports) were included, with
CDP participation being voluntary and thus favouring companies willing to disclose environmental
data. This creates systematic bias where companies with better data management practices may also
exhibit different greenwashing behaviours compared to the broader sector. The implications of this
systematic bias limit the representativeness of the findings.

The 2021-2022 analysis period represents troubling transitional years marked by COVID-19 impacts
and pre-CSRD implementation conditions. COVID-19 created operational challenges that likely in-
fluenced both environmental performance and communication strategies in ways that may not reflect
normal operating conditions. Additionally, the pre-CSRD period featured varied reporting structures
across companies, which may not represent current standardised reporting practices following CSRD
implementation. EDF is the most prominent example of this, transitioning from a brief impact re-
port in 2021 to a large sustainability report in 2022, which resulted in unrealistically low reporting
consistency scores.

The analysis focused on Scope 1 and 2 emissions while excluding Scope 3 emissions because of data
availability and emission-calculation constraints. For electric utilities, Scope 3 emissions often represent
significant portions of total environmental impact, particularly for companies involved in fossil fuel
supply chains. This exclusion may affect performance assessments and limit the greenwashing risk
evaluation.

Interpreting risk scores has real constraints given the sample limitations and time scope. Normalisation
gets affected by sample size, meaning the small number of companies may skew how greenwashing
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dimensions get represented. This possibly resulted in rankings that misrepresent the utility sector as a
whole. Even if all 14 companies perform reasonably well environmentally, the GRAT still identifies the
’worst’ performers within this group, although they may not represent poor performance compared to
the broader European sector.

6.2.4 Methodological Validation and Sector Implications

The internal validation results among these 14 companies provide exploratory evidence for the GRAT’s
methodological stability. The ensemble methodology shows potential for broader use, while also ac-
knowledging the current limitations. The average standard deviation of the ensemble scores is 3.0
for the greenwashing risk score and 3.1 for the performance score, with scores ranging from 0 to
100 among these companies. This suggests that performance scoring and risk identification remains
relatively stable across different weight combinations within this sample.

Sensitivity Analysis Results
Internal validation through sensitivity testing of the chosen fixed weights shows strong robustness
within this sample. All 17 weight variation scenarios produced average rank shifts well below the 2.0
threshold for high robustness [201]. The scenarios with highest impact include green communication
adjustments, which show the highest CV values (1.618-1.657) and maximum score shifts (1.72-1.73),
indicating that green communication intensity weights most significantly influence score differences.
The amplifier weight reduction (-10%) shows the highest rank shift impact (0.214) but remains well
within acceptable bounds. Companies typically shift less than one position when communication sub-
component weights change by ±10% within this sample.

The company-level patterns show that four companies exhibit high score sensitivity (CV values above
15%), but their average rank shifts remain minimal, preserving the GRAT’s ability to compare com-
panies reliably within this sample. Companies with documented greenwashing histories show low to
moderate sensitivity levels: PGE maintains the lowest sensitivity (CV = 2.1%), while CEZ and Ørsted
fall into the moderate category.

Sector Analysis Implications
Despite generalisability limitations, the analysis provides insights into how systematic greenwashing
detection could work within regulated utility environments. Companies within regulated environments
may develop communication strategies that operate independently from operational environmental
improvements. Electric utilities face unique pressures related to infrastructure investment timelines,
regulatory approval processes, and public service obligations, potentially creating sector-specific com-
munication patterns.

6.2.5 Theoretical Implications for Greenwashing Understanding

These results offer early insights into greenwashing patterns that can inform theory. Still, broader vali-
dation is necessary before making definitive claims. The findings challenge common assumptions about
greenwashing by revealing that communication strategies work separately from environmental perfor-
mance through decoupling mechanisms among this specific sample. Multi-dimensional communication
analysis proves more effective at capturing misleading behaviour than single-dimensional approaches
within these companies.

This represents a potential theoretical contribution, suggesting that greenwashing happens through
multiple pathways beyond simple environmental overstatement: communication withdrawal strategies
and temporal messaging patterns that focus on future commitments without near-term plans. Different
companies within this sample handle institutional pressures and complexity in separate ways, as shown
by the performance patterns. This observation could be relevant to organisational theory, especially
in explaining how regulated sectors respond to legitimacy demands during operational transitions.

70



If confirmed in larger samples, the finding that green communication intensity functions as an in-
dependent capability could reshape how stakeholders interpret corporate environmental claims. The
patterns observed among these 14 companies suggest that stakeholders may need more sophisticated
frameworks for evaluating environmental claims that go beyond simple performance metrics. However,
all theoretical implications remain exploratory given the sample constraints and transitional period
context (COVID-19 and pre-CSRD implementation).
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7 Conclusion

This research developed the GRAT specifically designed for electric utilities and tested it on 14 Eu-
ropean electric utility companies. The GRAT represents the primary contribution of this thesis, ad-
dressing three fundamental gaps in existing literature through systematic integration of environmental
performance measurement with multi-dimensional communication analysis. This concluding chapter
addresses each research question directly, reflects on the tool’s key features, and outlines clear directions
for future use and research.

7.1 Answering the Sub-Research Questions

Each sub-research question addresses a different aspect of developing the GRAT. RQ1 establishes the
environmental performance measurement foundation, RQ2 examines communication strategy patterns,
and RQ3 integrates these domains to reveal greenwashing risk patterns.

7.1.1 RQ1: Performance Variations Among the 14 European Electric Utilities

Research Question 1: What environmental performance variations exist among European electric
utility companies based on systematic analysis of their available sustainability data?

The 14 European electric utilities analysed show wide variation in environmental performance. Ensem-
ble median scores range from 15.0 to 95.0 out of 100 points, with year-over-year changes spanning –35.1
to +63.0 points. The analysis reveals that performance variations follow recognisable patterns rather
than random fluctuations. Companies achieve environmental performance through different path-
ways across emission intensity, goal achievement, target ambition, and transparency components, each
contributing according to theoretical hierarchies established in literature. The most notable changes
include ERG’s transformation (+63.0 points), reflecting documented business model shift toward pure
renewables operation, and Atlantica’s decline (-35.1 points), demonstrating fluctuations in performance
for infrastructure-focused companies as well. PGE’s improvement (+31.1 points) achieved perfect goal
achievement despite maintaining relatively high emission intensity, illustrating how revenue-based in-
tensity calculations can create misleading progress indicators if based on performance from the previous
year.

The four performance components show different distribution patterns. Emission intensity scores
demonstrate the widest variation, from perfect scores (100.0 points) for companies like Ørsted and EDF
to minimal scores for PGE and Akenerji (0.0-5.43 points). Goal achievement reveals an interesting
credibility paradox, where companies control both disclosure and verification. Perfect scores (100.0
points) appear across very different company types: from clear transition leaders like EDF to coal-
heavy companies such as PGE in 2022. This suggests that the way how companies set their targets
may matter more than their actual emission reductions. Target ambition shows a shift toward stronger
commitments across the sample, with fifteen (out of 28) company-year observations reaching maximum
scores. However, this ambition comes at the cost of goal achievement scores as more than half of
these companies have goal achievement scores below 35 (most are zero). Suggesting that companies’
high target ambition often happens without matching implementation progresses. Companies receive
relatively high transparency scores, reflecting how consistent disclosure is between CDP self-reported
and RE third-party verified data.
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While these findings provide insights into utility performance measurement approaches, generalisation
beyond these specific companies requires larger, more representative samples.

7.1.2 RQ2: Communication Patterns Among the 14 European Electric Utilities

Research Question 2: What multi-dimensional communication patterns characterise environmental
disclosure in European electric utility companies?

The communication analysis among these 14 companies shows that companies use different strategic
approaches across five dimensions. These approaches work independently of performance levels. Com-
panies show different communication quality profiles - some score high on certain dimensions while
scoring much lower on others.

Key patterns include strong connections between Language Vagueness and Temporal Orientation (r =
0.786, p < 0.001) and negative connections between Green Communication Intensity and Reporting
Consistency (r = -0.676, p < 0.001). Companies like Scatec show this variety well, achieving maximum
scores for Language Vagueness (100.0) and Temporal Orientation (100.0) while keeping very low Green
Communication intensity (3.2). This suggests minimal environmental messaging combined with vague
language when environmental topics get addressed.

The communication dimensions show that companies use different strategic approaches across the five
areas. Green Communication connects with problematic communication patterns - companies using
more environmental messaging also tend to use more vague language, aspirational claims, and future-
focused commitments. Green Communication shows a strong negative connection with Reporting
Consistency (r = -0.676), indicating that higher environmental messaging goes with less consistent
reporting. Companies fall into distinct patterns. Some like Atlantica, Akenerji, and Arendals consis-
tently score lower across communication dimensions, using more conservative approaches. Others like
CEZ and Ørsted score high across multiple problematic dimensions, combining different problematic
communication strategies together.

7.1.3 RQ3: Greenwashing Patterns Among the 14 European Electric Utilities

Research Question 3: What greenwashing risk patterns are revealed when environmental performance
and communication characteristics are analysed together?

The integration analysis of 14 companies within the sample reveals that 64% display decoupled pat-
terns where communication and performance changes move in opposite or disproportionate directions,
with only 36% showing aligned patterns where both dimensions change in the same direction with
proportional magnitude. The PCG serves as the primary greenwashing risk indicator. It successfully
identifies disconnects between environmental achievements and communication intensity.

The analysis reveals multiple greenwashing pathways beyond simple environmental overstatement.
These include communication withdrawal strategies (as shown by Atlantica’s case) and temporal mes-
saging patterns that focus on future commitments without near-term implementation plans. Specific
examples include ERG showing aligned but disproportionate changes (+63.0 performance gains, +5.1
communication increases). EDP demonstrates opposite-direction decoupling (+10.91 performance, -
47.95 communication). Scatec presents reverse decoupling (-7.07 performance, +18.08 communication).

Companies achieve low greenwashing risk through different approaches: some minimise PCG contri-
butions (EDP, ERG), while others use limited green communication intensity to avoid gap-related
risk (Atlantica). The analysis demonstrates that communication quality problems amplify PCG ef-
fects, supporting multi-dimensional detection approaches. Importantly, the PCG shows weak and non-
significant correlations with communication quality dimensions (r = 0.013 to 0.182), suggesting that
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performance-communication mismatches and communication quality issues represent distinct green-
washing mechanisms that can occur independently. These patterns align with theoretical expectations
about decoupling mechanisms. However, the small sample size limits broader generalisation and keeps
the findings exploratory.

7.2 Answering the Main Research Question

Main Research Question: What greenwashing risk assessment tool can be developed for European
electric utility companies based on environmental performance metrics and multi-dimensional commu-
nication analysis?

This research successfully developed the GRAT. The tool systematically integrates environmental per-
formance measurement with multi-dimensional communication analysis for greenwashing risk assess-
ment. The GRAT operates through two integrated components. The first is a performance measure-
ment system using quantitative environmental data. The second is a communication analysis system
examining five distinct dimensions through rule-based NLP methods.

The GRAT addresses three fundamental literature gaps through specific methodological innovations:

• It bridges the PCG by systematically combining quantitative environmental data with qualitative
text analysis through the PCG calculation.

• It addresses the multi-dimensional communication analysis gap by examining communication
across substantiation weakness, language vagueness, temporal orientation, and reporting consis-
tency using sector-specific rule-based methods.

• It provides targeted analysis for electric utilities while maintaining adaptability for other sectors
through component modification.

The methodological framework uses transparency-focused design choices that enable regulatory and
academic applications. Rule-based NLP approaches provide interpretability compared to machine
learning methods, while the constrained ensemble approach handles weight uncertainty by system-
atically examining valid combinations within theoretical constraints rather than relying on arbitrary
selections. The GRAT was validated through both internal consistency testing and external validation
against documented greenwashing cases. However, the sample size constraints and other methodologi-
cal limitations discussed in Section 6.1.4 affect these results. The external validation results should be
considered indicative rather than conclusive.

For practical implementation, the tool serves multiple user types. These range from regulatory screen-
ing to academic research applications. It identifies companies requiring detailed investigation rather
than providing conclusive greenwashing evidence. This makes it suitable for systematic analysis of large
document sets while maintaining efficiency. Detailed implementation guidance appears in Chapter 5,
allowing users to apply the GRAT to new datasets and adapt it for different sectors.

7.3 Future Research Directions

The limitations discussed in Section 6.1.2 highlight several constraints of the current GRAT imple-
mentation that future research can address, this is mentioned both here and in the following section.

More recent data and larger datasets would improve how accurately normalization works and should
reveal clearer greenwashing patterns. Companies face growing pressure to disclose more as regulatory
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requirements and stakeholder demands increase. The potential for this approach keeps expanding.
Recent regulatory developments make this scale expansion especially relevant. After CSRD implemen-
tation, research could benefit from standardized reporting structures. Technical challenges would de-
crease while providing more relevant regulatory insights. Comparative studies could examine the same
companies before CSRD implementation (2021-2022) and after implementation (2025+). Whether
stricter reporting requirements effectively reduce greenwashing behaviour could be assessed through
this approach.

These larger and expanded datasets also enable sector-specific improvements and provide more robust
statistical foundations for validation. For utilities specifically, renewable energy performance should
receive greater weight based on literature support rather than being treated as bonus scoring because
of data constraints. Including more companies in recent datasets would address this limitation while
providing sector-specific insights. One of the noted limitations is the exclusive focus on sustainability
reports. Researchers could address this by combining the GRAT with a web scraping tool that can
extract large volumes of company communication from multiple sources. The NLP modules are already
suited to handle this input without further modification.

Hybrid approaches that combine rule-based analysis, which is mostly used in this research, with ma-
chine learning could capture subtle linguistic strategies better while keeping results interpretable.
Machine learning models could be trained on a large dataset of confirmed greenwashing cases across
multiple years, using company communication as training input for the model. Once trained, these
models could be applied to predict greenwashing risk in other companies. Communication patterns
missed by English-only approaches would be revealed through multi-language analysis. Current pattern
detection problems could be addressed through better NLP modules developed with greater linguistic
expertise. Cross-sector comparative studies using adapted GRAT versions could identify sector-specific
greenwashing patterns while testing the tool’s broader applicability. How stakeholders respond to
greenwashing detection needs more detailed examination, since this is still a literature gap. This would
reveal in more detail how these findings translate into investment behaviour and policy responses.

7.4 Final Recommendations

The development of GRAT allows for several practical applications across various user groups. The
following recommendations show how the tool can be used in policy, academic, and stakeholder con-
texts.

Policy and Regulatory Applications
Policy and regulatory development can benefit from several recommendations that come from this
GRAT. European regulators should consider integrating multi-dimensional greenwashing detection into
CSRD compliance monitoring. Large volumes of sustainability reports can be processed systematically
through the GRAT, making it well-suited for regulatory oversight at larger scale. Instead of manual
review, the GRAT could identify companies requiring detailed investigation. Limited resources could
get directed more effectively this way.

The EU Green Claims Directive requires “robust, science-based evidence” to support environmental
claims. The substantiation weakness dimension aligns directly with these requirements. Compliance
with evidence-based disclosure requirements could be assessed through this component. Companies
with high substantiation weakness scores rely systematically on aspirational rather than evidence-based
claims. This indicates potential non-compliance with the evolving regulatory standards. Moreover,
even when companies score low on substantiation weakness, this means their quantified claims can be
directly compared to actual performance, making fact-checking easier.
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Companies making distant promises without near-term implementation plans get revealed through the
temporal orientation dimension. This pattern matches regulatory concerns about net-zero commit-
ments that lack credible short-term action. Companies with high temporal orientation scores could
be required to provide detailed targets and implementation milestones as part of regulatory approval
processes. Documented greenwashing cases validate the GRAT, suggesting it could support risk assess-
ment before enforcement actions. Companies with consistently high-risk scores and specific commu-
nication quality problems could attract closer oversight from regulators. Rule-based methods provide
transparency that makes findings defensible in contexts that require explainable decision-making.

The GRAT provides a standardized approach for comparing greenwashing risk across European mar-
kets, serving international coordination purposes. As sustainability disclosure requirements expand
globally, similar methodologies could help harmonize greenwashing detection. These approaches would
need to account for both sector-specific and regional differences.

Academic and Methodological Applications
The GRAT shows how performance and communication analysis can work together systematically
while handling methodological uncertainty. The constrained ensemble approach works as a template
for developing composite indicators when theoretical guidance exists, but optimal weights remain
unknown. This contributes to composite indicator methodology beyond greenwashing detection. Re-
search institutions can adapt the tool for sector-specific studies while keeping methodological rigor.
The rule-based NLP methodology offers transparency advantages over machine learning approaches in
regulatory contexts. This makes it suitable for academic applications that need interpretable results.

Stakeholder and Investment Applications
Investment managers and ESG analysts can use the GRAT to screen environmental claims across port-
folio companies. The tool shows specific communication quality issues that need further investigation.
This helps allocate due diligence resources more efficiently and supports better investment decisions.
Corporate sustainability managers can apply the tool to compare their communication practices with
sector peers and find areas for improvement. The detailed insights across different dimensions help
companies fix specific communication quality problems. This supports better environmental disclosure
practices. The GRAT represents a significant step forward in systematic greenwashing detection while
being transparent about methodological limitations. It is the first integrated tool designed specifi-
cally for combining performance and communication analysis. This gives stakeholders and regulators
evidence-based methods for identifying potential environmental misrepresentation. It also contributes
to theoretical understanding of greenwashing mechanisms.
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A Company Sample Profiles

This Appendix gives information for each of the 14 companies within the final sample. Company pro-
files below draw from recent third-party business descriptions (Reuters, Morningstar, Marketscreener)
supplemented with operational data from CDP 2022 submissions, noting that current business struc-
tures may differ from the 2021-2022 analysis period because of ongoing industry transformation.

Akenerji Elektrik Üretim A.Ş. is "a Turkey-based company engaged in the power and steam
generation" that "also makes investments in the renewable energy sector" and "is a member of the
Akkok Group of Companies" [197]. The company operates with "1,224 MW" installed capacity where
"26% of our installed power...consists of renewable energy sources" across "1 natural gas combined
cycle, 1 wind power plant and 7 hydroelectric power plants" [34].

Arendals Fossekompani ASA is "an industrial investment company holding several core invest-
ments" that "invests in and owns companies that make energy from renewable sources more usable
and accessible" and "owns and operates two hydropower plants" [160]. "Established in 1896 to harness
the energy from an everlasting natural resource; water," and the company "has been listed on the Oslo
Stock Exchange since 1913" [34].

Atlantica Sustainable Infrastructure PLC is "a sustainable infrastructure company with a major-
ity of its business in renewable energy assets" with facilities "in North America...South America...and
EMEA" [147]. The company maintains "2,121 MW of aggregate renewable energy installed generation
capacity (of which 73% is solar)" where "our renewable sector represented 75% of our revenue with
solar energy representing 64%" [34].

CEZ is "a Czech energy company of which the government of the Czech Republic is the majority
shareholder" with "core business...the generation, distribution, trade, and sale of electricity and heat"
[161]. The utility operates "nuclear, coal-fired, gas-fired, hydroelectric, photovoltaic (PV), wind, and
biogas facilities" and employs "more than 28,000 people" [34].

EDF (Électricité de France) is a "France-based company...predominantly engaged in carbon-free
electricity in power plants" and functions as "Producer and distributor of gas and electricity for utility
purposes to individual and commercial clients" [148]. The utility maintains "a global installed net
generation capacity of 116.9 GWe" with "171,490 employees" serving "approximately 40.3 million
customers" where "90% of the generation is carbon free at Group level" [34].

EDP (Energias de Portugal) is "a vertically integrated utility company and is the largest generator,
supplier, and distributor of electricity in Portugal" that "owns 71% of EDP Renovaveis, the fourth-
largest wind power owner/operator in the world" [162]. The company had "an installed capacity of
around 26 Gigawatt (GW) (79% renewable)" with "around 13.2 thousand employees" and "generated
about 61 Terawatt hour (TWh) of electricity worldwide, of which 74% from renewable energy sources"
[34].

ERG S.p.A "produces electricity from clean, renewable, and sustainable sources" where "wind power
production is handled by subsidiary ENG Renew" and operates "to markets across Europe" [164].
The company maintains "2,944 MW" installed capacity after completing "its transformation towards
a pure ’Wind & Solar’ business model" following asset divestments [34].

Endesa "generates, distributes, and supplies electricity in Spain and Portugal" with generation "split
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among hydroelectric, nuclear, natural gas, oil, solar, and wind" and "also supplies gas to retail and
business customers in Spain and France" [163]. The utility maintains "a total power installed capacity
of 22,044 MW" where "renewables represent 9,293 MW (approximately 42% of the total)" with "9,258
employees" [34].

PGE (Polska Grupa Energetyczna SA) is "a Polish electric utility company of which the Polish
State Treasury is the majority shareholder" that "controls a portfolio of lignite, coal, gas, biomass,
hydro, and wind power plants" [166]. The utility employs "almost 40,000 employees" and "accounts
for approx. 40% of electricity output in Poland" covering "the entire value chain: from lignite mining,
through generation of electricity and heat, to distribution and sales" [34].

Romande Energie Holding SA is "a Swiss utility company involved in the generation, distribution,
and marketing of electricity and energy services" that "generates maximum revenue from the Energy
Solutions segment" [167]. The utility employs "more than 1.250 employees working in 5 different
cantons" where "all our generation assets are driven by renewable sources of energy" [34].

Scatec ASA is "a renewable energy solutions provider, developing, building, investing in, and oper-
ating renewable energy plants across different continents" that "derives maximum revenue from South
Africa, followed by Botswana, Tunisia, Netherlands" [168]. The company maintains "4.6 GW in oper-
ation and under construction across four continents" with "close to 800 passionate employees" [34].

Solaria Energia y Medio Ambiente SA is "a solar PV power generation company" that "owns,
manages and operates PV plants in Spain, Italy, Uruguay, Greece and Brazil" [169]. The company
"manages plants in Spain, Italy, Portugal, Uruguay and Greece and has a pipeline of more than 14,200
MW" with target to "have installed 18 GW of emission-free energy by 2030" [34].

Terna Energy S.A is "a Greece based company mainly engaged in the growing renewable energy"
that "promotes the development and implementation of solar, wind, geothermal, battery storage and
green hydrogen technologies" [170]. The utility had "installed capacity of 905.23MW" by 2022 across
"wind parks, hydroelectric projects, pumped storage projects, hybrid stations and photovoltaics" in
"Greece, Bulgaria and Poland" [34].

Ørsted is a "Danish company" that was "named Dong Energy until the sale of all its oil and gas
fields to Ineos in 2017" and "operated 9.9 gigawatts of offshore wind farms at the end of 2024" [165].
The company "develops, constructs, and operates offshore and onshore wind farms, solar farms, energy
storage facilities" with approximately "8,000 people" employed and plans to "reach 50GW installed
renewable capacity" by 2030 [34].

Table A.1 shows key characteristics of the final sample, revealing the diversity in scale, renewable
portfolio composition, and business models across the 14 utilities. Companies range from specialised
renewable energy developers to large vertically integrated utilities, with installed capacities spanning
from under 1 GW to over 100 GW and renewable portfolios from 26% to 100%.
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Table A.1: Sample Company Characteristics

Company Country Installed
Capacity
(MW)

Renewable
Portfolio
(%)*

Employee
Count

Business Model
Type

Akenerji Turkey 1,224 (CDP) 26% (CDP) Not specified Generation-Focused
Arendals
Fos-
sekom-
pani

Norway Not specified Not specified Not specified Investment Company

Atlantica United
Kingdom

2,464 (CDP) 86% (CDP) Not specified Infrastructure Invest-
ment

CEZ
Czech

Republic Not specified Not specified 28,000+
(CDP)

Vertically Integrated
Utility

EDF France 116,900
(CDP)

90% (CDP) 171,490
(CDP)

Vertically Integrated
Utility

EDP Portugal 26,000 (CDP) 79% (CDP) 13,200 (CDP) Vertically Integrated
Utility

ERG Italy 2,944 (CDP) 100% (CDP) Not specified Renewable Energy
Specialist

Endesa Spain 22,044 (CDP) 42% (CDP) 9,258 (CDP) Vertically Integrated
Utility

PGE Poland Not specified Not specified 40,000 (CDP) Vertically Integrated
Utility

Romande
Energie

Switzerland Not specified 100% (CDP) 1,250+
(CDP)

Vertically Integrated
Utility

Scatec Norway 4,600 (CDP) 100% (CDP) 800 (CDP) Renewable Energy
Specialist

Solaria Spain Not specified 100% (Morn-
ingstar)

Not specified Renewable Energy
Specialist

Terna En-
ergy

Greece 905 (CDP) 100% (CDP) Not specified Renewable Energy
Specialist

Ørsted Denmark 14,700
(Morn-
ingstar)

∼99%
(CDP)

8,000 (CDP) Renewable Energy
Specialist

* Percentage of renewable energy within electricity portfolio

Business model categories reflect distinct operational approaches: vertically integrated utilities handle
the full electricity value chain from generation through distribution to retail; renewable energy spe-
cialists focus primarily on developing and operating clean energy assets; investment companies hold
portfolios of energy infrastructure assets; generation-focused companies concentrate on power pro-
duction activities. Infrastructure investment companies develop and own sustainable infrastructure
projects across multiple regions.
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B Sustainability Report Sources

This appendix provides direct links to all sustainability reports analysed in this research. The 2021-
2022 period is before CSRD implementation, resulting in varied report titles and structures across
companies. Some organisations published integrated reports, others focused ESG performance reports,
and several companies used report different between years. This variation shows the pre-standardised
reporting landscape that characterises the study period. See Table B.1 below.

Table B.1: Sustainability Report URLs by Company and Year

Company 2021 Report 2022 Report
Akenerji Integrated Report Integrated Report
Arendals Annual Report Annual Integrated Report
Atlantica ESG Supplement to Annual Report Integrated Annual Report
CEZ Sustainability Report Sustainability Report
EDF CSR Reports and Indicators Sustainability Report
EDP Sustainability Report Integrated Report
ERG Consolidated Non-Financial Statement

Report
Consolidated Non-Financial Statement
Report

Endesa Non-Financial Information and Sustain-
ability Statement

Non-Financial Information and Sustain-
ability Statement

PGE Integrated Report Integrated Report
Romande Sustainability Report Sustainability Report
Scatec ESG Performance Report ESG Performance Report
Solaria ESG Report Sustainability Report
Terna CSR Report CSR Report
Ørsted Sustainability Report Sustainability Report
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https://www.akenerji.com.tr/Dosya/Dokuman/Akenerji_Integrated_2021_FINAL.PDF
https://www.akenerji.com.tr/Dosya/Dokuman/Akenerji-Entegre-2022-Small-Compressed-En.pdf
https://arendalsfoss-site.files.svdcdn.com/production/website/documents/2021_AFK_Annual-Report.pdf?dm=1652349979
https://arendalsfoss-site.files.svdcdn.com/production/website/documents/Annual-Integrated-Report-2022.pdf?dm=1681279957
https://atlantica.com/wp-content/uploads/documents/2021-Supplement-on-ESG-to-the-U.K.-Annual-Report.pdf
https://atlantica.com/wp-content/uploads/documents/2022_Integrated_Annual_Report_FV.pdf
https://www.cez.cz/webpublic/file/edee/esg/documents/sustainability-reports/zour-aj_print_friendly.pdf
https://www.cez.cz/webpublic/file/edee/esg/documents/sustainability-reports/cez-zour-aj-2022.pdf
https://www.edf.fr/en/the-edf-group/taking-action-as-a-responsible-company/corporate-social-responsibility/reports-and-indicators/impact
https://www.edf-re.com/wp-content/uploads/EDFR-Sustainability-Report-2023_FY2022-1.pdf
https://www.edp.com/sites/default/files/document/2025-02/EDP%20Sustainability%20Report%202021_4.pdf
https://www.edp.com/sites/default/files/document/2025-04/Integrated%20Report%202022%20-%20website%20version.pdf
https://www.erg.eu/c/document_library/get_file?uuid=13ea9ffd-a32c-07d6-95fb-05a947333ad4&groupId=10181&version=1.0
https://www.erg.eu/c/document_library/get_file?uuid=13ea9ffd-a32c-07d6-95fb-05a947333ad4&groupId=10181&version=1.0
https://www.erg.eu/c/document_library/get_file?uuid=be09833d-dd28-95a5-87b9-8795335235bb&groupId=10181&version=1.0
https://www.erg.eu/c/document_library/get_file?uuid=be09833d-dd28-95a5-87b9-8795335235bb&groupId=10181&version=1.0
https://www.endesa.com/content/dam/enel-es/endesa-en/home/investors/financialinformation/financialresults/documents/2021/fy/statement-of-non-financial-information-and-sustainability-2021.pdf
https://www.endesa.com/content/dam/enel-es/endesa-en/home/investors/financialinformation/financialresults/documents/2021/fy/statement-of-non-financial-information-and-sustainability-2021.pdf
https://www.endesa.com/content/dam/enel-es/endesa-en/home/investors/financialinformation/financialresults/documents/2022/fy/statement-of-non-financial-information-and-sustainability-2022.pdf
https://www.endesa.com/content/dam/enel-es/endesa-en/home/investors/financialinformation/financialresults/documents/2022/fy/statement-of-non-financial-information-and-sustainability-2022.pdf
https://raportzintegrowany2021.gkpge.pl/en/wp-content/uploads/sites/2/2022/12/PGEintegratedreport2211.pdf
https://raportzintegrowany2022.gkpge.pl/en/wp-content/uploads/sites/2/2023/12/PGEskrotraportuEN.pdf
https://investor.romande-energie.ch/~/media/Files/R/Romande-Energie-IR/documents/english/2021_substainability_report.pdf
https://investor.romande-energie.ch/~/media/Files/R/Romande-Energie-IR/Attachments/reports-sustainability-eng/2022_sustainability_report.pdf
https://annualreport2021.scatec.com/wp-content/uploads/sites/10/2022/03/Scatec-ESG-Performance-Report-2021.pdf
https://annualreport2022.scatec.com/wp-content/uploads/sites/11/2023/03/Scatec-ESG-Performance-Report-2022.pdf
https://solariaenergia.com/wp-content/uploads/ESG-report-2021-1.pdf
https://solariaenergia.com/wp-content/uploads/SUSTAINABILITY-REPORT-SOLARIA-2022.pdf
https://www.terna-energy.com/wp-content/uploads/2022/09/TernaEnergy_CSR_Report_2021ENG.pdf
https://www.terna-energy.com/wp-content/uploads/2023/07/TernaEnergy_CSR_Report_2022ENG_final.pdf
https://cdn.orsted.com/-/media/annual2021/orsted-sustainability-report-2021.pdf?rev=73e095e2b70c4f1e8933aa13a3c8b773&hash=E84678BA9ECA8AFEE97A34E11E0A9249
https://cdn.orsted.com/-/media/2022-annual-report/orsted-sustainability-report-2022.pdf?rev=eda5465ba5784866b6cea99e58088f94


C Performance Data and Scores

C.1 Required Data

This section presents the raw performance data extracted from CDP and RE sources used in the
environmental performance component of the GRAT. All data comes from RE except for the CDP
emission intensity values, which provide the self-reported comparison component for transparency
assessment. Revenue figures are expressed in million US dollars, while Scope 1 and 2 emissions are
measured in tons CO2 equivalent.

Missing data points are marked with asterisks (*) and indicate cases where target years or reduction
percentages were unavailable for specific years. When this occurred, values from adjacent years were
used to maintain data completeness for the performance calculations.

The industry benchmarks used for calculating relative performance scores were derived from the 27-
company European utility dataset. These sector averages provide the reference points for emission
intensity and renewable energy scoring:

• Average Emission Intensity 2021: 1,265.07 tCO2e/million USD

• Average Emission Intensity 2022: 686.67 tCO2e/million USD

• Average Renewable Intensity 2021: 6,801.5 units/million USD

• Average Renewable Intensity 2022: 6,229.29 units/million USD
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Table C.1: Complete Performance Dataset

Company
CDP
Int.21

CDP
Int.22

Eikon
Int.20

Eikon
Int.21

Eikon
Int.22

Ren.
20

Ren.
21

Ren.
22

Target
Yr 20

Target
Yr 21

Target
Yr 22

Target
% 20

Target
% 21

Target
% 22

Akenerji 3.5E3 1.1E3 4.7E3 5.3E3 1.3E3 1.1E4 9.3E3 3.0E3 2035 2030 2030 50 55 50
Arendals 5.8E-1 3.3E-1 2.5E0 9.2E0 8.7E0 5.8E1 – – 2050 2030 2030 100 98 42
Atlantica 1.7E3 1.9E3 1.9E3 1.7E3 1.9E3 1.0E3 8.8E2 1.5E3 2035 2035 2035 70 70 70
CEZ 1.9E3 1.5E3 2.4E3 1.9E3 1.5E3 2.0E3 1.5E3 9.5E2 2025 2030 2025* 33 50 50*
EDF 2.8E2 1.6E2 3.3E2 2.9E2 1.6E2 3.6E3 1.3E0 8.4E-1 2030 2023 2023 50 23 23
EDP 6.0E2 4.5E2 6.5E2 6.2E2 4.5E2 1.1E4 9.6E3 7.4E3 2030 2025 2025 90 70 70
ERG 6.4E2 7.9E0 1.1E3 1.4E3 7.8E0 – 2.2E4 2.2E4 2050 2030 2025 55 55 45
Endesa 2.2E3 4.0E2 5.2E2 4.7E2 4.0E2 2.3E3 1.9E3 1.2E3 2023 2023 2023* 70 75 75*
PGE 3.7E6 4.4E3 4.8E3 5.6E3 4.3E3 7.3E2 8.3E2 6.9E2 2050 2030 2030 100 80 80
Romande 2.0E-2 2.2E4 1.0E1 1.3E1 1.3E1 – – – 2023* 2023* 2023 5* 5* 5
Scatec 1.1E1 1.9E1 3.1E1 2.9E1 3.1E1 6.4E1 2.6E1 1.4E2 2030 2030 2030 50 50 95
Solaria 9.0E0 1.1E1 4.0E0 9.3E0 1.1E1 2.8E4 2.9E4 3.4E4 2021 2030 2030 14 100 100
Terna 8.9E0 9.7E0 5.2E2 6.0E2 5.8E2 8.3E1 8.5E1 6.7E1 2030* 2030* 2030 28* 28* 46
Ørsted 1.8E2 1.4E2 2.4E2 1.9E2 1.6E2 1.3E4 1.0E4 8.4E3 2023 2023 2025 20 20 97.83

Note: CDP Int. = CDP Emission Intensity (tCO2e/million USD), Eikon Int. = Eikon Emission Intensity (tCO2e/million USD), Ren/Rev
= Renewable Energy per Revenue (units/million USD), Target Yr = Emission Reduction Target Year, Target % = Emission Reduction Target
Percentage. (--) indicates unavailable data.



C.2 Component Scores

Table C.2 below presents individual component scores for all companies across both years, calculated
before ensemble integration. Components follow a 0-100 scoring scale. The Suspicious Changes Penalty
can subtract up to 10 points, while the Renewable Energy Bonus adds up to 10 points. Companies are
scored against industry benchmarks and theoretical thresholds rather than being normalised within
the sample, following the methodology from Chapter 3.3.1.

Table C.2: Individual Performance Component Scores

Company Year
Emission
Intensity

Goal
Achiev.

Target
Amb. Transp.

Sus. Changes
Penalty

Ren. Energy
Bonus

Akenerji 2021 0 0 61.11 0 0 4.87
Akenerji 2022 5.43 100 62.5 40 -2.73 0
Arendals 2021 100 0 100 0 -2.16 0
Arendals 2022 100 61.46 52.5 0 -4 0
Atlantica 2021 25.81 100 50 99.86 0 0
Atlantica 2022 0 0 53.85 95.62 0 1.76
CEZ 2021 19.6 100 55.56 100 -4 0
CEZ 2022 0 86.44 100 100 -10 0
EDF 2021 100 86.26 100 71.38 -4 0
EDF 2022 100 100 100 100 0 0
EDP 2021 100 15.44 100 71.79 -3.78 5.04
EDP 2022 68.31 80.79 100 100 0 4.17
ERG 2021 38.33 0 61.11 0 0 8
ERG 2022 100 100 100 100 -3.45 8
Endesa 2021 100 16.72 100 100 0 0
Endesa 2022 76.61 20.75 100 100 -10 0
PGE 2021 0 0 88.89 100 -3.6 1.13
PGE 2022 0 100 100 100 0 0
Romande 2021 100 0 25 0 -10 0
Romande 2022 100 0 50 100 0 0
Scatec 2021 100 59.48 55.56 0 0 0
Scatec 2022 100 0 100 0 0 2
Solaria 2021 100 0 100 71.93 -10 9.02
Solaria 2022 100 0 100 100 0 9.18
Terna 2021 100 0 31.11 0 0 1.02
Terna 2022 51.78 27.28 57.5 0 0 0
Ørsted 2021 100 100 100 70.91 0 5.28
Ørsted 2022 100 33.17 100 36.37 -2.8 4.76

Note: Goal Achiev. = Goal Achievement, Target Amb. = Target Ambition, Transp. = Transparency,
Sus. Changes = Suspicious Changes, Ren. Energy = Renewable Energy.

C.3 Ensemble statistics

Table C.3 below shows the ensemble statistics calculated across all 2,285 valid weight combinations
for each company-year observation. The ensemble method tests different weight allocations within
theoretical constraints, creating a distribution of scores for each case. The median scores become the
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final performance values used in the greenwashing analysis. Standard deviation and quartile ranges
show how much scores change when weights vary.

Table C.3: Performance Ensemble Statistics

Company Year Mean Median
Std
Dev Min Max Q25 Q75 IQR

Akenerji 2021 14.8 14.98 2.59 7.76 21.09 13.31 16.65 3.34
Akenerji 2022 40.96 41.37 3.28 31.46 47.1 38.58 43.71 5.13
Arendals 2021 52.43 52.58 3.93 44.4 63.49 49.85 55.31 5.46
Arendals 2022 59.28 59.78 3.77 46.89 66.47 56.86 62.16 5.3
Atlantica 2021 54.65 54.82 2.79 47.18 61.76 52.59 56.68 4.09
Atlantica 2022 19.85 19.7 4.59 8.88 33.34 16.66 22.96 6.3
CEZ 2021 49.64 49.78 3.08 41.84 57.84 47.34 51.9 4.56
CEZ 2022 40.74 40.43 4.85 31.56 54.07 36.79 44.36 7.57
EDF 2021 80.84 80.91 0.9 78.04 83.1 80.27 81.47 1.2
EDF 2022 90.91 90.91 0 90.91 90.91 90.91 90.91 0
EDP 2021 66.54 66.68 3.2 56.95 74.37 64.38 68.73 4.35
EDP 2022 77.66 77.59 1.68 73.49 82.38 76.44 78.85 2.41
Endesa 2021 68.43 68.95 3.56 57.6 77.28 65.92 71.22 5.3
Endesa 2022 51.68 52.16 3.48 40.55 58.43 49.46 54.32 4.86
ERG 2021 31.99 32.04 2.02 26.29 36.92 30.58 33.5 2.92
ERG 2022 95.04 95.04 0 95.04 95.04 95.04 95.04 0
Ørsted 2021 92.94 93.07 1.06 89.63 94.39 92.27 93.86 1.59
Ørsted 2022 68.6 68.59 2.59 63.07 75.83 66.71 70.48 3.77
PGE 2021 22.37 22.51 5.82 7.15 38.06 18.47 26.34 7.87
PGE 2022 53.49 53.64 4.86 45.45 66.36 50 57.27 7.27
Romande 2021 32.57 32.5 4.27 20.91 41.36 29.32 35.91 6.59
Romande 2022 55.43 55 3.78 48.18 66.82 52.73 58.18 5.45
Scatec 2021 62.9 63.43 3.67 50.72 69.57 60.56 65.72 5.16
Scatec 2022 56.22 56.36 3.93 48.18 67.27 53.64 59.09 5.45
Solaria 2021 60.36 60.48 3.84 48.75 69.83 57.84 63.07 5.23
Solaria 2022 72.26 72.89 4.27 59.25 82.89 69.25 75.62 6.37
Terna 2021 43.63 43.57 4.15 32.26 52.61 40.56 46.93 6.37
Terna 2022 36.5 36.52 1.65 31.71 40.74 35.38 37.68 2.3

Standard deviations range from perfect agreement (0.0 for top performers like EDF 2022 and ERG
2022) to higher uncertainty (5.82 for PGE 2021). This suggests stronger reliability for companies with
clear performance profiles and more sensitivity for transitional cases. Q25 and Q75 represent the 25th
and 75th percentiles of the score distribution, while IQR measures the spread between these quartiles.
These statistics reveal how stable scores remain across different weighting scenarios.
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D NLP Modules and Verification

The sections below explain how each module works conceptually and show verification examples of
their accuracy in detecting relevant patterns. The verifications (in grey, see below) are verification print
statement copied directly from the modules. For the actual code implementation, module specifications,
and technical documentation, see the GitHub repository referenced in Appendix K.

D.1 Green Terms Module

This module counts environmental words in sustainability reports to measure how much companies
talk about green topics.

The word lists include two main types:

• Natural (inherently) green terms: Words that are naturally environmental. Examples are
’renewable’, ’sustainable’, ’biodiversity’, ’solar power’, ’carbon neutral’.

• Context-dependent terms: Neutral words like ’emissions’, ’CO2’, or ’carbon footprint’ that
only count as green when paired with the right context words: ’reduced emissions’, ’captured
CO2’, ’improved footprint’.

The extraction works in stages to avoid double-counting. Longer term/phrases get picked up first
(’renewable energy generation’), then shorter ones (’renewable’). This stops the same text/terms from
being counted twice.

Negation filtering catches green terms used in negative ways. Examples:

• ’Lack of renewable energy investments’ does not count as green.

• ’Unable to meet sustainability targets’ ’sustainability’ is excluded.

The system checks different parts of sentences around each term to find various negation patterns:
direct negations such as ’not sustainable’, failed actions such as ’couldn’t improve efficiency’, and
broader negative phrases.

The final calculation as follows:

• Green term frequency = (green words ÷ total content words) × 100.

• Total content words exclude stopwords, punctuation, and whitespace.

• Vocabulary diversity tracks unique environmental words found.

• Quality checks show how many terms got filtered out.

Outputs for Communication Scoring
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• Green Communication Intensity dimension: This frequency percentage and vocabulary diversity
is used in the main communication scoring system (PCG).

It measures environmental content coverage across climate, energy, and sustainability topics [89]. Pro-
viding a clear measure of how frequently environmental terms appear relative to the rest of the report.

D.1.1 Green Term Verification

The module accurately identifies a range of term types, from basic nouns such as "sustainability" to
more complex phrases like "low carbon economy." It also handles context-dependent terms, correctly
classifying neutral words like "waste" when they appear in green contexts. See below:

VALID TERMS IN TEXT ORDER:

————————————————————-

1. NOUN TERM: sustainability

Context: the scope of our announced **sustainability** goals , we focused on

2. NOUN TERM: adaptation

Context: determined our focus areas as **adaptation** to climate change and transition

2. VERB TERM: transition

Context: adaptation to climate change and **transition** to a low carbon economy

2. MULTIWORD ADJECTIVE TERM: low carbon

Context: change and transition to a **low carbon** economy , zero waste and

5. CONTEXT-DEPENDENT NOUN (NEGATIVE): zero waste

(Context: ’zero’ -> Neutral: ’waste’)

Context: low carbon economy , zero **waste** and circular economy , combating

The negation filter excludes terms that should not count as green communication by applying methods
such as direct negation and dependency parsing. By doing this, green terms that are used in a negative
context are not counted since this is not green communication. However, it occasionally filters out
valid terms due to the complexity of sentences and cannot detect double negatives (see: no large
environmental spills).

EXAMPLES OF NEGATED TERMS (EXCLUDED FROM COUNT):

————————————————————-

1. ADJECTIVE TERM: environmental

Negated by: No (type: direct_negation_head_subtree in head_subtree scope)

Context: No large **environmental** spills occurred in terms of

2. NOUN TERM: improvement

Negated by: not (type: spacy_neg_head_subtree in head_subtree scope)

Context: Standards , amendments and **improvements** issued but not yet effective

3. VERB TERM: transition

Negated by: without (type: direct_negation_ancestors in ancestors scope)

Context: Changes without any **transition** requirement , material changes in
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4. ADJECTIVE TERM: recoverable

Negated by: not (type: spacy_neg_head_subtree in head_subtree scope)

Context: carrying amount may not be **recoverable** .

D.2 Green Term Context Classification Module

This module classifies the context of already-identified green terms in the previous module across three
dimensions to assess communication quality. It is added after the existing code for the Green Term
Module.

The module applies three separate classification checks:

1. Temporal Scope Classification

• Past context: Terms describing completed actions: ’achieved carbon neutrality in 2020’,
’reduced emissions by 15% last year’.

• Present context: Terms describing current/present status: ’currently operating 500MW of
solar capacity’, ’our renewable energy portfolio generates’.

• Future context: Terms describing planned actions: ’will install wind turbines by 2030’, ’tar-
geting net zero emissions by 2050’.

The system finds governing (connected) verbs for each found green term using dependency parsing. It
then analyses verb tense and searches for temporal markers within five tokens of the term. Temporal
markers are adjusted for report year. 2021 reports treat 2021 as present, ≥2022 as future etc.

2. Quantification Classification The module detects two types of quantification connections:

• Direct quantifications: Specific numbers with units: ’2,284 MWh of clean energy’, ’€50 mil-
lion investment in renewables’, ’25% reduction in emissions’.

• Relative quantifications: Comparative terms without direct quantifications: ’doubled renewable
capacity’, ’increased efficiency’.

The code reconstructs quantifications from fragmented tokens: The code searches for numbers near cur-
rency symbols, units, or percentage signs within a few tokens, then combines them back into complete
quantifications. It assesses syntactic connections using three methods: direct dependency relation-
ships, proximity within sentences, and pattern recognition. The connection strength determines final
classification:

• Highly quantified: Strong connection to currency, percentage, or unit quantifications.

• Partially quantified: Connection to relative quantifiers or weaker direct quantifications.

• Non-quantified: No meaningful/close proximity quantification connections found.

3. Evidence vs Aspirational Classification This classification identifies the difference between
concrete evidence and future commitments:
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• Strong evidence terms: Completed, verifiable actions: ’installed 200MW solar capacity’,
’achieved ISO 14001 certification’, ’measured 15% emission reduction’.

• Moderate evidence terms: Ongoing or implemented actions: ’operates renewable facilities’,
’generates clean energy’, ’maintains environmental standards’.

• Strong aspirational terms: Uncertain or conditional future plans: ’should achieve neutrality’,
’might invest in renewables’, ’vision includes clean energy’.

• Moderate aspirational terms: Committed future intentions: ’will install wind turbines’, ’plan
to reduce emissions’, ’strategy targets carbon neutrality’.

The system uses targeted marker detection around semantic governors (main verb that controls a
green term in a sentence). It avoids sentence-wide searches. Evidence markers include completed
actions (’achieved’, ’implemented’), verified outcomes (’certified’, ’audited’), and measured results
(’demonstrated’, ’recorded’). Aspirational markers include modal uncertainty (’should’, ’could’), future
commitments (’will’, ’plan to’), and strategic language (’strategy’, ’roadmap’).

Outputs for Communication Scoring

• Temporal Orientation dimension: Past/present/future percentages (for each found green term)
measure whether companies focus on achievements versus promises.

• Substantiation Weakness dimension: Quantification intensity scores assess how well environmen-
tal claims are supported with specific numbers. Also, Evidence vs aspirational intensity scores
distinguish between concrete proof and future commitments.

The module generates intensity scores that calculate weighted percentages. Strong classifications get
1.5 points; moderate classifications get 1.0 point. Formula: ((strong count × 1.5) + (moderate count
× 1)) ÷ total green terms × 100. For example, if a report has 10 strong evidence terms, 5 moderate
evidence terms, and 100 total terms, the evidence intensity score equals (10 × 1.5 + 5 × 1.0) ÷ 100 ×
100 = 20%. Same for quantification but then 1.5 point for highly quantified and 1.0 point for partially
quantified. These scores enable comparison across documents.

D.2.1 Context Classification Verification

D.2.1.1 Temporal

This module consists of three classification parts that analyse green terms in different ways. The
temporal analysis shows how the system sorts terms by temporal scope: past actions like "determined
focus areas," present work like ongoing renewable projects, and future plans like upcoming efficiency
projects.

PAST EXAMPLES:

————————————————————-

1. Term: ’high efficiency’

Document: Akenerji_Elektrik_Uretim_AS_2021 (Report Year: 2021)

Context: Our natural gas combined cycle, wind and 7 hydroelectric power plants are run with principles of ’high prof-
itability and **high efficiency**’ and has been adding power to our country for 33 years...

2. Term: ’low carbon’

Document: Akenerji_Elektrik_Uretim_AS_2021 (Report Year: 2021)
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Context: We determined our focus areas as adaptation to climate change and transition to a **low carbon** economy, zero
waste and circular economy, combating water scarcity, gender equality, cooperation in order to develop human resource
competencies, reducing the carbon and water footprint of suppliers, energy efficiency, generation efficiency by reducing
risks and sustainable management by augmenting innovation.

3. Term: ’circular economy’

Document: Akenerji_Elektrik_Uretim_AS_2021 (Report Year: 2021)

Context: We determined our focus areas as adaptation to climate change and transition to a low carbon economy,
zero waste and **circular economy**, combating water scarcity, gender equality, cooperation in order to develop human
resource competencies, reducing the carbon and water footprint of suppliers, energy efficiency, generation efficiency by
reducing risks and sustainable management by augmenting innovation.

PRESENT EXAMPLES:

————————————————————-

1. Term: ’energy efficiency’

Document: Akenerji_Elektrik_Uretim_AS_2021 (Report Year: 2021)

Context: We determined our focus areas as adaptation to climate change and transition to a low carbon economy,
zero waste and circular economy, combating water scarcity, gender equality, cooperation in order to develop human
resource competencies, reducing the carbon and water footprint of suppliers, **energy efficiency**, generation efficiency
by reducing risks and sustainable management by augmenting innovation.

2. Term: ’renewable energy’

Document: Akenerji_Elektrik_Uretim_AS_2021 (Report Year: 2021)

Context: Akenerji has become the representative of foresight and stability in the sector with its breakthroughs in **renew-
able energy**, which is gaining more and more importance in the world and in our country.

3. Term: ’solar energy’

Document: Akenerji_Elektrik_Uretim_AS_2021 (Report Year: 2021)

Context: Akenerji continues to conduct market research on projects with high capacity utilization and profitability for
wind and **solar energy** to include in its portfolio.

FUTURE EXAMPLES:

————————————————————-

1. Term: ’energy efficiency’

Document: Akenerji_Elektrik_Uretim_AS_2021 (Report Year: 2021)

Context: We are putting our signature to leading projects in **energy efficiency**.

2. Term: ’renewable energy’

Document: Akenerji_Elektrik_Uretim_AS_2021 (Report Year: 2021)

Context: The company continues its efforts to reshape its generation strategies and to take necessary actions to create
maximum benefit from **renewable energy** sources.

3. Term: ’energy efficiency’

Document: Akenerji_Elektrik_Uretim_AS_2021 (Report Year: 2021)

Context: The Company focuses on producing new ideas and projects that will enhance **energy efficiency** for industrial
and commercial customers, with energy systems optimization and management services.
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D.2.1.2 Quantification

The quantification examples show three levels of quantified support. Highly quantified terms connect
to specific figures like "570,000 tons," partially quantified ones use relative words like "more efficient,"
while non-quantified terms lack supporting quantification entirely.

HIGHLY QUANTIFIED EXAMPLES:

————————————————————-

1. ’emission reduction’ (multiword_noun)

Context: 550,000 trees to the nature with the 570,000 tons of **emission** **reduction** certificates it sold in 2020 .

Confidence: 1.000

Quantifications: ’550,000 trees’ (meaningful_count, pattern, strength=0.90), ’570,000 tons’ (unit, pattern, strength=0.90)

Scores: Highly=3.60, Partially=0.00

2. ’emission reduction’ (multiword_noun)

Context: these announced commitments cover less than 20 % of the **emission** **reductions** required by 2030 to
make the targeted 1.5 degree temperature

Confidence: 1.000

Quantifications: ’less’ (relative, pattern, strength=0.90), ’20 %’ (percentage, pattern, strength=0.90)

Scores: Highly=1.80, Partially=0.90

3. ’net zero’ (multiword_noun)

Context: the targeted 1.5 degree temperature rise achievable and to reach **net** **zero** emissions by 2050 .

Confidence: 1.000

Quantifications: ’less’ (relative, pattern, strength=0.90), ’20 %’ (percentage, pattern, strength=0.90), ’zero emissions’
(meaningful_count, syntactic, strength=0.80)

Scores: Highly=3.40, Partially=0.90

PARTIALLY QUANTIFIED EXAMPLES:

————————————————————-

1. ’efficient energy’ (multiword_adjective)

Context: We continue to take innovative steps for more **efficient** **energy** generation .

Confidence: 0.450

Quantifications: ’more’ (relative, syntactic, strength=0.90)

Scores: Highly=0.00, Partially=0.90

2. ’positive energy’ (context_dependent_noun)

Context: mission is to provide safe , reliable , and positive **energy** to its customers and society as a whole ; its

Confidence: 0.450

Quantifications: ’positive’ (relative, syntactic, strength=0.90)

Scores: Highly=0.00, Partially=0.90

3. ’renewable energy’ (multiword_noun)

Context: foresight and stability in the sector with its breakthroughs in **renewable** **energy** , which is gaining more
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and more importance in the

Confidence: 0.400

Quantifications: ’gaining’ (relative, syntactic, strength=0.80)

Scores: Highly=0.00, Partially=0.80

NON QUANTIFIED EXAMPLES:

————————————————————-

1. ’high efficiency’ (multiword_adjective)

Context: plants are run with principles of ’ high profitability and **high** **efficiency** ’ and has been adding power to
our country for

Confidence: 0.000

Quantifications: None

2. ’energy efficiency’ (multiword_adjective)

Context: We are putting our signature to leading projects in **energy** **efficiency** .

Confidence: 0.000

Quantifications: None

3. ’energy efficiency’ (multiword_adjective)

Context: , reducing the carbon and water footprint of suppliers , **energy** **efficiency** , generation efficiency by
reducing risks and sustainable management by

Confidence: 0.000

Quantifications: None

D.2.1.3 Evidence Aspirational

The evidence classification separates concrete proof from aspirational claims/promises. Strong evidence
includes completed actions like "produced 5,120,168MWh," while aspirational terms use uncertain
language like "will enhance" or appear in project contexts without clear outcomes.

STRONG EVIDENCE EXAMPLES:

————————————————————-

1. ’environmentally friendly’ (direct)

Context: With our balanced, sustainable, efficient and **environmentally friendly** portfolio, we produced 5,120,168MWh
of gross electricity in 2021.

Confidence: 0.900

Semantic Governor: ’produced’ (VERB)

Evidence markers: ’produced’ (strong_evidence, governor_modifiers, direct_modification_semantic_governor)

2. ’environmental management’ (direct)

Context: **Environmental Management** Systems recertification audits for the Head Office, Ayyıldız WPP, Uluabat
HEPP, Burç HEPP, Bulam HEPP, Feke I HEPP, Feke II HEPP, Himmetli HEPP, Gökkaya HEPP and Erzin NGCC
plant were successfully completed and documents were renewed.

Confidence: 0.900

Semantic Governor: ’completed’ (VERB)
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Evidence markers: ’completed’ (strong_evidence, governor_modifiers, direct_modification_semantic_governor)

... and 37 more strong evidence terms

MODERATE EVIDENCE EXAMPLES:

————————————————————-

1. ’wind power’ (direct)

Context: Akenerji also evaluates the capacity increase opportunities in existing plants, The investment process was
initiated in 2016 in order to boost the installed power in Ayyıldız **Wind Power** Plant to 28.2 MW from 15 MW.

Confidence: 0.600

Semantic Governor: ’boost’ (VERB)

Evidence markers: ’installed’ (strong_evidence, governor_modifiers, proximity_2_semantic_governor)

2. ’wind power’ (direct)

Context: Ayyıldız **Wind Power** Plant with an installed capacity of 15 MW was activated in September.

Confidence: 0.450

Semantic Governor: ’activated’ (VERB)

Evidence markers: ’activated’ (moderate_evidence, governor_modifiers, direct_modification_semantic_governor)

... and 49 more moderate evidence terms

NEUTRAL EXAMPLES:

————————————————————-

1. ’high efficiency’ (direct)

Context: Our natural gas combined cycle, wind and 7 hydroelectric power plants are run with principles of ’high prof-
itability and **high efficiency**’ and has been adding power to our country for 33 years...

Confidence: 0.000

Semantic Governor: ’run’ (VERB)

Markers: None (classified as neutral)

2. ’low carbon’ (direct)

Context: We determined our focus areas as adaptation to climate change and transition to a **low carbon** economy, zero
waste and circular economy, combating water scarcity, gender equality, cooperation in order to develop human resource
competencies, reducing the carbon and water footprint of suppliers, energy efficiency, generation efficiency by reducing
risks and sustainable management by augmenting innovation.

Confidence: 0.000

Semantic Governor: ’determined’ (VERB)

Markers: None (classified as neutral)

... and 487 more neutral terms

MODERATE ASPIRATIONAL EXAMPLES:

————————————————————-

1. ’energy efficiency’ (direct)

Context: We are putting our signature to leading projects in **energy efficiency**.

Confidence: 0.300
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Semantic Governor: ’putting’ (VERB)

Aspirational markers: ’project’ (moderate_aspirational, token_modifiers, proximity_2_main_token)

2. ’carbon management’ (direct)

Context: The **Carbon Management** Project was launched.

Confidence: 1.000

Semantic Governor: ’launched’ (VERB)

Evidence markers: ’launched’ (strong_evidence, governor_modifiers, direct_modification_semantic_governor)

Aspirational markers: ’project’ (moderate_aspirational, token_modifiers, proximity_2_main_token), ’project’ (mod-
erate_aspirational, token_modifiers, direct_modification_main_token), ’project’ (moderate_aspirational, gover-
nor_modifiers, direct_modification_semantic_governor)

... and 56 more moderate aspirational terms

STRONG ASPIRATIONAL EXAMPLES:

————————————————————-

1. ’energy efficiency’ (direct)

Context: The Company focuses on producing new ideas and projects that will enhance **energy efficiency** for industrial
and commercial customers, with energy systems optimization and management services.

Confidence: 1.000

Semantic Governor: ’enhance’ (VERB)

Aspirational markers: ’will’ (moderate_aspirational, token_modifiers, proximity_2_main_token), ’will’ (moder-
ate_aspirational, token_modifiers, sibling_of_main_token), ’will’ (moderate_aspirational, governor_modifiers,
direct_modification_semantic_governor)

2. ’efficiency project’ (direct)

Context: Energy Services, together with **efficiency projects** and engineering services, has proven once more that the
Akenerji family is a competent leader in every facet of the energy sector.

Confidence: 0.800

Semantic Governor: ’proven’ (VERB)

Aspirational markers: ’project’ (moderate_aspirational, token_modifiers, direct_modification_main_token), ’project’
(moderate_aspirational, token_modifiers, sibling_of_main_token)

... and 45 more strong aspirational terms

D.3 Sentiment Analysis Module

This module measures environmental messaging sentiment using Climate-BERT, a specialised model
trained on climate texts. Climate-BERT classifies sustainability content into three categories: oppor-
tunity (positive climate sentiment), risk (negative climate sentiment), and neutral (other content). The
process works in two steps. First, it finds all sentences with green terms from the previous module.
Then Climate-BERT scores each sentence. The final calculation uses:

Sentiment Score = Opportunity Score - Risk Score

Values range from -1 (fully risk-focused) to +1 (fully opportunity-focused).

The system extracts sentences containing green terms and analyses sentiment at two levels. Document-
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level sentiment combines all sustainability sentences per report, producing average sentiment scores.
Topic-specific weighted sentiment calculates separate scores for renewable energy and climate emissions
categories. When sentences contain multiple topic terms, sentiment contributions get weighted by term
frequency.

Analysis targets renewable energy and climate emissions because these topics carry distinctly positive
sentiment that shapes public perception [135]. Research shows that "receptivity to green communica-
tion was the most important factor affecting green attitudes" [248]. The focus remains ’on sustainability
messages’ and environmental content coverage, examining topics like climate, energy, and sustainability
[89].

Renewable energy terms include examples as ’solar power’, ’wind turbines’, ’clean energy generation’.
Climate emissions terms cover terms such as ’carbon neutral’, ’emission reduction’, ’decarbonization’.

Outputs for Communication Scoring

• Green Communication Intensity dimension: Overall sentiment scores measure whether companies
frame environmental topics positively or negatively. Also, weighted sentiment scores for renew-
able energy and climate emissions assess presentation of areas that drive public environmental
attitudes.

D.3.1 Sentiment Verification

This module uses ClimateBERT that scores sentences containing green terms. The examples show how
identical terms like "renewable energy" get different sentiment scores based on context: positive when
discussing growth opportunities, negative when mentioning market risks or regulatory challenges.

OPPORTUNITY EXAMPLES (201 total):

————————————————————-

1. Term: ’alternative energy’ | Topic: renewable_energy

Sentiment Score: +0.958 | Confidence: 0.962

Text: As a company that focuses on power plant investments based on renewable resources in order to create resource
diversity and cost advantage, we have ra...

2. Term: ’alternative energy’ | Topic: renewable_energy

Sentiment Score: +0.961 | Confidence: 0.964

Text: Within the framework of the actions taken on energy efficiency and alternative energy resources, Akenerji Energy
Services, thanks to the special solut...

3. Term: ’clean energy’ | Topic: renewable_energy

Sentiment Score: +0.743 | Confidence: 0.749

Text: The ’VISION 2030 - Clean Energy for Tomorrow’ strategy is focused on the dynamic transformation of the gener-
ation portfolio to a low-emission portfoli...

RISK EXAMPLES (82 total):

————————————————————-

1. Term: ’renewable energy’ | Topic: renewable_energy

Sentiment Score: -0.546 | Confidence: 0.565

Text: The Renewable Energy Resources Support Mechanism (RERSM) continued to maintain its importance for inde-
pendent producers due to the fluctuations in ele...
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2. Term: ’renewable energy’ | Topic: renewable_energy

Sentiment Score: -0.974 | Confidence: 0.976

Text: The Management prioritizes reports, and monitors the risks in line with the Risk Appetite

D.4 Vague and Hedge Words Module

This module detects unclear language in sustainability reports to measure communication precision.
Companies use hedge words to express uncertainty and vague words to avoid specificity.

The word lists include two main types:

• Hedge words: Express tentativeness. Strong hedges like ’might’, ’could’, ’appears’, ’potentially’.
Mild hedges like ’often’, ’generally’, ’somewhat’, ’typically’.

• Vague words: Lack precision across categories. Temporal vagueness like ’soon’, ’eventually’.
Scope ambiguity like ’various’, ’several’. Commitment vagueness like ’working towards’, ’aiming
to’. Degree vagueness like ’significant’, ’substantial’.

Context-dependent analysis determines when words become specific:

• ’Improved performance’ counts as vague.

• ’Improved by 25%’ or ’improved compared to 2021’ do not count due to quantification or com-
parison.

The extraction works in stages to avoid double-counting. Multi-word phrases get picked up first,
then single words. Context-dependent words go through additional checks for surrounding numbers,
percentages, or comparative phrases with close proximity to the word.

The final calculation works like this:

• Hedge density = (hedge words ÷ total content words) × 100.

• Vague density = (vague words ÷ total content words) × 100.

• Intensity scores weight strong unclear language 1.5x more than mild (similar as in context clas-
sification).

Outputs for Communication Scoring

• Language Precision dimension: Hedge densities measure careful word choice that avoids overcon-
fident claims while vague densities assess imprecision.

This measures communication precision, showing whether companies choose words carefully or use
empty language without supporting evidence.

D.4.1 Vague and Hedge Verification

The module tracks different types of unclear language: vague words that lack precision or timeline
specificity, and hedge words that express uncertainty. This examines if companies use empty language
or appropriate caution in their environmental claims.
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D.4.1.1 Vague Words

The system catches both strong vague terms like "significant" and "various" that mean nothing specific,
but also mild vague words like "efforts" and "reducing" that lack details.

STRONG VAGUE WORDS (211 total):

————————————————————-

1. ’significant’ (lemma: significant)

Context: Reinvigorating economic activities around the world led to a significant rise in energy demand and the revival
of energy markets

2. ’strong’ (lemma: strong)

Context: Globally , we have seen a strong growth trend in electricity demand in the manufacturing industry ,

3. ’some’ (lemma: some)

Context: approximately 5.4 TWh at the end of 2021 , growing some 10 times compared to the previous year .

4. ’significant’ (lemma: significant)

Context: Undoubtedly , we are proud of these significant achievements .

5. ’various’ (lemma: various)

Context: Thanks to our collaborations with various university clubs , we have helped young talents realize their

MILD VAGUE WORDS (794 total):

————————————————————-

1. ’efforts’ (lemma: effort)

Context: , 2021 has been recorded as a year in which efforts were made predominently to repair the damages caused by
the

2. ’develop’ (lemma: develop)

Context: water scarcity , gender equality , cooperation in order to develop human resource competencies , reducing the
carbon and water footprint

3. ’reducing’ (lemma: reduce)

Context: , cooperation in order to develop human resource competencies , reducing the carbon and water footprint of
suppliers , energy efficiency

4. ’innovation’ (lemma: innovation)

Context: generation efficiency by reducing risks and sustainable management by augmenting innovation .

5. ’valuable’ (lemma: valuable)

Context: express my gratitude to all our stakeholders , especially our valuable employees , financiers and investors , who
have always contributed

D.4.1.2 Vague commitments

Commitments are classified based on the presence or absence of clear timelines. Terms such as "eval-
uating" or "preparing" are marked as vague unless paired with time references like "in 2021."

VAGUE COMMITMENTS (WITHOUT TIMELINE) - 5 total:

————————————————————-

1. ’evaluating’
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Context: reduce consumption and make improvements by determining energy consumption and evaluating performance .

2. ’preparing’

Context: ’s border with the Czech Republic and owns a developer preparing the construction of wind parks.

COMMITMENTS (WITH TIMELINE) - 3 total:

————————————————————-

1. ’preparing’

Context: By preparing our first integrated report in 2021 , we raised our

2. ’establishing’

Context: utilizing domestic resources , reducing foreign dependency in energy and establishing largecapacity renewable
energy plants , continued in 2021 as well

D.4.1.3 Hedge Words

Strong hedge words like "possible" and "may" show higher uncertainty, while mild hedging like "ap-
proximately" and "significantly" add caution without being too uncertain.

STRONG HEDGE WORDS (147 total):

————————————————————-

1. ’possible’ (lemma: possible)

Context: ...to minimize the [possible] risks our activities...

2. ’provisional’ (lemma: provisional)

Context: ...2020 in the [provisional] article 1 of...

3. ’may’ (lemma: may)

Context: ...2021 from leases [may] not be taken...

4. ’possible’ (lemma: possible)

Context: ...as much as [possible] and consult different...

5. ’may’ (lemma: may)

Context: ...business areas that [may] be an opportunity...

MILD HEDGE WORDS (99 total):

————————————————————-

1. ’significantly’ (lemma: significantly) [POS: ADV, DEP: advmod]

Context: ..., we have [significantly] improved the power...

2. ’accordingly’ (lemma: accordingly)

Context: ...license was transferred [accordingly] .

3. ’approximately’ (lemma: approximately) [POS: ADV, DEP: advmod]

Context: ...capacity to provide [approximately] 2.5% of...

4. ’regularly’ (lemma: regularly)

Context: .... With its [regularly] rising international sales...

5. ’significantly’ (lemma: significantly) [POS: ADV, DEP: advmod]
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Context: ...Europe and contributes [significantly] to the development...

D.5 Document Similarity Module

This module compares sustainability reports across years to catch copy-pasting versus new authentic
content. Companies that repeat the same text score high similarity while those spending more time
writing new/different reports score lower.

The analysis uses three approaches:

• Term Frequency-Inverse Document Frequency (TF-IDF) similarity: Compares whole documents
using word frequencies. Shows overall content overlap between years.

• Jaccard similarity: Measures shared vocabulary as (common words ÷ total unique words). Re-
veals whether companies recycle the same terms.

• Sentence matching: Pairs individual sentences between 2021 and 2022 reports using semantic
similarity.

Sentence processing filters meaningful content first. Only sentences with more than 10 content words
get analysed (excluding stopwords and punctuation). The system then matches each sentence from
the shorter document with its best counterpart from the longer document using greedy algorithm.

The matching works step by step. Find the highest similarity score among all possible sentence pairs,
select those pairs, record the scores, remove matched sentences. It repeats it until every sentence is
paired.

High similarity detection uses 99.9% threshold for near-identical content:

• ’We reduced emissions by 15% in 2021’ versus ’We reduced emissions by 15% in 2022’ scores very
high.

• ’Our renewable capacity increased significantly’ versus ’We expanded solar portfolio substantially’
scores much lower.

The final calculation works as follows:

• Document similarity scores range 0 to 1 for each method.

• High similarity ratio = (sentences above 0.999) ÷ total matched sentences.

• Average sentence similarity across all pairs.

Outputs for Communication Scoring

• Reporting Consistency dimension: High similarity ratios show recycled content while low ratios
indicate fresh reporting effort. Sentence patterns reveal whether companies update their stories
meaningfully or copy-paste from previous years.

This measures communication authenticity by separating genuine annual updates from lazy content
recycling between reporting periods.
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D.5.1 Similarity Verification

Only the SpaCy similarity results are shown in the verification below. TF-IDF and Jaccard scores are
not included, since they produce document-level analysis without specific examples that are suited for
clear visual. Although the 0.999 threshold may seem high, SpaCy’s word vector similarity tends to
assign high scores to related content especially within the same same company that discusses similar
things in both years. As can be seen below the sentences around 0.95 often differ significantly in
structure but still score high due to shared subjects. Keep in mind that the stop words are removed
when comparing which increases this. The scores above 0.999 typically reflect near-identical text with
only minor number changes, which validates choosing this threshold.

HIGH SIMILARITY (0.999 - 1.000) - Near identical/identical content

===========================================================================

Found 5 pairs in this range. Showing top 3:

EXAMPLE 1 - SIMILARITY: 1.000000

2021: In relation to this regulation, it is calculated that, unrealized foreign exchange losses recognised under retained
earnings/(losses) amounting to TL 2.236.188.968 and recognised under consolidated statement of profit or loss amounting
to TL 2.970.58...

2022: In relation to this regulation, it is calculated that, unrealized foreign exchange losses recognised under retained
earnings/(losses) amounting to TL 1.337.353.704 and recognised under consolidated statement of profit or loss amounting
to TL 869.107....

———————————————————————

EXAMPLE 2 - SIMILARITY: 1.000000

2021: With its product groups and ’advanced chemical coating material products’, it is the solution partner of global brands,
each of which is a leader in its field, in various sectors such as white goods, ceramic tiles, household and kitchenware,
glass in...

2022: With its product groups and ’advanced chemical coating material products’, it is the solution partner of global brands,
each of which is a leader in its field, in various sectors such as white goods, ceramic tiles, household and kitchenware,
glass i...

———————————————————————

EXAMPLE 3 - SIMILARITY: 0.999774

2021: * With the Communique of Ministry of Commerce issued on the official gazette dated 15 September 2018 regarding
the regulation on loss of capital and excess of liabilities over assets in relation to Article 376 of Turkish Commercial Code
numbered 6102...

2022: With the Communique of Ministry of Commerce issued on the official gazette dated 15 September 2018 regarding
the regulation on loss of capital and excess of liabilities over assets in relation to Article 376 of Turkish Commercial Code
numbered 6102, ...

———————————————————————

MEDIUM-HIGH SIMILARITY ( 0.95)

===========================================================================

Found 11261 pairs in this range. Showing top 3:

EXAMPLE 1 - SIMILARITY: 0.949996

2021: We carried on incessantly with our corporate social responsibility activities with the accountability and commitment
we feel for the environment and society

2022: Over time, it has realized hundreds of value-added projects with all its customers in the field of technology and has
achieved many successes during this time.
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———————————————————————

EXAMPLE 2 - SIMILARITY: 0.949977

2021: Although 2021 was a dry year compared to previous years, we made good use of the profit margins in the Balancing
Power Market with instant operations, especially thanks to the high water storage volumes of our Uluabat and Feke II
Hydroelectric Power ...

2022: At Akenerji, with 1 wind and 7 hydroelectric power plants, which we gradually commissioned between 2009 and
2012, we have ensured that renewable energy sources are brought into the country’s economy in a reliable, economical
and high-quality manner.

———————————————————————

EXAMPLE 3 - SIMILARITY: 0.949974

2021: As Turkey’s leading electricity company, we continue to produce for our future with the understanding that we
place the environment and people in our focus.

2022: As a company that focuses on power plant investments based on renewable resources in order to create resource
diversity and cost advantage, we have raised the number of power plants with alternative energy sources over the years
by carrying out many ...

———————————————————————
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E Communication Dimension Justification

The table below in this Appendix shows which output variables (coming from the NLP modules) belong
to which communication dimension. The most important literature justification are presented in the
table as well.

Table E.1: Communication dimensions and output variable justification

Dimension Variable name Justification (including references)
Green Commu-
nication Inten-
sity

Green Term Fre-
quency

Selective disclosure theory [140]; contextual frequency pre-
dicts information processing [35]

Green Commu-
nication Inten-
sity

Vocabulary Diver-
sity

Vocabulary diversity shapes stakeholder interpretation by
indicating effort put into communication [180, 119]

Green Commu-
nication Inten-
sity

Average Environ-
mental Sentiment

Sentiment matters more than frequency for public impact
[2]; receptivity to green communication affects green atti-
tudes [248]

Green Commu-
nication Inten-
sity

Renewable Energy
Sentiment

Renewable energy carries distinctly positive sentiment that
shapes public perception [135]

Green Commu-
nication Inten-
sity

Climate and Emis-
sions Sentiment

Climate topics carry distinctly positive sentiment [135]; en-
vironmental content coverage examining climate, energy,
and sustainability [89]

Substantiation
Weakness

Quantified Claim
Intensity

Hard disclosure distinction [43]; quantitative disclosures as-
sociated with greater clarity and investor trust [156]

Substantiation
Weakness

Evidence-Based
Claim Intensity

Hard disclosure more credible [43]; robust, science-based
evidence requirements [70]

Substantiation
Weakness

Aspirational Claim
Intensity

Soft disclosure distinction [43]; worse environmental per-
formers exhibit more optimism [39]

Language
Vagueness

Vague Language
Intensity

Vague language creates scepticism [231, 84]; vague wording
like "eco-friendly" means nothing concrete [209]

Language
Vagueness

Hedge Language
Intensity

Hedging expresses appropriate uncertainty for credible sci-
entific communication [235]; distinguishing vague language
from legitimate hedging [32]

Temporal Ori-
entation

Future Orientation
Ratio

Net-zero promises without recent progress [159]; future-
focused communication patterns affect sustainability in-
vestment [137]

Temporal Ori-
entation

Timeline Speci-
ficity

Hopeful messages need specific timelines instead of vague
future promises [110]; timeline reference importance for
credibility [11]

Reporting Con-
sistency

Cross-Year Similar-
ity Score

Systematic repetition of structure and content across years
[41]; cross-year similarity analysis for detecting thematic
patterns [120]

Reporting Con-
sistency

High-Similarity
Sentence Ratio

Sentence-level repetition analysis [120]; boilerplate lan-
guage correlation with ESG rating problems [240]
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F Communication Data and Scores

F.1 Required Subcomponent Data

This section presents the raw communication variables extracted from sustainability reports using the
NLP modules described in Chapter 3.4.3. These subcomponents feed directly into the five commu-
nication dimensions used in the greenwashing risk assessment. These are the unnormalised values
directly from the NLP modules before any scaling or transformation is applied to create the final
communication dimension scores.
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Table F.1: Communication Subcomponent Dataset

Company Yr
GT

Freq.
GT

Uniq.
Avg
Sent.

Ren.
Sent.

Clim.
Sent.

Qnt
Int.

Evid
Int.

Asp.
Int.

Hed.
Den.

Vag.
Den.

Tl
Pct

Fut.
Rat.

TFIDF
Sim.

Jac.
Sim.

SpaCy
Avg

SpaCy
HS

Akenerji 21 2.46 1.89 0.18 0.48 0.01 17.98 16.01 18.79 0.85 3.23 7.50 0.22 0.96 0.71 0.97 0.36
Akenerji 22 2.16 1.97 0.14 0.41 0.00 16.32 14.81 22.53 0.88 3.16 6.38 0.34 0.96 0.71 0.97 0.36
Arendals 21 3.29 2.51 0.18 0.30 -0.11 10.98 11.09 23.13 0.90 4.75 6.25 0.38 0.93 0.59 0.95 0.22
Arendals 22 2.49 2.69 0.19 0.30 -0.10 11.63 12.84 22.72 1.16 4.35 4.05 0.39 0.93 0.59 0.95 0.22
Atlantica 21 3.60 2.48 0.03 0.25 -0.04 23.78 12.96 16.08 1.60 4.94 6.06 0.31 0.81 0.58 0.97 0.26
Atlantica 22 2.49 1.86 0.06 0.31 -0.16 29.42 9.21 18.05 1.83 3.79 4.41 0.25 0.81 0.58 0.97 0.26
CEZ 21 4.84 3.01 0.18 0.41 0.03 17.83 9.60 35.67 1.06 4.76 0.00 0.40 0.98 0.68 0.98 0.32
CEZ 22 4.20 2.84 0.14 0.38 0.03 14.04 12.83 28.34 0.87 4.72 5.13 0.32 0.98 0.68 0.98 0.32
EDF 21 6.72 4.42 0.34 0.36 0.15 15.07 5.37 22.09 0.62 4.96 0.00 0.44 0.44 0.28 0.89 0.00
EDF 22 8.60 3.82 0.52 0.44 0.13 16.38 12.50 33.62 0.72 6.00 0.00 0.61 0.44 0.28 0.89 0.00
EDP 21 4.99 2.31 0.26 0.47 0.05 16.21 11.09 24.89 0.93 5.61 3.56 0.43 0.84 0.39 0.95 0.02
EDP 22 2.41 1.45 0.08 0.36 0.04 17.38 12.71 23.10 1.17 3.76 4.18 0.31 0.84 0.39 0.95 0.02
ERG 21 5.31 2.58 0.27 0.43 0.07 22.37 10.74 25.71 0.97 5.55 5.66 0.41 0.97 0.61 0.96 0.10
ERG 22 5.29 2.49 0.26 0.38 0.04 21.34 13.92 22.27 0.92 5.43 2.11 0.38 0.97 0.61 0.96 0.10
Endesa 21 4.12 2.53 0.13 0.28 -0.02 17.67 10.86 27.31 1.10 5.32 3.65 0.36 0.99 0.68 0.98 0.27
Endesa 22 4.62 2.37 0.15 0.26 0.01 16.74 11.26 25.25 1.17 5.57 3.75 0.39 0.99 0.68 0.98 0.27
Ørsted 21 10.33 4.17 0.27 0.32 0.06 26.59 10.16 30.29 0.89 6.22 0.00 0.68 0.85 0.47 0.93 0.00
Ørsted 22 7.88 4.36 0.23 0.31 0.04 19.72 7.60 28.49 0.82 7.01 1.41 0.63 0.85 0.47 0.93 0.00
PGE 21 3.66 2.73 0.27 0.49 0.08 14.13 9.51 29.85 1.14 4.72 4.50 0.45 0.91 0.33 0.96 0.18
PGE 22 5.51 3.40 0.48 0.56 0.12 21.23 11.30 34.19 1.10 4.42 3.33 0.50 0.91 0.33 0.96 0.18
Romande 21 5.62 4.13 0.30 0.27 0.11 8.74 8.74 19.94 0.99 5.51 0.00 0.49 0.90 0.50 0.94 0.04
Romande 22 5.39 3.41 0.27 0.35 0.18 11.23 14.49 22.34 1.12 5.54 0.00 0.44 0.90 0.50 0.94 0.04
Scatec 21 5.46 4.23 -0.07 0.03 -0.02 13.31 13.10 30.04 0.56 6.09 0.00 0.79 0.92 0.61 0.96 0.11
Scatec 22 6.02 4.24 -0.04 0.13 -0.07 15.52 13.65 26.72 0.76 5.41 11.77 0.69 0.92 0.61 0.96 0.11
Solaria 21 5.31 3.47 0.23 0.40 0.08 11.63 11.85 19.41 1.11 4.83 0.00 0.30 0.89 0.50 0.96 0.01
Solaria 22 6.23 3.37 0.22 0.42 0.05 10.26 7.11 20.38 1.18 4.55 9.43 0.32 0.89 0.50 0.96 0.01
Terna 21 5.79 3.01 0.15 0.41 0.04 11.59 14.22 22.92 1.00 5.38 0.00 0.40 0.67 0.51 0.94 0.00
Terna 22 6.84 3.50 0.13 0.23 0.04 46.42 9.80 13.29 0.56 5.09 0.00 0.19 0.67 0.51 0.94 0.00



Variable definitions: GT_Freq. = Green Term Frequency (%), GT_Uniq. = Unique Green Terms
Relative, Avg_Sent. = Average Sentiment Score, Ren._Sent. = Renewable Energy Sentiment,
Clim._Sent. = Climate Emissions Sentiment, Qnt_Int. = Quantification Intensity Score, Evid_Int.
= Evidence Intensity Score, Asp._Int. = Aspirational Intensity Score, Hed._Den. = Hedge Den-
sity, Vag._Den. = Vague Density, Tl_Pct = Commitment Timeline Percentage, Fut._Rat. =
Future vs Past/Present Ratio, TFIDF_Sim. = TF-IDF Similarity, Jac._Sim. = Jaccard Similarity,
SpaCy_Avg = SpaCy Average Similarity, SpaCy_HS = SpaCy High Similarity Ratio.

F.2 Dimension Scores

This section shows the normalised communication dimension scores (0-100 scale) calculated from the
raw subcomponent data. These five dimensions represent the final communication measures that feed
into the greenwashing risk ensemble analysis. Each dimension combines multiple subcomponents using
the weighting structure detailed in Chapter 3.5.1, with scores normalised within each year to enable
fair cross-company comparison.

Table F.2: Communication Dimension Scores

Company Year PCG
Subst.

Weakness
Language
Vagueness

Temporal
Orientation

Reporting
Consistency

Akenerji 2021 59.11 8.12 0.00 0.00 100.00
Akenerji 2022 44.45 30.69 13.01 19.11 100.00
Arendals 2021 21.01 71.83 45.41 23.51 72.75
Arendals 2022 25.40 53.53 31.51 39.92 72.75
Atlantica 2021 5.54 0.00 24.49 17.15 78.08
Atlantica 2022 55.25 42.98 0.00 12.98 78.08
CEZ 2021 43.32 100.00 39.38 58.95 97.03
CEZ 2022 59.43 66.48 47.97 21.89 97.03
EDF 2021 52.74 89.81 62.55 63.16 0.00
EDF 2022 59.80 81.06 80.55 100.00 0.00
EDP 2021 36.14 61.75 70.76 43.13 39.99
EDP 2022 0.00 47.39 18.11 24.93 39.99
ERG 2021 86.09 47.94 67.44 29.81 69.55
ERG 2022 11.23 29.72 62.17 48.00 69.55
Endesa 2021 8.54 66.44 55.59 35.27 93.57
Endesa 2022 42.24 66.00 58.35 41.48 93.57
Ørsted 2021 41.76 53.29 91.61 88.42 39.48
Ørsted 2022 56.38 100.00 100.00 96.43 39.48
PGE 2021 94.10 93.06 35.22 40.21 59.18
PGE 2022 100.00 85.19 34.83 63.32 59.18
Romande 2021 100.00 82.16 65.78 68.42 50.10
Romande 2022 69.71 39.99 59.08 69.50 50.10
Scatec 2021 0.00 75.06 100.00 100.00 66.49
Scatec 2022 32.51 53.17 66.46 54.55 66.49
Solaria 2021 45.41 53.56 39.75 48.42 52.41
Solaria 2022 42.55 93.91 35.31 0.00 52.41
Terna 2021 50.61 50.96 61.16 58.95 36.73
Terna 2022 83.61 0.00 65.22 24.64 36.73

Note: PCG = Performance-Communication Gap, Subst. = Substantiation.
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These normalised scores reveal the final communication profiles used in the greenwashing risk assess-
ment. Higher scores indicate greater potential concern within each dimension - for example, higher
PCG scores suggest larger mismatches between environmental performance and communication inten-
sity.
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G Communication Correlation Analysis

This appendix examines how the communication dimensions in the GRAT correlate with each other.
Using data from both years (n=28 observations), the analysis checks whether these dimensions measure
different aspects of communication strategy or if they significantly overlap. These relationships are
required for interpreting the multi-dimensional approach and the GRAT’s theoretical structure.

Looking at the five communication-focussed dimensions (without performance influence), correlations
show they are related but still capture different communication patterns. The average correlation is
moderate (r = 0.497). Most pairs (8 out of 10) are statistically significant, which suggests companies
coordinate their communication strategies instead of using completely separate approaches. Since no
correlations go above 0.8, this supports using multiple dimensions rather than combining them into
fewer measures.

Figure G.1: Correlation Matrix of all Dimensions.

Note: ** p ≤ 0.01, * p ≤ 0.05
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Figure G.1 shows the complete correlation matrix, including the PCG dimension. Language Vague-
ness and Temporal Orientation have the strongest connection (r = 0.786), companies that use vague
language also tend to make future-focused claims without specific timelines. Reporting Consistency
correlates negatively with most other dimensions, this could be because companies used different report
structures during the pre-CSRD period when standardised formats were not required yet.

The PCG shows distinctly different correlation patterns compared to the communication quality di-
mensions. As expected, it correlates significantly with Green Communication (r = 0.567, p < 0.01)
since this dimension directly contributes to calculating the absolute difference with performance scores.
The PCG shows weak and non-significant correlations with the four communication quality dimensions
(r = 0.013 to 0.182, all p > 0.05). While these non-significant correlations prevent strong conclusions,
the weak correlations support the multi-dimensional GRAT design by suggesting that performance-
communication mismatches and communication quality issues represent distinct greenwashing mecha-
nisms that can occur independently. However, the limited sample size requires careful interpretation
of whether these represent truly independent mechanisms.

Table G.1: Complete Communication Dimensions Correlation Matrix

Dimension Pair Correlation (r) p-value Significance
Green Communication ↔ Substantiation Weakness 0.438 0.020 *
Green Communication ↔ Language Vagueness 0.483 0.009 **
Green Communication ↔ Temporal Orientation 0.539 0.003 **
Green Communication ↔ Reporting Consistency -0.676 <0.001 **
Green Communication ↔ PCG 0.567 0.002 **
Substantiation Weakness ↔ Language Vagueness 0.343 0.074 ns
Substantiation Weakness ↔ Temporal Orientation 0.462 0.013 *
Substantiation Weakness ↔ Reporting Consistency -0.241 0.216 ns
Substantiation Weakness ↔ PCG 0.182 0.357 ns
Language Vagueness ↔ Temporal Orientation 0.786 <0.001 **
Language Vagueness ↔ Reporting Consistency -0.484 0.009 **
Language Vagueness ↔ PCG 0.013 0.946 ns
Temporal Orientation ↔ Reporting Consistency -0.519 0.005 **
Temporal Orientation ↔ PCG 0.080 0.690 ns
Reporting Consistency ↔ PCG -0.195 0.322 ns

Note: , PCG = Performance-Communication Gap, ns = not significant, * = significant (p<0.05), **
= very significant (p<0.01)
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H Greenwashing Ensemble Statistics

This Appendix shows the ensemble statistics calculated across all 59,881 valid weight combinations
for each company-year observation in the greenwashing risk assessment (see Table H.1). The ensem-
ble method tests different weight allocations within theoretical constraints, creating a distribution of
greenwashing risk scores for each case. The median scores become the final greenwashing risk values
used throughout the analysis. Standard deviation and quartile ranges show how much scores change
when weights vary.

Table H.1: Greenwashing Risk Ensemble Statistics

Company Year Mean Median Std Dev Min Max Q25 Q75 IQR
Akenerji 2021 36.57 36.54 4.98 21.73 50.67 33.00 40.14 7.14
Akenerji 2022 40.78 40.55 3.83 30.87 53.59 37.84 43.55 5.71
Arendals 2021 43.67 43.66 2.86 35.52 52.60 41.64 45.68 4.04
Arendals 2022 40.95 40.73 2.25 35.22 48.60 39.30 42.49 3.19
Atlantica 2021 16.80 16.52 3.61 8.37 26.44 13.90 19.50 5.60
Atlantica 2022 42.93 42.98 3.62 31.02 53.31 40.43 45.49 5.06
CEZ 2021 65.85 65.80 3.19 56.67 76.49 63.56 68.07 4.51
CEZ 2022 59.83 59.78 3.02 51.73 70.00 57.70 61.90 4.20
EDF 2021 58.22 58.34 3.51 49.58 66.69 55.36 61.05 5.69
EDF 2022 65.38 65.61 4.24 51.88 75.93 62.27 68.61 6.34
EDP 2021 48.27 48.16 1.73 43.52 54.40 47.03 49.45 2.42
EDP 2022 22.32 22.56 2.25 15.79 27.97 20.72 24.00 3.28
ERG 2021 65.09 65.28 2.65 56.56 72.08 63.26 66.99 3.73
ERG 2022 33.91 33.82 3.21 25.00 43.21 31.50 36.25 4.75
Endesa 2021 42.86 42.71 4.08 32.27 54.26 39.88 45.74 5.86
Endesa 2022 56.51 56.26 2.51 50.38 65.02 54.63 58.23 3.60
Ørsted 2021 56.29 56.21 3.03 48.55 66.61 54.07 58.41 4.34
Ørsted 2022 75.74 75.71 3.21 66.34 85.25 73.44 78.05 4.61
PGE 2021 75.68 75.69 3.54 65.39 86.35 73.15 78.16 5.01
PGE 2022 78.68 78.82 3.29 69.46 87.68 76.31 81.12 4.81
Romande 2021 81.22 81.30 2.54 74.06 87.97 79.37 83.14 3.77
Romande 2022 58.37 58.33 1.38 54.57 62.46 57.36 59.34 1.98
Scatec 2021 51.95 51.99 5.69 38.40 67.34 47.59 56.24 8.65
Scatec 2022 48.85 48.83 1.92 44.24 54.20 47.37 50.29 2.92
Solaria 2021 48.03 48.03 0.60 46.49 49.75 47.58 48.48 0.90
Solaria 2022 50.77 50.62 3.48 43.79 62.12 47.96 53.29 5.33
Terna 2021 51.31 51.36 1.06 47.63 54.34 50.59 52.09 1.50
Terna 2022 46.96 46.59 3.80 38.16 57.96 44.06 49.65 5.59

Standard deviations range from high stability (0.60 for Solaria 2021) to moderate uncertainty (5.69 for
Scatec 2021), reflecting the reliability of risk assessments across different weighting scenarios.
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I (Sub)Component Sensitivity Analysis

This Appendix shows the results from sensitivity analysis that tested how robust the communication
sub-component weights are in the GRAT. The analysis looked at 17 different scenarios where weights
were adjusted by ±10% to see how this affected final greenwashing scores and company rankings
(see Table I.1). For substantiation quality components, smaller ±5% changes were used to keep the
theoretical hierarchy intact (Evidence ≥ Aspirational > Quantified, as established by Clarkson et al.
[43]).

Table I.1: Communication (Sub)Component Sensitivity Scenarios

(Sub)component Baseline Weights +10% Scenario -10% Scenario
Combined Senti-
ment Score

0.6 (average sentiment), 0.2 (re-
new sent.), 0.2 (climate sent.)

0.66-0.17-0.17 0.54-0.23-0.23

Combined Green
Term Score

0.7 (term frequency), 0.3 (vo-
cabulary diversity)

0.77-0.23 0.63-0.37

Green Commu-
nication Integra-
tion

0.4 (comb. green term), 0.6
(comb. sentiment)

0.36-0.64 0.44-0.56

Substantiation
Weakness*

0.30 (quantified), 0.35 (evi-
dence), 0.35 (aspirational)

0.275-0.3625-0.3625 0.325-0.3375-0.3375

Language Vague-
ness

0.7 (vague), 0.3 (hedge) 0.77-0.23 0.63-0.37

Temporal Orien-
tation

0.6 (future), 0.4 (timeline) 0.66-0.34 0.54-0.46

Reporting Con-
sistency

0.7 (average similarity), 0.3
(high sim. sentences)

0.77-0.23 0.63-0.37

PCG Amplifier 1.5 (amplifier) 1.65 1.35

*±5% variation to preserve theoretical hierarchy

In each scenario, all communication dimensions were recalculated with the modified weights. These
results then went through the full ensemble methodology using all 59,881 valid weight combinations.
This tests how sensitive sub-components are to changes and how they interact with system-level weight
uncertainty.
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Table I.2: Sensitivity Scenario Impact Rankings

Scenario R_bar_S avg_MAD avg_CV max_R̄S impact_lvl
Amplifier -10% 0.214 0.625 0.834 1.40 Low
Reporting +10% 0.179 0.284 0.400 0.62 Low
Combined Sentiment -10% 0.143 0.210 0.530 0.62 Low
Green Term +10% 0.143 0.349 0.709 1.04 Low
Substantiation -5% 0.071 0.497 0.745 1.07 Low
Language Vagueness
+10%

0.071 0.414 0.965 1.27 Low

Green Term -10% 0.071 0.351 0.704 1.10 Low
Green Communication -
10%

0.071 0.715 1.657 1.73 Low

Temporal -10% 0.071 0.306 0.727 1.19 Low
Temporal +10% 0.071 0.315 0.747 1.21 Low
Amplifier +10% 0.071 0.565 0.754 1.26 Low
Language Vagueness -10% 0.071 0.440 1.030 1.41 Low
Substantiation +5% 0.000 0.496 0.747 1.10 Low
Green Communication
+10%

0.000 0.698 1.618 1.72 Low

Combined Sentiment
+10%

0.000 0.203 0.506 0.59 Low

Reporting -10% 0.000 0.282 0.399 0.61 Low

Note: R_bar_S = Average Ranking Stability; avg_MAD = Average Mean Absolute Deviation; avg_CV
= Average Coefficient of Variation; max_R̄S = Maximum Score Shift; impact_lvl = Impact Level

The R̄S values show how stable rankings are when weights change. Values below 2.0 mean high
robustness, while 2.0-4.0 suggests moderate stability, and anything above 4.0 indicates low robustness
that needs attention [201]. All scenarios stayed well below 2.0, which means the GRAT is quite robust
to these weight changes.

Table I.3: Individual Company Sensitivity Metrics

Company Baseline
Score

CV Pct Score
Range

MAD avg_R̄S Sens. Level

Atlantica 29.75 44.51 28.87 13.23 0.031 High
EDP 35.36 36.22 27.47 12.79 0.219 High
ERG 49.55 31.76 33.26 15.73 0.063 High
Romande 69.82 16.47 25.02 11.49 0.000 High
Ørsted 65.96 14.86 21.99 9.78 0.000 Moderate
Endesa 49.49 13.74 15.53 6.78 0.031 Moderate
EDF 61.98 5.95 9.45 3.65 0.000 Moderate
Akenerji 38.55 5.37 6.21 1.98 0.156 Moderate
Terna 48.98 5.10 7.70 2.39 0.063 Moderate
CEZ 62.79 4.87 7.99 3.01 0.063 Low
Arendals 42.20 3.69 4.96 1.47 0.156 Low
Scatec 50.41 3.36 5.43 1.59 0.063 Low
Solaria 49.33 2.89 4.35 1.31 0.250 Low
PGE 77.26 2.07 4.59 1.56 0.000 Low
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Note: CV Pct = Coefficient of Variation Percentage; avg_R̄S = Average Rank Shift; Sens. Level =
Sensitivity Level

Companies with CV values above 15% are highly sensitive to methodological choices. This reveals more
complex communication patterns that change depending on how weights are adjusted. CV values be-
tween 5-15% show moderate sensitivity, while values below 5% point to straightforward communication
strategies that stay consistent regardless of weight changes.

The high sensitivity companies (Atlantica, EDP, ERG, Romande) include both strong and weak per-
formers. This shows that sensitivity comes from communication complexity, not performance quality.
The most stable companies (PGE, Solaria, Scatec) keep consistent risk profiles across all scenarios.
Their communication patterns are clearly defined and do not depend much on specific analytical
choices. The known greenwashing companies from external validation (PGE, CEZ, Ørsted) all fall into
the low to moderate sensitivity categories.

The impact levels combine R̄S (average ranking shift) values with how much scores change. The
amplifier factor caused the biggest ranking shifts (R̄S = 0.21), with reporting consistency changes
coming second. Changes to substantiation quality and sentiment had much smaller effects on rankings.

This sensitivity analysis works with the ensemble methodology to increase transparency around
methodological uncertainty while preserving theory-driven constraints. Complete ensemble and
verification details appear in Appendices C, D, and H.
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J Known Case Validation

J.1 Search Methodology

This appendix documents the systematic approach used to identify known greenwashing cases among
the 14 sample companies. Documented accusations from credible sources provide validation bench-
marks for GRAT testing.

Table J.1 presents the multi-language search term framework, showing how company names combined
with greenwashing terms across relevant languages.

Table J.1: Multi-Language Search Term Framework

Language Base Terms Greenwashing Terms Combined Exam-
ples

English Company name
+

greenwash*, "misleading en-
vironmental claims", "false
green claims"

"PGE" + green-
wash*

Polish Nazwa firmy + "zielone pranie", greenwash-
ing

"PGE" + "zielone
pranie"

French Nom d’entreprise
+

écoblanchiment, verdissage "EDF" +
écoblanchiment

Spanish Nombre empresa
+

"lavado verde", "maquillaje
verde"

"Endesa" + "lavado
verde"

Danish/Norwegian Firmanavn + grønnvasking "Ørsted" + grøn-
nvasking

Czech Název
společnosti
+

"zelené mytí" "CEZ" + "zelené
mytí"

Italian Nome azienda + "ambientalismo di facciata" "ERG" + green-
washing

Portuguese Nome empresa + "lavagem verde" "EDP" + "lavagem
verde"

Greek ΄Ονομα εταιρείας

+
πράσινο ξέπλυμα "Terna Energy" +

πράσινο ξέπλυμα

Turkish Şirket adı + "yeşil yıkama" "Akenerji" + "yeşil
yıkama"

Five primary source categories formed the foundation of this search strategy. NGO campaigns included
Greenpeace national offices, ClientEarth, and Corporate Europe Observatory. These sources provided
campaign pages, press releases, and legal actions. Platforms such as Danwatch, Demagog.org.pl, and
CorpWatch provided environmental investigations and fact-checking reports. Industry publications
including Energy Supply and sector trade press contributed business reporting on controversies. ESG
assessment platforms like Sustainalytics and World Benchmarking Alliance provided controversy flags
and risk assessments.
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Table J.2: Primary Source Categories Searched

Source Type Specific Platforms Search Focus Languages
Used

NGO Campaigns Greenpeace (all national of-
fices), ClientEarth, Corpo-
rate Europe Observatory

Campaign pages,
press releases, legal
actions

Local + En-
glish

Investigative Journalism Danwatch, Demagog.org.pl,
CorpWatch

Environmental
investigations, fact-
checking

Local + En-
glish

Regulatory Bodies consumer, financial, and com-
petition regulators

Official complaints,
enforcement actions

Local + En-
glish

Industry Publications Energy Supply, sector trade
press

Business reporting
on controversies

Local + En-
glish

ESG Assessments Sustainalytics, World Bench-
marking Alliance

Controversy flags,
risk assessments

English

January 1, 2020 to December 31, 2023 defined the temporal scope.

Inclusion Requirements:

• Specific accusations of misleading environmental communication

• Named accusers (NGOs and/or regulators)

• Claims related to sustainability reports or performance communication

• Verifiable source documentation

Exclusion Criteria Applied:

• Environmental incidents without communication allegations

• Marketing/sponsorship issues unrelated to performance-communication gaps

• Pre-2020 events (outside temporal scope)

• General industry criticism without company-specific claims

J.2 Search Results and Case Classification

Within the specified timeframe, four companies faced greenwashing accusations, although one case
was later excluded based on scope criteria. Three companies received classification as known positive
cases based on documented accusations. All remaining companies showed clean records across searched
sources.
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Table J.3: Search Results Summary

Company Accusations
Found

Source Types Classification

PGE SA 4 documented
cases

NGO campaigns, fact-
checking, legal proceedings

Known Positive
Case

CEZ Group 2 documented
cases

NGO reports, fact-checking
analysis

Known Positive
Case

Ørsted 1 documented
case

Regulatory complaint, in-
vestigative journalism

Known Positive
Case

Endesa SA 2 documented
cases

NGO reports, journalism
investigations

Clean Record
(see below)

EDF Limited evidence Historical cases outside
timeframe

Clean Record
but historical
reference

All others (9 companies) No cases found Clean search results across
all sources

Clean Record

Among all companies examined, PGE (Polska Grupa Energetyczna SA) attracted the most greenwash-
ing accusations during the study period. Greenpeace Poland filed a climate lawsuit in March 2020
demanding a zero emissions strategy by 2030. Court hearings continued through 2022 [95]. Between
2021 and 2023, campaigns accused PGE of presenting itself as a "green transformation leader" despite
generating just 4% renewable energy [97, 96]. A 2023 investigation by Demagog [50] found that PGE’s
emissions rose 19% between 2020 and 2021, contradicting its green messaging. Over six years, the
company allocated only 3.5% of capital expenditure to renewable development [50].

Accusations against CEZ Group came from Greenpeace Czech Republic [94] in September 2023. The
organization challenged CEZ’s claims of environmental friendliness while aiming to continue Bílina coal
mining operations until 2035 [94]. This mine produces 8 million tonnes of coal annually, representing
10% of Czech Republic’s total emissions. An earlier review by independent experts concluded that 20
of the 25 claims in CEZ’s "Nuclear Seven" letter to the EU Commission were false or misleading about
nuclear power’s environmental impact [58].

In March 2023, a formal complaint was filed against Ørsted. Danwatch [47] and the Council for
Green Transition filed a complaint with the Danish Consumer Ombudsman over Ørsted’s marketing
of biomass burning as "sustainable" [47, 59]. Professor Jannick Schmidt concluded that Ørsted’s
calculation methods "hide the most serious climate impacts" of biomass use. About 75% of Denmark’s
renewable energy mix is made up of biomass, with Ørsted as the largest user [47]. According to the
Danish Consumer Council, the practice violates legal standards for marketing.

Cases involving Endesa SA were found but excluded due to scope limitations. CorpWatch [45] doc-
umented "academic greenwashing" through university partnerships [45]. Multiple Spanish outlets
reported COP25 sponsorship controversies [44, 146]. These cases were excluded as they dealt with
sponsorship and academic ties, rather than emissions or misstatements in sustainability disclosures.
COP25 events (in 2019) also fell outside the 2020-2023 timeframe. EDF showed none to limited
evidence within the timeframe, but historical cases exist from 2015-2016 [215].

No documented greenwashing accusations appeared for the remaining nine companies during the search
across all source categories (as seen in J.3). Several companies appeared in positive sustainability con-
texts instead. World Benchmarking Alliance [244] assessments featured EDP (Energias de Portugal)
with 74% renewable generation by 2022 [244]. Strong ESG ratings went to Atlantica Sustainable Infras-
tructure PLC, with Sustainalytics [224] rating their risk management as "Strong" with no controversy
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flags [224]. Norwegian Consumer Authority guidelines requiring adequate documentation for green
claims govern Scatec ASA operations [114].

Multiple independent sources provided cross-checking where possible. Validation groups for discrim-
inant testing were formed based on identified cases: known positives (n = 3; PGE, CEZ, Ørsted)
and companies with clean records (n = 11). By introducing this classification, MWU testing can be
used to test whether the GRAT separates accused companies from those without known greenwashing
incidents.

J.3 Mann-Whitney U Testing Results

Whether companies with known greenwashing accusations scored higher on the GRAT than compa-
nies with clean records was tested using the MWU test. No assumptions about normal distributions
are required for this test, making it appropriate for small sample validation studies [243, 143, 171].
However, tests like these with only 14 observations present serious statistical limitations due to central
limit theorem requirements. These results are indicative only and should be interpreted with extreme
caution. The observed patterns could represent genuine GRAT accuracy, or they could be random
phenomena that occurred between 2021-2022. More observations would give far better results, but
these represent all available companies with complete data given our constraints.

Figure J.1: Known Case Validation Results

As can be seen in J.1 above, all three known positive cases ranked in the top four positions out of 14
companies (positions 1, 3, and 4), and every known positive case scored above the clean record median.
The results suggest that the GRAT may potentially capture group differences and identify companies
involved in confirmed greenwashing cases, although this pattern could also reflect random variation
given the statistical limitations.
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Table J.4: Known Case Validation Statistics

Test Parameter Value Interpretation
Known Positive Cases n = 3 PGE (77.26), CEZ (62.79), Ørsted (65.96)
Clean Record Companies n = 11 All remaining companies
U-statistic 31.0 Test statistic
p-value (one-tailed) 0.0110 Statistically significant (p < 0.05)
Effect Size (r) -0.879 Large effect
Known Positive Median 65.96 SD = 7.61
Clean Record Median 49.32 SD = 11.40
Difference in Medians 16.64 Known positive cases score higher
Known Positive Mean 68.67 SD = 7.61
Clean Record Mean 47.76 SD = 11.40
Difference in Means 20.91 Known positive cases score higher

All scores were ordered from lowest to highest, and rank sums were computed per group. Positive
cases (R1): PGE (77.26), CEZ (62.79), and Ørsted (65.96) tended to rank above companies with no
known accusations. Standard Mann-Whitney U-statistic calculations followed:

U1 = R1 −
n1(n1 + 1)

2
(J.1)

U2 = R2 −
n2(n2 + 1)

2
(J.2)

r = 1− 2U

n1 × n2
(J.3)

where:

• U1 = U-statistic for known positive cases (group 1)

• U2 = U-statistic for clean record companies (group 2)

• R1 = sum of ranks for known positive cases

• R2 = sum of ranks for clean record companies

• n1 = number of known positive cases (n = 3)

• n2 = number of clean record companies (n = 11)

• U = smaller of U1 and U2 used for effect size calculation

• r = rank-biserial correlation coefficient measuring effect size

With U = 31.0, n1 = 3, and n2 = 11, this results in:

r = 1− 2×31.0
3×11 = 1− 62

33 = −0.879

Clean record companies tend to rank lower than known positive cases, indicated by the negative value.
With |r| ≥ 0.5 considered a large effect by standard criteria, the observed value of 0.879 clearly
represents a large effect. Statistical testing rejected the null hypothesis of no difference between groups
(p = 0.0110 < 0.05), but again, the MWU test has very low statistical power with such a small sample
size. Known positive cases scored substantially higher than clean record companies, with a mean
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difference of 20.91 points. This finding suggests the GRAT may potentially identify companies with
documented greenwashing patterns, although definitive conclusions cannot be drawn given the sample
limitations.

As a side observation, two out of three companies mentioned in a positive sustainability context ended
up with the two lowest greenwashing scores.
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K Reproduction Resources

The complete GRAT implementation is available through a GitHub repository containing all code
modules and documentation necessary for GRAT replication and adaptation to new datasets.

Link: https://github.com/AadB010/Greenwashing-Risk-Assessment-Tool

Software Requirements
All technical dependencies are specified in the requirements.txt file included in the repository. The
implementation uses Python with standard data science libraries including pandas, numpy, spaCy,
transformers, and scipy for statistical analysis.

Repository Structure
The analysis follows a sequential notebook structure organised into five main categories:

01_data_extraction/: Example modules demonstrating CDP climate data processing, Refinitiv
Eikon integration, and data harmonisation. These files illustrate the data preparation approach but
are not required to follow this exact structure. Users can adapt these methods to their specific data
sources and formats.

02_performance_analysis/: Environmental performance scoring implementation using constrained
ensemble methodology across four core components with sector-specific adjustments.

03_communication_analysis/: Text processing and multi-dimensional NLP analysis including
PDF to text extraction and cleaning using SpacyLayout, followed by five analysis modules for green
communication intensity, substantiation weakness, language vagueness, temporal orientation, and re-
porting consistency.

04_integration_scoring/: Performance-Communication Gap calculation and final risk scoring us-
ing ensemble methodology across 59,881 valid weight combinations.

05_validation/: External validation against documented cases and sensitivity analysis across 17
weight variation scenarios.

Data Limitations and Requirements
Important Note: The code will not run as-is because it requires specific data files that are not
included in the repository. Users must obtain their own data sources and adjust the code to extract
relevant metrics from their datasets.

Performance Analysis Requirements:

• Scope 1 and 2 emissions data (self-reported and third-party verified)

• Emission intensity metrics with consistent denominators

• Target documentation (reduction percentages and target years)

• Renewable energy intensity using consistent denominators

• Minimum two consecutive years of data
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Communication Analysis Requirements:

• English-language sustainability reports in digital format

• Aligned reporting periods across analysis years

• PDF documents suitable for text extraction using SpacyLayout

Execution Guide
Detailed implementation guidance is provided through multiple sources. The repository README
file contains overview and setup instructions. Markdown cells within each notebook module provide
step-by-step explanations of calculations and methodology. Chapter 5 of this thesis offers practical
application guidance including data preparation, execution sequence, and result interpretation.

Execute notebooks sequentially by folder numbering, ensuring data requirements are met before pro-
ceeding to subsequent analysis stages. Each module includes validation steps and produces ensemble
statistics suitable for uncertainty analysis and methodological robustness testing.

GRAT’s modular design enables adaptation to different sectors by modifying performance metrics,
communication terminology, and weight hierarchies while maintaining the core methodological ap-
proach.
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