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Enhancing Sustainability Reporting through Automated Text
Analysis: A Systematic Review and Empirical Study in the Apparel
Industry

Abstract- This thesis investigates the transformative potential of automated text analysis techniques, specifically text
mining (TM) and natural language processing (NLP), in advancing the analysis of sustainability reporting (SR).
Through two interrelated studies, critical gaps in the field are addressed by evaluating the current application of text
analysis to SR analysis and introducing a novel analytical framework. The first study offers a comprehensive
systematic literature review (SLR) of TM and NLP applications in SR, assessing methodologies, research objectives,
and analytical depth. The findings underscore both the promise and limitations of automated text analysis in extracting
meaningful insights from SRs, highlighting untapped potential. Building on these insights, the second study applies
advanced text mining techniques to a case study within the apparel industry, focusing on the years following the Rana
Plaza disaster. This application reveals biases toward positive reporting, raising concerns about the transparency and
credibility of SRs. Together, these studies enhance the theoretical understanding and practical application of TM-NLP

tools in SR, advocating for more transparent, balanced, and credible sustainability practices.

Keywords: systematic literature review, sustainability reports, text mining, natural language processing, NLP, big
data, SASB, GRI, BERT, Sentiment analysis
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1 Introduction

This thesis is composed of two interrelated studies, each structured as a scholarly article, that
together delve into the transformative role of automated text analysis in sustainability reporting
(SR). The research investigates the implications and potential of these advanced technologies in
enhancing the analysis and communication of sustainability data. The first study provides a
comprehensive systematic literature review of text mining (TM) and natural language processing
(NLP) techniques as they are applied to the analysis of SRs. The second study builds on this
foundation by examining the practical implementation of these automated methods, focusing
specifically on their application in conducting materiality assessments and balance analysis
within SRs, particularly within the context of the apparel industry and the aftermath of the Rana

Plaza disaster.

This introductory chapter is structured as follows: Section 1.1 outlines the challenges in
sustainability reporting, particularly focusing on the complexities and limitations inherent in
current practices. It emphasizes the critical need for more transparent, comprehensive, and
accurate reporting, highlighting the growing concerns around the quality and credibility of
sustainability reports (SRs). Section 1.2 identifies significant research gaps, focusing on the
underexplored intersection of materiality and balance in SRs. Section 1.3 presents the two key

papers that form the core of this thesis and the overall thesis contribution.
1.1 Challenges in Sustainability Reporting

In recent years, the rise in corporate disclosure of non-financial data related to social and
environmental issues—commonly referred to as sustainability reporting (SR)—has been
accompanied by growing concerns regarding the quality, transparency, and credibility of these
reports (Lindgren et al., 2021). Although the volume has increased, there are concerns about the
quality and transparency of these disclosures (Aras & Crowther, 2008; Billio et al., 2021; Boiral
& Heras-Saizarbitoria, 2020; Bushee et al., 2018; Clarkson et al., 2019; Fabrizio & Kim, 2019).
A significant challenge within SR is the complex interplay between materiality and balance,
which are critical for ensuring that the information disclosed is both relevant and trustworthy.

Additionally, the sheer volume, diversity, and complexity of the data within SRs pose significant



challenges for evaluation, making analysis, interpretation, and comparison difficult (Michelon et
al., 2015, 2022).

Materiality and balance are cornerstone principles in sustainability reporting, each playing a
critical role in ensuring that corporate disclosures are relevant, transparent, and credible.
Materiality focuses on identifying the environmental, social, and governance (ESG) issues that
are most significant to both the company and its stakeholders. These issues are those that could
materially impact a company's performance, reputation, and ability to create long-term value
(Dhaliwal et al., 2011; Lai & Stacchezzini, 2021). Companies are expected to engage with
stakeholders to prioritize these material issues in their reports, reflecting the most critical aspects
that influence decision-making (Baumuller & Sopp, 2021; Cerbone & Maroun, 2020; Henriques
et al., 2022). However, determining what is considered material remains a subjective process that
differs significantly across companies, resulting in inconsistencies and selective reporting.
Leading frameworks like the Sustainability Accounting Standards Board (SASB) and the Global
Reporting Initiative (GRI) tackle these issues by offering guidelines and standards to help define
materiality in ESG reporting. However, tackling materiality is just one aspect of the challenge.
Balance, on the other hand, ensures that sustainability reports provide an objective and
comprehensive view of a company's sustainability performance. Balanced reporting requires
transparency in presenting both positive achievements and challenges, thus avoiding the
tendency to use sustainability reports merely as promotional tools. This balanced approach is
essential for building trust with stakeholders and demonstrating a genuine commitment to
sustainability (Eccles et al., 2012; Vouros et al., 2020). Nevertheless, numerous companies have
faced criticism for SRs making unverified or exaggerated claims about the environmental, social,
and governance (ESG) aspects of their products, services, or overall operations, potentially

misleading governments, consumers, investors, and the public (Liao and Shi, 2023).

These challenges are further compounded by the limitations of traditional content analysis
methods used in SR evaluations, which are often manual, time-consuming, and prone to
subjectivity (Betti et al., 2018; Lindgren et al., 2021). Automated text mining techniques offer a
potential solution to these challenges by enabling more scalable, consistent, and comprehensive
analyses of sustainability reports. However, the application of these techniques in the context of
materiality and balance is still in its infancy, and there is a lack of clarity about their

effectiveness and outcomes (Lewis & Young, 2019).

vi



1.2 Research Gap

The significant gap in the literature is twofold. First, while studies have explored materiality and
balance separately, the intersection of materiality and balance remains significantly
underexplored in the literature. Integrating these two dimensions to provide a holistic and
accurate representation of a company's sustainability efforts, ensures that both the relevance of

the reported content (materiality) and the objectivity of its presentation (balance) are addressed.

Second, there is a substantial gap in understanding how automated text mining techniques can be
applied to analyze SRs and consequently address different aspects and criteria, including
materiality and balance. While automated methods hold promise for overcoming the limitations
of manual content analysis, their application in this context has not been fully explored.
Specifically, there is a need to investigate the types of tools employed, the research objectives
they can achieve, and the depth and scope of analysis these tools can provide. Understanding the
current capabilities and limitations of automated text mining in the existing literature will

provide a critical foundation for assessing their potential in integrating materiality and balance.
1.3 Analysis and Overall Contribution

To systematically address the identified research gaps, this thesis undertakes a two-part
investigation. The first part, a systematic literature review, rigorously examines the application
of text mining and natural language processing (NLP) technigues in the analysis of SR. By
focusing on the current landscape, the review evaluates the methodologies employed, the specific
objectives pursued, and the depth and breadth of the analyses conducted in previous studies. The
goal is to assess the effectiveness and limitations of these automated techniques, particularly in
the context of managing the increasing complexity and volume of SR data. This critical
evaluation provides a solid foundation for advancing the application of these techniques in the
field.

Then, in the second part of the investigation and by leveraging these insights, we then applied
state-of-the-art techniques within a specific research context to analyze materiality and balance
simultaneously. Our goal was to enhance the transparency and accuracy of reporting through
more precise, automated, and rapid methods, ultimately contributing to the development of more

robust and reliable sustainability assessments.
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1.3.1 Use of text mining and natural language processing (NLP) techniques in analyzing

sustainability reporting big data- A systematic literature review and assessment

The first research paper systematically reviews the literature on the use of text mining and NLP
in the analysis of sustainability reports. This systematic literature review (SLR) contributes three
key insights: First, it provides an overview of the methodologies and techniques that have been
employed in the analysis of SRs. Second, it reviews the research objectives pursued by scholars
utilizing TM-NLP in SR analysis. Third, it presents a critical assessment of the existing
literature, revealing the depth and scope of each method applied in analyzing SRs. The findings
suggest that the potential of TM-NLP to generate significant insights from SR big data remains
largely unrealized, offering important directions for future research. In summary, while
automated text analysis techniques show significant potential, the current application within SRs
is still developing. This review highlights both the promise and the limitations of these methods,
providing a comprehensive overview of the field and laying the groundwork for further

advancements in the use of TM and NLP in sustainability reporting.

1.3.2 Investigating Transparency in Sustainability Reports of the Apparel Industry Using Text

Mining and Natural Language Processing

The second research paper leverages advanced text mining techniques to examine the
sustainability reports (SRs) of companies implicated in the Rana Plaza disaster and the broader
apparel industry, analyzing both small and large datasets. By assessing materiality through theme
extraction and evaluating balance by quantifying the representation of strengths, opportunities,
risks, and areas for improvement, the research uncovers a significant bias toward positive
reporting. The findings indicate a tendency to highlight strengths and opportunities while
downplaying or positively framing risks and areas for improvement. This imbalance raises
concerns about the credibility and potential greenwashing in these reports, especially when

contrasted with documented misconduct in Bangladesh.

Methodologically, the study pioneers the systematic use of text analysis for SRs, offering a
model for future research in theme extraction and demonstrating the value of combining
sentiment analysis with theme extraction for deeper insights. Substantively, it reveals that
sustainability reports in this context are skewed towards positivity, questioning the truthfulness

and balance of these disclosures.
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The research provides practical implications for industry practitioners, enabling companies to
benchmark their sustainability reports against industry standards and improve transparency.
Consulting firms can use these techniques to identify benchmarks and enhance the evaluation of
corporate disclosures. By adopting these methods, stakeholders can achieve more accurate and
comprehensive sustainability assessments, ultimately promoting more balanced and credible

reporting practices.

1.3.3 Thesis Contribution

This thesis makes several key contributions to the field of sustainability reporting. First, it
provides a comprehensive overview of the current state of automated text mining techniques as
applied to SR, highlighting both the potential and the limitations of these methods. Second, by
focusing on the apparel industry and the Rana Plaza disaster, it offers a critical case study that
demonstrates the practical application of these techniques in a real-world context. Third, it
advances the understanding of how these technologies can be used to enhance the transparency
and credibility of SRs, particularly through the integrated analysis of materiality and balance,

which remains a significantly underexplored area in the literature.

Together, these two studies address the identified research gaps by providing a deeper
understanding of the application of automated text mining techniques in SR analysis and offering
practical insights into their potential for improving the quality and reliability of sustainability

reports.
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1 Introduction

Voluntary non-financial disclosures such as sustainability and corporate social responsibility (CSR)
reports have received considerable attention in recent years. Companies use such disclosures to
demonstrate their commitment to addressing environmental, social, and governance (ESG) issues and
communicate sustainability-related information to diverse stakeholder groups (Saha & Nabareseh,
2015). Sustainability Reports (SR) play an important role in enabling investors and financial analysts
to evaluate a company's present performance and make well-informed investment decisions with a
purported sustainability focus (Sai et al., 2019). A variety of terms have been employed for this type

of non-financial reporting, including "sustainability,” "accountability,” “sustainable development,”

""corporate social responsibility,
citizenship,” and “triple bottom line” reporting (M. Li & Zhao, 2021; Shahi et al., 2014). In this

corporate responsibility,” “non-financial disclosure,” "corporate

study, we use the term “SR”, the acronym for “sustainability report,” to refer to all these terms and

any other type of similar reporting.

A sizable and growing body of evidence suggests that voluntary reporting approaches have become
an expected corporate practice, effectively expanding both the quantity and length of SRs (KPMG
International, 2022) - See Figure 1. However, this increase in volume has not been accompanied by
an increase in the quality and precision of disclosure within them (Aras & Crowther, 2008; Billio et
al., 2021; Boiral & Heras-Saizarbitoria, 2020; Bushee et al., 2018; Clark et al., 2019; Fabrizio &
Kim, 2019; Kim & Lyon, 2015). Rather, the sheer volume, diversity, and complexity of the data
within SRs make them challenging to evaluate, presenting considerable obstacles regarding analysis,
interpretation, and comparison (Michelon et al., 2015, 2022). This has led many sustainability
researchers and analysts to turn towards automated text analysis approaches such as text mining

(TM) and natural language processing (NLP).

Sustainability researchers are, of course not alone in having done so. Recent advancements have
made these tools more accessible and powerful, encouraging adoption across the social sciences.
Some researchers and commentators have enthusiastically declared these new approaches to be
transformative in nature, holding “substantial promise for automating the analysis of written and
spoken language, which could transform research in economics and sociology as well as political
science.” Similarly, management scholars have pointed to its capacity to transform theory
development and research design within organization studies and strategic management (Barbier et
al., 2022; DiMaggio, 2015; George et al., 2016; Leavitt et al., 2021; Tremblay et al., 2021). Of
particular relevance to the purposes of this paper, TM-NLP has been hailed as a breakthrough

2



innovation capable of providing greater depth and breadth of SR analysis (Gutierrez-Bustamante &
Espinosa-Leal, 2022; C. Li & Huang, 2023; Smeuninx et al., 2016; Szekely & VVom Brocke, 2017).
Depth refers to the sophistication of TM-NLP techniques used to extract detailed and nuanced
insights from sustainability reports, while breadth pertains to the ability of these methods to
systematically analyze large-scale datasets across multiple reports, industries, and time periods.
Combining high depth and breadth enables a comprehensive and insightful understanding and

assessment of SR quality.

Automated text analysis undoubtedly holds great promise for dealing with the growing volume and
complexity of SRs, thereby opening up new avenues of research and insight, and provide robust and
actionable insights from SR data. For example, NLP, a specialized branch of Machine Learning (ML)
applications is dedicated to working with human language, particularly textual data. NLP
encompasses a broad range of techniques aimed not only at extracting information from text (i.e.,
text mining) but also at comprehending, interpreting, and even generating human-like language.
These techniques span various tasks such as machine translation, text summarization, and sentiment
analysis. NLP can be operationalized through supervised , unsupervised ML algorithms or through a
combination of both to achieve these tasks effectively. Supervised algorithms are trained on a labeled
dataset, where each data point is associated with a known output or target value. The algorithm learns
to map the input data to the output data, and it can then be used to make predictions on new, unseen
data. Unsupervised algorithms, on the other hand, do not require labeled data. Instead, they learn to
identify patterns and structures in the data itself which can be useful for tasks such as clustering and
dimensionality reduction (James et al., 2021; Nadkarni et al., 2011). While it has the ability to work
with unlabeled data, which is more readily available and does not require lots of user input in the
front end, interpreting the results of unsupervised ML in the backend can be more challenging given

that the results may be complex or nuanced. and require the user to interpret (Nadkarni et al., 2011).

There is, however, considerable uncertainty and a lack of understanding regarding the application
and outcomes of TM-NLP techniques (Lewis & Young, 2019; Miner et al., 2012; Nishant et al.,
2020). We focus on clarifying two main aspects. First, given the novelty of this approach, we lack a
clear overview and mapping of the types of tools employed and the research objectives that have
been achieved with these tools. Put simply, there is a lack of clarity regarding the means and ends of
automated text analysis of SRs. This is partly a reflection of the fact that much of what has been
written either offers generalizations regarding the potential of TM-NLP, or alternatively, provides

fine-grained technical details about the research techniques themselves without saying much about



what can be achieved with these tools and approaches. We begin by clarifying what is possible in

terms of research objectives and what tools are available for reaching these objectives.

Second, there has been no comprehensive assessment of the progress made in applying automated
text analysis tools to sustainability reports (SRs). In other words, the extent to which this
technology's capabilities have been realized remains unclear. To address this gap, we offer an
overview of the current state of these tools and techniques as applied to SR analysis. Specifically, we
conduct a systematic literature review (SLR) focusing on studies that utilize one or more text mining
and natural language processing (TM-NLP) methods to analyze SRs. We focus on assessing research
depth and breadth.

Based on this overview of the state-of-the-art techniques and our systematic review of the research
methods and objectives, we provide an assessment of the techniques employed for the automated text
analysis of SRs. We find that although there has been notable advancement in this area, our review
identifies several key challenges related to research depth, breadth, rigour, and transparency. These
challenges suggest that the full capabilities of text mining and natural language processing (TM-

NLP) to extract valuable insights from the vast amounts of SR data have yet to be fully realized.

This literature review addresses two key research questions: RQ1: What are the different text mining
methods employed to analyze SRs? and RQ2: What are the objectives of researchers using these
methods? By answering these questions, the review provides a clear understanding of the tools and
techniques applied in SR analysis and the goals driving this research. It highlights the untapped
potential of TM-NLP for enhancing SR quality and identifies critical issues for future research.
Addressing these gaps will allow for better use of TM-NLP tools to improve SR analysis, offering
valuable insights for organizations, policymakers, and stakeholders. The findings suggest that TM-
NLP holds significant promise for automating the analysis of SRs, which can enhance the quality of
sustainability reporting and support research in other fields, such as economics, sociology, and

political science.

The remainder of this paper is organized in the following manner. The next section provides some
background on automated text analysis techniques for SR research that is germane to our review.
This includes a description of the main issues concerning SR big data and the main benefits touted by
proponents of automated text analysis techniques. Section 3 then explains our SLR methodology. We
describe the search strategy that was used and the data extraction process. Section 4 presents the

detailed findings across the two research questions posed in this review and elaborated in Section 3.



Section 5 provides a discussion of the findings, critical reflections on the reviewed literature, and

outlines suggestions for future research.
2 Automated Text Analysis Technique for Sustainability Report Research

While automated text analysis has received prominent attention, there is a lack of clarity and
conflation regarding some of its key approaches, as well as the capabilities and benefits it brings to
the analysis of SR big data. Therefore, before presenting our study’s methodology and findings, we
define and explain some key concepts. We then situate our review in both current literature and
practice by providing a high-level summary of what are generally considered to be the main
challenges of manual analysis of sustainability data and the reasons for researchers to adopt
automated text analysis techniques. It should be noted that this is neither an exhaustive explanation
of the concepts underpinning TM-NLP nor a full review of the literature examining the challenges of

manual text analysis versus the benefits of automated text analysis.
2.1 Key terms and concepts

NLP is closely related to text mining but goes one step further to focus on understanding,
interpreting, and generating human-like language. This can include tasks such as machine translation,
text summarization, and sentiment analysis (Antons et al., 2020). Some aspects of NLP can be
understood as text mining, whereas some are more sophisticated. NLP represents a specialized
branch of Machine Learning (ML) applications dedicated to working with human language,
particularly textual data. NLP encompasses a broad range of techniques aimed not only at extracting
information from text (i.e., text mining) but also at comprehending, interpreting, and even generating
human-like language. These techniques span various tasks, such as machine translation, text

summarization, and sentiment analysis.

In NLP applications, both supervised and unsupervised ML algorithms are utilized to achieve these
tasks effectively. Where required for understanding and accuracy, we specify whether these are text
mining or NLP. Otherwise, we use the acronym TM-NLP when referring to the general category of
automated text analysis methods as a means of simplifying analysis and discussion (Nadkarni et al.,
2011).

Another set of terms that require definition is “supervised learning” and “unsupervised learning.”
Supervised and unsupervised learning are general categories of ML methods that can be applied to a
wide variety of data types, including text, images, audio, and video. Supervised ML algorithms are

trained on a labelled dataset, where each data point is associated with a known output or target value.



The algorithm learns to map the input data to the output data, and it can then be used to make
predictions on new, unseen data. As each example has a known output or target value, the model can
learn the relationship between the input data and the output data, which makes it easier to interpret
the results. Unsupervised ML algorithms, on the other hand, do not require labelled data. Instead,
they learn to identify patterns and structures in the data itself, which can be useful for tasks such as
clustering and dimensionality reduction (James et al., 2021; Nadkarni et al., 2011). For instance, in
topic modelling, which we refer to below, an unsupervised ML algorithm might identify prevalent
topics in a collection of documents. As such, there are both benefits and drawbacks to working with
unsupervised ML methods. While it has the ability to work with unlabeled data, which is more
readily available and does not require lots of user input in the front end, interpreting the results of
unsupervised ML in the backend can be more challenging, given that the results may be complex or

nuanced. And require the user to interpret (Nadkarni et al., 2011).
2.2 The case for TM-NLP methods in analyzing SR

In making the case for TM-NLP methods in analyzing SRs, three central issues are frequently
mentioned — growth in volume, lack of standardization, and poor informational quality. First, the
volume of qualitative data disclosed is growing remarkably due to the surge in the number of
organizations issuing SRs (see Figure 1) and the steady increase in the content contained within the
reports themselves. The term “big data” has become increasingly used to describe this growing body
of data (Kang & Kim, 2022; Li & Huang, 2023; Wanner & Janiesch, 2019). Second, the data
provided in the SRs are non-standard in nature and format. Reports include images, numbers, and
texts, which are presented in a variety of ways (e.g., narrative descriptions, tables, charts, graphics,
etc.), as well as an increasing diversity of languages. This is due in part to a proliferation of ESG
reporting formats, standards, and frameworks for disclosing non-financial data that have evolved in
recent decades, resulting in a confusing array of foci and what is considered “material,” resulting in
notable difficulties in comparing this growing volume of data structures (Eccles et al., 2011,
Kozlowski et al., 2015; Luo et al., 2015; Roca & Searcy, 2012). Third, the reported data is often of
poor quality or a misleading nature, what is often referred to as “greenwash” .”is relates to a number
of observed and documented problems, including issues or actions discussed that may not be relevant
or “material” to the industry or sector of activity; information provided is generic, vague, or devoid
of meaningful content; information is misleading or presented in a manner to purposefully obfuscate;

omits important and relevant information (Marquis et al., 2016; Yu et al., 2020).

Figure 1: SR rates among the world s largest companies
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As a result of these issues, the manual analysis of SRs and the ability to extract useful information for
decision-making have become prohibitively costly and time-consuming (Shahi et al., 2014). For
analysts and researchers, the systematic collection and analysis of this data has become an immense
undertaking, often entailing the cataloging and coding of tens of thousands of pages of documents
(Fiandrino & Tonelli, 2021). This has led to an interest in, and demand for, automated text analysis
solutions for examining and scoring SRs (see Figure 2) (Harymawan et al., 2020; Shahi et al., 2014;
A. Zhou, 2021) , with ESG analysts and academics increasingly employing various TM and NLP
approaches to analyze company disclosures where qualitative data is predominant (e.g., K-2 filing in
the US, auditor reports, and SRs) (Aureli et al., 2016; Harymawan et al., 2020; Kiriu & Nozaki,
2020a; Liew et al., 2014; Mohan et al., 2016; Reuter et al., 2014; Tremblay et al., 2015).

Figure 2: Distribution of SR studies utilizing automated text analysis across publication years
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When compared to manual approaches, this automated text analysis form of content analysis offers
several advantages. First, it increases efficiency and reduces the time required for analysis. Using
algorithms, researchers can process and analyze large volumes of data much quicker, allowing for
more comprehensive and extensive investigations (Deng et al., 2017; Fiandrino & Tonelli, 2021;
Tremblay et al., 2015). Second, automated text analysis enhances reliability by minimizing human
error, subjectivity, and bias. This helps mitigate errors and discrepancies that may inadvertently arise
as a result of human interpretation or subjective judgment during the manual coding process.
Automated text analysis eliminates these issues by employing standardized algorithms that adhere to
predefined coding rules, resulting in a more objective, accurate, and consistent analysis across the
entire dataset (Q. Deng et al., 2017a; Kiriu & Nozaki, 2020a). Third, automated text analysis is cost-
effective. It eliminates the need for a large workforce dedicated to manual coding and reduces the
need for error correction and data verification, thereby substantially reducing labour costs.
Additionally, the use of automated tools and software reduces the expenses associated with manual
error correction and data verification (Kiriu & Nozaki, 2020a; M. Li & Zhao, 2021).

Overall, these three benefits suggest that TM and NLP have provided the possibility of analyzing
substantial volumes of sustainability data and the ability to generate notable new insights. We refer to
these as research depth and research breadth. Research depth refers to the sophistication of TM-NLP

techniques, which encompasses the complexity of the algorithms used, the extent of contextual
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understanding they provide, and their ability to produce nuanced insights(Blei et al., 2003a; Jurafsky,
2000; Manning et al., 2008). The level of research depth is critical because it determines how
effectively these tools can go beyond surface-level analysis to uncover complex details within SRs
(Feldman & Sanger, 2007; Miner et al., 2012). For instance, sophisticated algorithms can parse
through dense corporate language, identify nuanced differences in how sustainability practices are
reported, and detect the sentiment behind the narratives presented. This level of detail is essential for
understanding the true intent behind a company's sustainability claims, discerning whether the
language used reflects genuine commitment or is more aligned with "greenwashing" (Delmas &
Burbano, 2011; Torelli et al., 2020). Moreover, higher research depth enables the identification of
subtle patterns, such as shifts in a company’s sustainability focus over time or the emergence of new
themes in response to changing regulatory or market pressures. It can also reveal underlying themes
that might not be immediately apparent, such as the integration of sustainability into corporate

governance or the impact of sustainability initiatives on financial performance.

On the other hand, research breadth pertains to the range and volume of data that these TM-NLP
techniques can systematically analyze. This aspect is particularly prominent in the context of "big
data,” where the challenge lies not only in processing vast amounts of text but also in doing so
efficiently across multiple SRs, industries, and periods. Effective research breadth means that these
tools can handle large-scale datasets, analyzing thousands of reports to identify commonalities and
differences across industries or regions (Aggarwal & Zhai, 2012; Miller & Mork, 2013). This
capability is Imperative for generating insights that are not limited to a single company or sector but
are instead applicable on a broader scale, offering a more comprehensive understanding of
sustainability trends and practices. For instance, by analyzing reports from different industries,
researchers can identify sector-specific sustainability challenges and strategies, which can then
inform industry-wide best practices. Additionally, research breadth allows for the systematic analysis
of changes over time, helping to track the evolution of sustainability reporting practices and the
impact of global sustainability initiatives, such as the United Nations' Sustainable Development
Goals (SDGs).

In essence, combining high research depth with substantial research breadth enables a more robust
and insightful analysis of SRs. While research depth ensures that the analysis is detailed and
nuanced, uncovering the complex dynamics within sustainability narratives, research breadth ensures
that these insights are drawn from a comprehensive dataset, enhancing their generalizability and

relevance. Together, these dimensions of TM-NLP contribute to a more holistic understanding of



corporate sustainability, allowing stakeholders to make more informed decisions based on a thorough

analysis of sustainability reports.
3 Research Method

To investigate the present state of research on the application of TM techniques in analyzing SR, we
conduct a systematic literature review of the relevant literature. To build our SLR methodology, we
follow Kitchenham et al. (2009) .

3.1 Search strategy

To ensure the identification of relevant studies, it is imperative to employ appropriate search
concepts, phrases, and words. In this study, we utilized a comprehensive search query in Scopus, a
widely recognized and authoritative digital library in the academic community. The search was

implemented as follows:

("NFR*" OR "non-financial report*" OR "non financial report*”” OR "Sustainability report*" or
"CSR report*" or "corporate social responsibility report*" or "environment* disclosure" or “esg
report*”) AND ("NLP" or "Natural language processing," or "text mining™ or "ml" or "machine

learning” or "content analysis software" or "text* analysis" or "topic model*").

The inclusion of terms such as "NLP," "natural language processing," "text mining," "ml," and
"machine learning"”, "content analysis software", "text* analysis" and "topic model*" ensure that
studies utilizing various techniques were captured. Additionally, we incorporated terms like
"Sustainability report*,” "CSR report*," "corporate social responsibility report*," "NFR*," "esg
report*," and "environment* disclosure™ to specifically focus on articles that addressed SRs using the
various text mining techniques. By carefully selecting and combining these search concepts, phrases,
and words, we aimed to identify the most relevant studies within the literature in the focus of this

review.

For our SLR, we chose to focus our search exclusively on the Scopus digital library, considering only
peer-reviewed journal articles and conference papers, while excluding book chapters and other
publication formats. Conference papers were selected because TM-NLP methods are typically
developed within the computer science domain, where conference papers are a more common and
timely form of disseminating new methods and applications compared to other publication types.
Scopus was chosen due to its comprehensive coverage across various disciplines, including
management, sustainability, and computer science. This selection aimed to ensure a representative

sample of relevant, reliable, and scholarly research. The search was conducted on July 25th, 2023,
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without imposing any restrictions on the publishing year, to encompass a broad range of literature
and to also include the most current and seminal research in the field. By considering articles from
different time periods, we aimed to obtain a comprehensive understanding of the existing knowledge

on the topic.

In the first step of our SLR, a thorough screening process was conducted to filter out articles based
on predefined inclusion and exclusion criteria, ensuring replicability and rigour in the review. This
rigorous screening involved a careful examination of titles, abstracts, and keywords to identify
relevant papers aligned with the review objectives. In the next step, a full-text screening of the
remaining papers was done. This comprehensive evaluation allowed for a more in-depth assessment
of each paper's content and relevance to this review. Any paper that was deemed irrelevant or did not
meet the predetermined criteria was excluded from further consideration, maintaining the integrity of
the review process. Studies that did not analyze the SRs' contents, studies that did not use any TM or
NLP techniques in their methodology or lacked a clear identification of TM methodology, studies
that were not peer-reviewed or were in the form of posters, proceedings, short papers, abstracts, book
chapters, or were review and survey studies, and studies that were not in English were excluded from
the final selection. Based on the initial search, we obtained 241 results. Applying the exclusion
criteria, a final selection of 88 papers was made, comprising the most pertinent and valuable

contributions that met the quality and inclusion criteria for our systematic literature review.
3.2 Data Extraction

The data extraction stage involved collecting relevant data and information from the 88 selected
publications. This included the publication outlet, key research themes and topics, the objective for
analyzing SRs, the utilized TM-NLP methods and techniques, the number of sustainability reports
(SRS) analyzed (data scope), and the time span of SRs being included in those studies. The resulting

data from this process served as the foundation for the subsequent analysis.
4 Findings
4.1 Overview of NLP-TM methods used in analyzing SRs

Our analysis of the reviewed papers reveals that certain NLP-TM methods have been employed for
the automated text analysis of SRs. These methods, ranked by frequency of use, include topic
modelling, clustering, word frequency analysis, and semantics-based approaches. Additionally,

several studies employed proprietary software tools that streamline the application of these methods.
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This section provides an overview of each of these methods, along with relevant techniques and an

analysis of their computational depth and breath.

4.1.1 Topic-modeling method and techniques

Topic modelling is a critical NLP-TM method used to uncover latent topics within a collection of

documents, such as SRs, by analyzing patterns in word usage and grouping them into thematic

clusters. Among the methods identified, Latent Dirichlet Allocation (LDA), Latent Semantic
Analysis (LSA), K-Nearest Neighbors (KNN), and BERT were most frequently employed. Each

technique has unique strengths and weaknesses.

LDA: An unsupervised method, LDA is particularly adept at identifying a mixture of topics
within documents and associating specific words with each topic. This Bayesian probabilistic
approach excels in handling large datasets, making it a popular choice for studies requiring
deep thematic analysis of SRs. LDA’s ability to discern topics such as environmental impact
and corporate governance across numerous SRs has proven invaluable in studies requiring
detailed thematic exploration (Benites-Lazaro et al., 2018; Hadro et al., 2022). Its application
on datasets ranging from 27 to 9,514 SRs showcases its scalability and robustness in diverse
contexts (Szekely & Brocke, 2017; Calabrese et al., 2023).

LSA: Utilizing Singular Value Decomposition (SVD), LSA reduces the dimensionality of text
data, capturing relationships between words and documents in a lower-dimensional space.
This method is effective for identifying latent structures in SRs, though it may miss nuanced
contextual relationships compared to LDA. LSA has been successfully applied to medium-
sized datasets, often between 100 to 1,000 SRs, providing insights into the co-occurrence of
terms like "renewable energy" and "carbon footprint” (Kountouri et al., 2019; Pan, 2016).
KNN: Typically used for classification and clustering, KNN’s simplicity allows it to identify
document similarities based on feature vectors, making it useful for preliminary thematic
grouping in SRs. Its application is generally limited to medium datasets due to its
computational inefficiency with larger corpora (Raghupathi et al., 2020).

BERT: A transformer-based model developed by Google, BERT excels at capturing context
by considering both preceding and following words in a text. Although BERT is
computationally expensive, it has demonstrated superior performance in detailed text
classification and sentiment analysis within SRs, particularly in studies involving nuanced

sustainability disclosures (Devlin et al., 2018; Wang et al., 2020). Its ability to handle
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complex data with medium-sized datasets highlights its capacity for deeper semantic

analysis, despite being underutilized due to resource constraints.
4.1.2 Supervised Methods and Classifiers

Supervised methods and classifiers offer high accuracy in categorizing SRs based on labelled
datasets. These methods involve training algorithms on a labelled dataset, allowing the model to
learn patterns and relationships that can be applied to new, unseen data. These methods include

various ML algorithms that excel in text categorization and sentiment analysis:

e Neural Networks: Modeled after the human brain, these algorithms are capable of
recognizing complex patterns in text, making them suitable for complex tasks like SR
categorization and pattern recognition. However, they require extensive computational
resources and well-labelled data (Gutierrez-Bustamante & Espinosa-Leal, 2022).

e Random Forest and XGBoost: These ensemble learning techniques combine multiple
decision trees to enhance prediction accuracy and mitigate overfitting. Their application in
sentiment analysis and readability assessments has shown robustness and high accuracy,
particularly in large-scale SR datasets (Clarkson et al., 2020; D’ Amato et al., 2021).

o Naive Bayes: Despite its simplicity, this probabilistic classifier remains effective for text
classification tasks, serving as a reliable baseline for more complex models (Shahi et al.,
2014).

4.1.3 Clustering and Unsupervised Techniques

Clustering and unsupervised techniques are integral to identifying patterns in SRs by grouping

documents based on content similarity:

e K-means Clustering: A widely-used algorithm for partitioning data into K clusters, K-means
has been instrumental in revealing thematic structures within SRs. Its simplicity and
efficiency make it suitable for large datasets, although it requires the pre-specification of
cluster numbers and is sensitive to initial conditions (Liu et al., 2017).

e Hierarchical Clustering: By creating a tree-like structure of clusters, hierarchical clustering
provides a visual understanding of relationships within data, making it useful for SRs with

complex thematic hierarchies (Liu et al., 2017).
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e DBSCAN: This density-based algorithm is effective for identifying clusters of arbitrary
shapes and handling noise, making it valuable in exploratory analyses of SRs where data may
be unevenly distributed (Liu et al., 2017).

e Word2Vec: A neural network-based technique that generates vector representations of words,
Word2Vec captures semantic relationships within text, facilitating the identification of
thematic clusters. It is particularly effective for large-scale text analysis, offering deep

semantic insights into SRs (Bodendorf et al., 2022).
4.1.4 Word frequency analysis method and techniques

Word frequency analysis provides a foundational approach to understanding the content of SRs by
identifying the most commonly occurring terms:

e TF-IDF: This method highlights important terms within a document relative to a corpus by
balancing term frequency with inverse document frequency. TF-IDF has been widely used
for evaluating the importance of terms in SRs and is particularly useful for preliminary
thematic analysis (Raghupathi et al., 2020).

e Keyword Matching: A straightforward technique that involves searching for predefined
keywords within SRs, keyword matching is effective for compliance assessments but may

miss nuanced language that falls outside the predefined terms (Moreno & Caminero, 2022).
4.1.5 Semantic methods and techniques

Semantics-based methods explore the linguistic aspects of SRs, analyzing sentiment, readability, and

linguistic complexity:

e Sentiment Analysis: Techniques like sentiment analysis assess the emotional tone of SRs,
classifying content as positive, negative, or neutral. These methods have been applied to
understand public perception and the overall sentiment conveyed in sustainability disclosures
(Harymawan et al., 2020; Sai et al., 2019).

e Readability Measures: Tools like the Fog Index measure the complexity of SRs by analyzing
sentence length and word difficulty. These measures provide insights into how accessible and

understandable the reports are to their intended audience (Smeuninx et al., 2016).
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4.1.6 Proprietary software-based methods and techniques

Several studies employed proprietary software tools for SR analysis. These tools, while not as

advanced as the latest NLP approaches, offer user-friendly interfaces and a range of techniques for

extracting insights from unstructured text data:

Leximancer: This tool provides visual concept mapping, making it useful for thematic
analysis and identifying relationships between different topics within SRs (Vaio et al., 2022).
RapidMiner: Known for its flexibility and comprehensive analytics capabilities, RapidMiner
enables automated analyses and is particularly effective in large-scale text mining tasks
(Wang et al., 2020).

Provalis WordStat: Offering keyword extraction, content analysis, and text visualization,
WordStat is widely used for social sciences research, providing detailed qualitative insights
into SRs (Téth et al., 2021).

DICTION: This software specializes in sentiment and readability analysis, providing metrics
on emotional content and text complexity. It has been employed in studies examining the

tone and effectiveness of SR communication strategies (Feng & Gao, 2020).

4.2 Analysis of TM-NLP Methods from a Computer Science Perspective

In this section, we categorize the various methods employed in SR analysis by their computational

complexity (depth) and data handling capacity (breadth), providing a framework for selecting the

most appropriate techniques based on specific analytical needs.

Depth Analysis

High-Depth Methods: Techniques such as BERT, Random Forest, XGBoost, Neural
Networks, LDA, and Word2Vec require significant computational resources and excel in
handling complex relationships within large datasets. These methods are ideal for in-depth
text categorization, sentiment analysis, and topic modelling.

Medium to advance Depth Methods: LSA, K-means, Hierarchical Clustering, DBSCAN, and
association-based TM strike a balance between computational complexity and analytical
capability. They are effective for pattern identification and thematic analysis but may not
fully capture deeper semantic relationships.

Low Depth (Surface level) Methods: Methods such as Naive Bayes, keyword matching, word

frequency analysis, and readability measures are computationally simple and fast. They are
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suitable for preliminary analyses and large datasets but lack the ability to delve into deeper

semantic and contextual nuances.

Breath Analysis

In terms of data handling capacity, methods can be categorized as follows:

Large Data Capacity Methods: These methods are highly suitable for large-scale text

analysis, capable of handling thousands to millions of records efficiently. They offer robust

performance and scalability, making them ideal for analyzing extensive datasets.

Medium to small Data Capacity Methods: These methods are effective for medium-sized

datasets, handling hundreds to thousands of records. They offer a balance between managing

moderately large datasets and providing detailed insights.

This detailed analysis provides a strong foundation for selecting appropriate methods based on the

specific requirements of depth and breadth in SR analysis. By understanding the strengths and

limitations of each method, researchers can make informed decisions to achieve accurate and

meaningful insights from sustainability reports.

The following table elaborates on the techniques, categorizing them into advanced, medium to

advanced, surface-level, and software-based classifications. It offers a comprehensive analysis of

their inherent strengths, weaknesses, depth, and breadth from a computer science perspective. The

references cited either utilized these methods or provided in-depth explanations, enabling us to

capture these inherent capabilities and create the following table. We have provided this table to give

researchers a clearer understanding of the inherent strengths of the methods extracted from the

analyzed papers, offering valuable insights into their capabilities.

Table 1: Comprehensive Table of Methods from a Computer Science Perspective

overfitting

model tuning

Category Method/Technique Depth Breadth Strengths \Weaknesses Reference
. Requires extensive (Devlinetal.,
Medium . )
. Captures nuanced semantic computational 2018)
BERT High (Hundreds to . . .
relationships, high accuracy resources, large
thousands) ining d
Advanced training datasets
Methods . Requires substantial [|(Liaw &
Robust, handles high- ] )
. Large (Thousands|| . computational Wiener, 2002)
Random Forest High . dimensional data, reduces
to millions) resources, complex
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Category Method/Technique Depth Breadth Strengths Weaknesses Reference
. o Computationally (T. Chen &
High accuracy, efficient . ] .
) Large (Thousands ) o expensive, requires  ||Guestrin,
XGBoost High . handling of missing data,
to millions) . careful parameter 2016)
flexible ]
tuning
. Requires substantial ||(Goodfellow
High accuracy, handles .
) Large (Thousands ] ) computational etal., 2016)
Neural Networks High . complex relationships, .
to millions) resources, extensive
adaptable L
training time
LDA Hidh Large (Thousands ||Uncovers latent topics, handles |[Computationally (Blei etal.,
ig
to millions) large datasets intensive, 2003b)
. Requires substantial ||(Mikolov et
Captures semantic .
) Large (Thousands . . computational al., 2013)
Word2Vec High o relationships, useful for
to millions) . . |[resources, large
clustering and theme extraction .
training datasets
. May miss contextual (|(Kountouri et
Medium . . .
Reduces dimensionality, nuances, less al., 2019)
LSA Moderate |{(Hundreds to . ) )
reveals hidden structures effective with small
thousands)
datasets
Requires specifying ||(MacQueen,
. Large (Thousands ||Simple, efficient for large number of clusters, {|1967)
K-means Clustering Moderate . ) . o
to millions) datasets, easy to implement sensitive to initial
conditions
. Computationally (Johnson,
Medium . . . .
. . . . Provides detailed cluster intensive for large 1967)
Hierarchical Clustering |[High (Hundreds to ) .
. hierarchy, easy to interpret datasets, memory
Medium to thousands) o
Advanced intensive
Methods Medium . . Requires parameter  (|(Ester et al.,
Identifies clusters of arbitrary . .
DBSCAN Moderate ||(Hundreds to . tuning, less effective |[1996)
shape, handles noise ) . .
thousands) with varying densities
May miss deeper (Agrawal &
o Medium Reveals relationships between ||semantic Srikant, 1994)
Association-Based Text . .
Mini Moderate ||(Hundreds to concepts, useful for exploratory ||relationships,
ining .
thousands) analysis dependent on term
frequency
Medium Identif derlving fact (Bartholomew
. ) entifies underlying factors,
Factor Analysis High (Hundreds to d di onali Complex etal., 2011)
reduces dimensionality ; ;
thousands) interpretation,

17




Category Method/Technique Depth Breadth Strengths \Weaknesses Reference
requires careful
preprocessing
) Sensitive to (Hummel et
Medium o
. o Measures similarity between document length, al., 2022)
Cosine Similarity Moderate ||(Hundreds to .
documents, easy to implement ||may not capture
thousands) . .
semantic meaning
Computationally (Cover &
Medium ) . expensive for large  ||Hart, 1967)
) Simple, easy to implement, .
KNN Clustering Moderate |{(Hundreds to . datasets, sensitive to
non-parametric . .
thousands) noise and irrelevant
features
Assumes feature (Manning et
. Large (Thousands ||Fast, simple, effective for text ||independence, less al., 2008)
Naive Bayes Low . . . o
to millions) classification effective with highly
correlated data
Limited to predefined ||(Manning et
. Large (Thousands ) keywords, lacks al., 2008)
Keyword Matching Low . Fast, easy to implement
to millions) contextual
understanding
Medium Lo . Surface-level (Manning et
Highlights important terms, .
TF-IDF Moderate ||(Hundreds to . ] . analysis, lacks al., 2008)
Surface simple implementation
thousands) contextual depth
Level
Methods L Lacks depth, misses ||(Manning et
Word Frequency Large (Thousands ||Provides initial insights, easy to .
. Low . . semantic al., 2008)
Analysis to millions) implement . .
relationships
May oversimpli Pang & Lee,
Medium Analyzes tone and emotion, y plity (
. . . _||sentiment, lacks 2008)
Sentiment Analysis Moderate |{(Hundreds to useful for understanding public g
nuance!
thousands) perception .
understanding
o . Limited depth, may |[|(Collins-
. Large (Thousands ||Quantifies text complexity, o
Readability Measures Low . miss linguistic Thompson,
to millions) easy to calculate
nuances 2014)
) Limited (Thomas,
Software- Medium . . . o
i Provides visual representation, ||customization, may (|2014)
Based Leximancer Moderate ||(Hundreds to !
user-friendly not capture deep
Methods thousands)

semantics

18




Category Method/Technique Depth Breadth Strengths \Weaknesses Reference
Requires learning (Kalra &
. ) Large (Thousands [|[Comprehensive analytics, curve, Aggarwal,
RapidMiner High o . )
to millions) flexible computationally 2017)
intensive
Medium Limited to available {|(Son, 2005)
Provalis WordStat Moderate |{(Hundreds to Integrated tools, user-friendly ||features, may require
thousands) manual adjustments
DICTION Moderate ||Medium Efficient and automated, Limited by (Feng & Gao,
(Hundreds to suitable for thematic analysis  ||predefined 2020)
thousands) dictionaries, may lack
depth

4.3 Research Objectives and Methodological Frequency/Intersections in Analyzing Sustainability
Reports (SRs)

Our analysis of 88 selected publications reveals three primary research objectives in the use of NLP-

TM methods for SR analysis: Identification of SR Themes and Patterns, Analysis of SR Compliance

with Existing Frameworks, and Sentiment and Readability Assessment.

Objective 1: Identification of SR Themes and Patterns: This objective focuses on uncovering
the underlying themes and patterns within SRs. Advanced methods like LDA and BERT
were predominantly used, offering deep insights into latent topics within SRs. These
techniques facilitated the extraction of complex themes and patterns from large datasets. In
many cases, these advanced methods were complemented by surface-level techniques like
TF-IDF, which provided initial thematic exploration and supported the deeper analysis
conducted by more sophisticated models.

Objective 2: Analysis of SR Compliance with Existing Frameworks: The goal here is to
evaluate the extent to which sustainability reports align with established non-financial
reporting standards such as GRI, SASB, and SDGs. A range of methods, from surface-level
techniques to more advanced unsupervised methods, were used to assess compliance with
predefined frameworks such as GRI, SASB, and SDGs. While surface-level techniques and
software-based tools were frequently employed for preliminary compliance assessments,

unsupervised methods like LDA and clustering were also applied in some studies to explore
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deeper compliance patterns. However, the use of these advanced methods was less common,
suggesting opportunities for methodological enhancement in this domain.

Obijective 3: Sentiment and Readability Assessment: This objective aims to analyze the
emotional tone and linguistic complexity of SRs, which can reflect a company’s performance
and the challenges it faces. Sentiment analysis and readability measures were commonly used
to evaluate the tone and complexity of SRs. Techniques such as BERT were particularly
effective in capturing nuanced sentiment and contextual relationships within the text,
although their application was often restricted to smaller datasets due to high computational
demands. Other methods, including dictionary-based approaches and simpler sentiment
analysis techniques, were employed to analyze larger datasets, providing broad overviews of

sentiment and readability while being less resource-intensive.

Figure 3 illustrates the number of methods found in the papers, categorized by their level of

complexity: advanced, medium to advanced, surface level, and software-based methods. This

categorization highlights the frequency of each method within these categories. Medium to advanced

techniques, including LSA, Cosine Similarity, and K-means Clustering, are the most prevalent,

indicating their balanced approach to computational complexity and analytical capability.

Figure 3 The Distribution of TM-NLP Methods by Complexity Level
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Figure 4 provides insight into the frequency of each method used across the three primary objectives
identified in the review. The "Identification of SR Themes and Patterns” objective is the most
represented, with LDA being the most frequently used method due to its ability to uncover latent
topics within large datasets. This objective also utilizes a mix of advanced and surface-level
techniques, highlighting a balanced approach that combines deep semantic analysis with

straightforward frequency-based methods.

For the Analysis of SR Compliance with Existing Frameworks, the reliance on surface-level and
software-based techniques indicates a preference for methods that offer ease of implementation and
scalability, albeit at the cost of depth. The limited use of advanced techniques in this objective

suggests an opportunity for more sophisticated approaches in future research.

The Sentiment and Readability Assessment objective, though less represented, employs both
advanced methods like BERT and simpler readability measures. This reflects the need for both deep
contextual understanding and straightforward assessments in evaluating the sentiment and readability
of SRs.

Figure 4 Distribution of methods for each objective
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Figure 5 visualizes the intersection between research objectives, NLP methods, and the specific
tools/techniques used. This mapping highlights the versatility and effectiveness of certain methods,
such as BERT and LDA, which are applied across multiple objectives. The figure demonstrates the
adaptability of these techniques in various analytical contexts and offers a comprehensive view of

how different NLP-TM methods contribute to the analysis of sustainability reports.

In summary, the figures illustrate a diverse methodological landscape in SR analysis. The reliance on
medium to advanced methods underscores their ability to balance complexity with analytical
capability, while the preference for surface-level techniques in certain objectives highlights a focus

on practicality and ease of use. This comparative analysis provides valuable insights into the
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strengths and gaps of various methodologies, guiding future research in selecting the most
appropriate techniques for specific analytical needs in SR analysis.

Figure 5: Mapping of research objectives, NLP methods, and analysis tools used to evaluate SRs (intersection view)
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In the following discussion, we elaborate on each research objective and explore how specific

methods and techniques are utilized to meet these goals, thereby enriching our understanding of the

dynamic field of sustainability reporting analysis.

4.3.1 ldentify themes and patterns in SRs

Studies in this category employed a variety of text-mining techniques to extract topics and themes

from SRs, including supervised and unsupervised topic modelling methods, keyword extraction, term

frequencies, and dictionary-based approaches. Table 2 provides detailed information on each study,

including the extracted themes, methods used, and data scope. The primary objective of these studies

was to uncover hidden patterns in how companies disclose sustainability information across different

industries and sectors.
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Overview of Key Methods

LDA was extensively used to reveal recurring themes in SRs, providing deep insights into corporate
sustainability disclosures. This method effectively identified latent topics within the text, such as
"environmental impact™ and "corporate governance," demonstrating its robustness in thematic
analysis (Benites-Lazaro et al., 2018; Hadro et al., 2022; Jaworska & Nanda, 2018; Mangsor et al.,
2022; Ning et al., 2021; Niveditha et al., 2020; Rhoden et al., 2023; Szekely & VVom Brocke, 2017;
Tiscini et al., 2021; Yang & Yang, 2022; Y. Zhou et al., 2022). LSA transformed unstructured text
into structured data, enabling the extraction of themes by creating term-by-document matrices. This
method was effective in analyzing term relationships and latent structures, although it may miss some
contextual nuances compared to LDA. It was effective for meaningful topic extraction and trend
analysis, revealing how terms like "renewable energy," "carbon footprint," and "sustainability

initiatives™ frequently appeared together (Kountouri et al., 2019; Reuter et al., 2014; Ye et al., 2022).

BERT, as a transformer-based technique, captured contextual information and generated accurate
representations of text. BERT excelled in understanding context and nuances within SRs, making it
highly effective for detailed analysis and entity recognition (Devlin et al., 2018; Ehrhardt & Nguyen,
2021; Grootendorst, 2022). However, its application was limited to smaller datasets due to high

computational demands.

Keyword extraction and term frequency techniques identified relevant terms in SRs (Calabrese et al.,
2023; Klimczak et al., 2023; Liew et al., 2014; Modapothala & Issac, 2009; Saha & Nabareseh,
2015; Uyar et al., 2021). Keyword extraction methods such as keyword matching and dictionary-
based approaches pinpointed specific terms of interest. Modapothala & Issac (2009) Used a "bag-of-
words" approach to categorize SRs based on sustainability stages. Term frequency analysis methods,
like TF-IDF, measured the importance of terms in documents. Whittingham et al. (2022) applied TF-
IDF to analyze the language of the United Nations Sustainable Development Goals (SDGs) and Ding

et al. (2023) utilized it to estimate climate-related disclosures.

Clustering techniques identified similarities between documents or text segments, facilitating related
theme grouping. For instance, Tremblay et al. (2015) used supervised machine learning with neural
Nearest Neighbour (KNN) method for topic classification. Unlike topic modeling methods like LDA,
clustering focuses on grouping existing data points based on similarity rather than uncovering latent

topics.
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Various software tools, such as Leximancer, NVivo, and CFIE, were employed for thematic analysis
and pattern extraction, offering both qualitative and large-scale text analysis capabilities. For
example, Albitar et al. (2021) used CFIE to analyze COVID-19 disclosures in SRs, while Corazza et
al. (2020) employed Sketch Engine and Amazon's Rekognition for text and image analysis in

corporate reports.

Table 2 provides a detailed overview of each SR study, including the methods used, study timeframe,
dataset size, and specific techniques, offering a comprehensive view of how each approach was
applied. Table 3 then groups studies by their use of the same method, comparing each method’s
inherent computational capabilities (Column 3) with the maximum dataset breadth covered across
studies. This allows for an assessment of potential gaps between a method’s theoretical strengths

from a computer science perspective and its practical application in SR research.

Table 2: Theme and Pattern Extraction

Author(s), Year Text Mining Category Data Scope Timespan

(Calabrese et al., 2023) Topic modeling, regular expression, and frequency analysis 1,501 2016-2020

(Jafari et al., 2022) Topic modeling, LDA, word frequency 120 2015-2022

(Raman et al., 2020) Supervised Bert model training 125 NA

(Fiandrino & Tonelli, Topic modeling, LDA 101 NA

2021)

(Raghupathi et al., 2020) Topic modeling, machine learning-based text analytics and NA 2009-2019
clustering based methods (KNN)

(Sharma et al., 2022) Topic modeling, extracting important bigrams 360 2019

(Benites-Lazaro et al., Topic modeling LDA NA 2016-2019

2018)

(Yeetal., 2019) Bag of words, key word extraction 369 2011-2017

(Liew et al., 2014) Topic modeling, keyword extraction, TFID, bigram/trigram 112 2011

(Saha & Nabareseh, 2015) Topic modeling, the frequency of terms 8 2012-2013

(Uyar et al., 2021) Topic modeling, key word extraction 478 1999-2018

(Zhou et al., 2021) Topic modeling, LDA 33 2016-2019

(Ning et al., 2021) Topic modeling, LDA 680 3 years

(Li & Zhao, 2021) Topic modeling, LDA 181 2001-2018
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(Szekely & Vom Brocke, Topic modeling, LDA 9,514 1999-2015

2017)

(Tremblay et al., 2015) Topic modeling, Singular Value Decomposition (SVD), and 17 2004-2012
supervised learning using a neural network

(Pan, 2016) Topic modeling, LSA NA NA

(Reuter et al., 2014) Topic modeling, LSA 4,999 1999-2013

(Zakaria et al., 2021) Dictionary-based 140 2015-2017

(Deng et al., 2017) Dictionary-based 449 2001-2015

(Niveditha et al., 2020) LDA, TF-1DF, term frequency, random forest, decision tree, SVM NA NA

(Goloshchapova et al., LDA and manual analysis 3,618 reports 1999 to 2017

2019)

(Corazza et al., 2020) lexicological analysis and machine learning image classification. NA 2010 -2016

(Ignatov, 2021) Term frequency, TF-IDF 11,000 2013-2018

(Rhoden et al., 2023) LDA 113 reports 2013 to 2020

(Whittingham et al., 2022) TF-IDF, Term frequency 440 reports 2011-2019

(Ding et al., 2023) TF-IDF 2,659 2017-2019

(Kvasnic¢kova Stanislavska STM 2,100 2020

etal., 2023)

(Hummel et al., 2022) Cosine similarity 5,939 2008-2019

(Hadro et al., 2022) LDA 46 2019

(Chen & Bouvain, 2009) Leximancer software 34 NA

(Tate et al., 2009) Crawdad software 100 NA

(Baier et al., 2020) Term frequency and a term-document matrix 100 2016-2020

(Tiscini et al., 2021) LDA 26 2014-2019

(Liu etal., 2022) Word2vec 4,718 2016-2020
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(Ho et al., 2022) TF-IDF NA 2012-2016
(Breijer & Orij, 2022) Computer-Aided Text Analysis (CATA) around 775 2012-2020
(Mangsor et al., 2022) LDA 75 2017-2019
(Klimczak et al., 2023) Term frequency 175 2017-2021
(Pollach, 2018) CATA 744 2001-2010
(Kountouri et al., 2019) LSA 188 2001-2013
(Sambhanthan & Potdar, NVivo software 48 2015
2016)

(Sambhanthan & Potdar, NVivo software NA 2012-2014
2015)

(Albitar et al., 2021) NVivo, CFIE software NA 2020
(Jaworska & Nanda, 2018) | LDA 317 2000-2013
(Samkin, 2012) CATPAC Il software, artificial neural network 5 reports 2007-2011
(Yang & Yang, 2022) LDA 97 2011-2020
(Shahi et al., 2012) Naive Bayes classification algorithm More than 1,000 | NA

(Shahi et al., 2012) Naive Bayes classification algorithm More than 1,000 | NA
(Al-Shaer & Hussainey, Bag of words, term frequency 280 2014-2018
2022)

(Ehrhardt & Nguyen, 2021) | BERT, NER 31 NA
(Zhou, 2021) STM, semantic network analysis 406 2017-2019

Table 3: Theme and pattern extraction methods

Method/Technique | Studies

Inherent Capabilities

Utilized Capabilities in SR analysis

LDA Benites-Lazaro et al. Depth: High Breadth: LDA was generally applied to medium-sized datasets (70-
(2018), Hadro et al. Breath capacity: Large 200 SRs), with a few studies extending its use to larger datasets (up to
(2022), Jaworska & datasets (up to millions) 9,514 SRs). This indicates possibilities for broader application.
Nanda (2018),
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Mangsor et al. (2022),
Ning et al. (2021),
Niveditha et al. (2020),
Rhoden et al. (2023),
Szekely & Vom
Brocke (2017), Tiscini
etal. (2021), Yang &
Yang (2022), Zhou et
al. (2022), Jafari et al.
(2022), Fiandrino et al.
(2020), Li & Zhao
(2021), Goloshchapova
et al. (2019)

Depth: LDA is employed to uncover latent topics within SRs,
revealing patterns such as "environmental impact" and “corporate
governance.” It provides substantial depth in understanding thematic
structures.

LSA

Kountouri et al. (2019),
Pan (2016), Reuter et
al. (2014)

Depth: Medium to
advance

Breath capacity: Medium
(Hundreds to thousands)

Breadth: LSA was applied to a minimum of 17, with most studies

analyzing between 100 to 1000s SRs, with one study analyzing up to
4,999 SRs.

Depth: LSA provided a detailed analysis of term relationships and
latent structures in SRs. It was effective for transforming unstructured
text into structured data, allowed for meaningful topic extraction and
trend analysis. For instance, revealed that terms like "renewable
energy," “carbon footprint," and “sustainability initiatives" frequently
appear together in similar contexts, suggested they are thematically
linked. Compared to LDA, LSA focuses more on the co-occurrence
and semantic relationships between terms, providing a different angle
on thematic analysis.

BERT

Ehrhardt & Nguyen
(2021), Raman et al.
(2020)

Complexity: High

Data handling capacity:
Medium (Hundreds to
thousands)

Breadth: Applied to relatively small datasets (31 and 125 SRs),
suggesting that its high computational demands may limit scalability.
Depth: BERT exceled in understanding context and nuances within
SRs, made it highly effective for detailed analysis and entity
recognition. Studies used BERT achieved a high level of accuracy and
depth in theme extraction.

Cosine Similarity

Hummel et al. (2022)

Complexity: Medium to
advance

Data handling capacity:
Medium to large datasets
(thousands to millions)

Breadth: Applied to large dataset of 5,939 SRs.

Depth: Cosine similarity effectively measured the extent to which SRs
discussed predefined topics by comparing text similarity. It provided
valuable insights into the alignment of reports with specific themes,
though it may lack the depth of more sophisticated models like LDA or
BERT.

Word2Vec

Liu et al. (2022)

Complexity: High Data
handling capacity: Large
datasets (up to millions)

Breadth: Applied to large datasets of 4,718 SRs. Depth: Word2Vec
captured semantic relationships between words, offered a detailed
understanding of themes in SRs. It was effective for identifying
primary focus area. Studies used Word2Vec achieved deep semantic
insights but may face limitations in processing smaller datasets.
(Word2Vec provides deep semantic insights but requires substantial
data for accurate modeling, making it effective for large-scale
analyses.)

Software-Based

Breijer & Orij (2022),

Complexity: Surface

Breadth: The number SRs analyzed varied widely. Some studies

Techniques Pollach (2018), Mani et | Level to Medium Data analyzed a small number of reports (e.g., 8, 26, 34), while others
al. (2018), handling capacity: analyzed hundreds to thousands (e.g., up to 2,100 reports). Depth:
Sambhanthan & Potdar | medium to large datasets These software-based techniques offered a range of capabilities from
(2015, 2016), Samkin (hundreds to thousands to large-scale text analysis and pattern identification to detailed qualitative
(2012), Kvasnickova millions) insights and dynamic topic modeling.
Stanislavska et al.
(2023), Zhou (2021),
Chen & Bouvain
(2009), Tate et al.
(2009), Albitar et al.
(2021)
Supervised Shahi et al. (2012), Complexity: Low to high Breadth: Studies using supervised techniques analyzed SRs rom
techniques; Corazza et al. (2020) , Data handling capacity: relatively small (e.g. 10 SRS to around 100 SRs) to thousands of

Tremblay et al. (2015)

medium to Large
(Thousands to millions)

reports with one study analyzing over 1,000 reports using Naive Bayes
classification. Depth: classification methods categorized text based on
predefined labels, offered a straightforward approach to pattern
recognition and theme extraction. They were effective for classifying
textual data into specific categories based on content.

Word Frequency
Analysis:

Dictionary based;

TF-IDF

Klimczak et al. (2023),
Calabrese et al. (2023),
Sharma et al. (2022),
Ye et al. (2019), Saha

Complexity: Low

Data handling capacity:
Medium (Hundreds to
thousands)

Breadth: The number of SR analyzed was relatively high compared to
other methods, ranged from hundreds to over 11,000, with most studies
focusing on medium-sized datasets (hundreds to thousands of reports).

Depth: Term frequency and dictionary-based analysis provided
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& Nabareseh, (2015), preliminary insights into frequently discussed topics in SRs. It

Uyar et al. (2021), highlighted the most common terms Studies used this technique were
Baier et al. (2020), Al- generally surface-level; TF-IDF was useful for identifying important
Shaer & Hussainey terms and their relevance in SRs. It provided a quantifiable basis for
(2022), Whittingham et term significance but did not capture deeper contextual relationships.
al. (2022), Ding et al. Studies used TF-IDF often achieved a surface-level understanding of
(2023), Ho et al. themes.

(2022), Liew et al.
(2014), Ignatov, 2021,
Zakaria et al. (2021),
Deng et al. (2017)

KNN clustering Raghupathi et al. Complexity: Medium to Breadth: The number of SR analyzed was not clear.

(2020) advance Depth: KNN employed for pattern recognition and clustering, which
Capacity: medium to large | can provide a medium level of depth in identifying thematic patterns
and similarities within the data.

Table 3 illustrates that LDA, the most frequently used method for this objective, was applied to a
range of dataset sizes. While its high depth allows for deep insights into latent topics within the text,
it was generally applied to medium-sized datasets (70 to 200 SRs). Notably, only a few studies
utilized LDA for large datasets, indicating a promising area for broader application. The study
analyzing 1500 and 9,514 SRs demonstrated LDA's capability to handle substantial data volumes,
revealing its capacity for scalability (Calabrese et al., 2023; Szekely & Brocke ,2017).

LSA was used in studies analyzing medium to large datasets, with one study handling up to 4,999
SRs (Reuter et al., 2014). LSA provides a detailed analysis of term relationships and latent structures
in SRs. It was effective for transforming unstructured text into structured data, allowing for
meaningful topic extraction and trend analysis. However, it may miss some contextual nuances

compared to LDA.

BERT, though highly effective for detailed analysis and entity recognition, was applied to relatively
smaller datasets (31 and 125 SRs). Its high computational demands might limit its scalability,
suggesting that while BERT offers substantial depth, its application breadth is narrower compared to
other methods like LDA.

Surface-level methods like Cosine Similarity and Word Frequency Analysis were applied to larger
datasets. Cosine Similarity was used on a dataset of 5,939 SRs, effectively measuring text similarity
and providing insights into the alignment of reports with specific themes. Similarly, TF-IDF was
used to analyze term significance across documents, handling up to 2,659 reports. These methods,
while providing broader applicability due to lower computational demands, offer less detailed
insights compared to advanced techniques like LDA and BERT.

Software-based techniques like Nvivo and CATA were used in studies with varying dataset sizes,

from small (8 reports) to large (up to 2,100 reports). In comparison with other methods in terms of
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deph breath and scalability witnessed in studies, these methods balance depth and breadth, enabling
both large-scale text analysis and detailed qualitative insights. Nvivo captured complex themes and
patterns, offering comprehensive qualitative insights, while CATA enabled large-scale text analysis,

identifying recurring themes and trends over time.

Overall, LDA and LSA emerged as the most frequently used methods, offering substantial depth and
breadth in text analysis. While these methods were predominantly applied to small to medium-sized
datasets, there are instances where they were used to their full computational capacity, handling large
datasets effectively. BERT, despite its capability for detailed analysis, was underutilized due to its
high computational demands, and was generally applied to smaller datasets. Simpler methods like
TF-IDF, Cosine Similarity, and Term Frequency Analysis offered broader but shallower insights,
making them more suitable for preliminary analyses and large datasets. This synthesis underscores
the strengths and limitations of each method, providing valuable guidance for researchers in selecting

the appropriate technique based on their specific analysis needs.
4.3.2 Assess compliance with SR frameworks

The second group (see details of studies in Table 4) employed TM-NLP methods to investigate the
completeness of the information published in the SRs based on pre-defined non-financial reporting
standards and frameworks (e.g., GRI, SASB, SDGs)! (Aureli, 2017; Aureli etal., 2016; S.-H. Liu et
al., 2017; Shahi et al., 2014; Téth et al., 2022; X. Wang et al., 2020). These studies collectively apply
different techniques to evaluate SRs, assess their alignment with GRI, SASB, and SDGs, analyze
ESG scores, evaluate sustainability strategies, and assess green performance in various sectors. These
methodologies contribute to a deeper understanding of sustainability practices, disclosure standards,

and the relationship between financial and non-financial information in corporate reporting.

1 GRI was founded in Boston, USA in 1997 with the involvement of the United Nations Environment Programme
(UNEP). It was a spin-off from the US non-profit organizations the Coalition for Environmentally Responsible
Economies (CERES) and the Tellus Institute. GRI is one of the most widely used reporting format for CSR or
sustainability reports worldwide (Ernst & Young, 2016). Initially GRI reporting frameworks were developed with
investors at its core but over the course of time it took a multi-stakeholder stance. The frameworks thus broadened to
include social, economic, and governance issues. SASB, on the other hand, is a rather contemporary institution
founded in 2011. The SASB has currently issued 77 industry specific standards as of 2018, November. It is an
independent 501(c)3 institution accredited by the American National Standards Institute (ANSI) and established to
develop and disseminate sustainability accounting standards. The aim of the SASB is to provide standards which has
decision usefulness, captures material aspects, and are cost effective. The standards are built upon evidence, market
consensus and are industry specific. SASB takes a investors approach therefore standards are expected to carry
information of material significance to shareholders.
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Several studies utilized supervised ML techniques and text-mining software to analyze SRs for
compliance with the GRI framework. Shahi et al. (2014) established a training corpus and
categorized SRs into performance indicators, testing various document classification algorithms to
determine the most accurate methods for categorizing text sections. Similarly, Chang & Cheng
(2013) applied text mining to segment Chinese words in SRs, counting their frequencies to reveal

differences and similarities in corporate sustainability emphases across sectors.

Unsupervised ML approaches were also employed to assess compliance with GRI standards.
Gutierrez-Bustamante & Espinosa-Leal (2022) developed a matching index algorithm using
exploratory data analysis, information retrieval, and NLP techniques, while Aureli (2017) and Aureli
et al.(2017) used text mining to analyze the impact of industrial disasters on SR disclosures,

employing glossaries based on GRI guidelines to quantify changes in disclosure.

Studies also focused on the alignment of SRs with SASB and SDGs. Lindgren et al. (2021a)
proposed a novel approach to test SR alignment with SASB standards by converting the SASB
materiality matrix into categories and performing LDA topic modeling. Téth et al.(2022) explored
the connection between SR and financial reporting, discussing the role of sustainability in financial
reporting and highlighting efforts to standardize sustainability reporting. Toth et al. (2021) analyzed
disclosure requirements by automakers, employing keyword frequencies and TF-IDF to evaluate
compliance with GRI and SASB standards.

Various methodologies were used to analyze the alignment between SRs and SDGs. Wang et al.
(2020) manually assigned paragraphs from SRs to specific SDGs and employed association-based
text mining to analyze the relationships between sustainability topics and SDGs. Angin et al. (2022)
combined ML and deep learning models to automate the alignment of text blocks with SDGs, using
text pre-processing, vectorization, and models like BERT and RoBERTa. Caliskan et al. (2022) used
NVivo to analyze responsible consumption and production dimensions aligned with SDG 12, ranking

companies based on their performance in these areas.

Other studies evaluated the effectiveness of SRs in communicating sustainability strategies and their
impact on corporate operations.Vaio et al. (2022) assessed the alignment of SRs with non-financial
reporting standards and frameworks, using Leximancer for automated text analysis and manual
content analysis for waste management practices. Aguado-Correa et al. (2023) analyzed non-
financial information disclosure in the Spanish banking sector using manual content analysis, NLP-

based text scanning, and the TOPSIS methodology to rank entities based on their SDG contributions.
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In exploring the relationship between financial statements and ESG scores, D’ Amato et al.(2021)
employed regression tree-based methods and random forest techniques to analyze the relationship
between predictor variables and ESG scores. Bodendorf et al. (2022) used the word2vec model to
quantify SWOT categories in SRs and evaluate sustainability strategies in the automotive industry.
Ramakrishnan et al.(2023) developed a green performance assessment framework for airport

buildings, using decision tree-based models to relate green ratings with airport features.

Finally, Moreno & Caminero (2022) analyzed TCFD recommendations on climate-related
disclosures by Spanish financial institutions, using Python scripts for text extraction and manual
review to create a taxonomy linked to a lexicon, facilitating a comprehensive analysis of climate-

related disclosures.

These studies highlight the diverse application of TM-NLP methods in evaluating the completeness
of SRs, providing valuable insights into how companies align their disclosures with established

standards and the broader implications for corporate sustainability practices.

Table 4: Analysis of compliance with existing frameworks

Author(s), Year Text Mining Category Data Scope | Timespan
(Wang et al., 2020) software RapidMiner, association-based text mining 56 2016-2019
(Aguado-Correa et al., 2023) An open-access software (unsupervised text mining techniques, 2030 Agenda) | 12 2020
(Moreno & Caminero, 2022) Key word extraction and key word searching 118 2014-2020
(Gutierrez-Bustamante & Espinosa-Leal, 2022) | Unsupervised learning (LSA/LDA, Word2Vec) 524 2020
(Vaio et al., 2022) Leximancer software which use Bayesian theory and unsupervised methods 18 2015-2019
(Téth & Suta, 2021) keyword frequencies and TF*IDF 158 2016-2020
(Téth et al., 2022) word and phrase frequency calculation, topic formation with factor analysis NA 2019
(Ramakrishnan et al., 2023) Cart model 577 2000-2021
(Caliskan et al., 2022) NVivo 11 Plus software 16

2018-2019
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(Bodendorf et al., 2022) word2vec model 66 2019
(Modapothala & Issac, 2009) Keyword frequency 2,415 2008
(Angin et al., 2022) Supervised learning (ROBERTa) NA NA
(D’Amato et al., 2021) Regression tree, random forest, 109 2014-2018
(Téth et al., 2021) Provalis WordStat software NA 2016-2020
(Lindgren et al., 2021) Topic modeling, LDA 9,500 1998-2017
(Kiriu & Nozaki, 2020) Combination of Supervised learning (Neural network) and Unsupervised 8,729 1999-2016
learning (Hierarchical Clustering)
(Liu et al., 2017) Unsupervised model (DBSCAN), Clustering and Network analysis 50 NA
(Duan et al., 2018) Part of Speech (POS) 2,970 2009-2015
(Aureli et al., 2017) Dictionary-based, Text Clustering 10 2009-2013
(Shahi et al., 2014) Supervised learning, including Naive Bayes, Decision Table, Random 593 2010
Subspace, and Neural Networks.
(Chang & Cheng, 2013) Term frequency NA NA
(Aureli et al., 2016) Dictionary-based, word frequency 20 5 years
(Yeetal., 2022) LSA topic modeling 68 2011-2017

Table 5 summarizes the various methods and techniques used in SR studies within this group,
detailing their computational complexity (depth) and data capacity (breadth) from a computer science
perspective. It also evaluates how these aspects were utilized and implemented to achieve the

research objectives.
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Table 5: Methods to Assess compliance with standards

Method/Technique

Studies

Inherent Capabilities

Utilized capabilities in SR analysis

Supervised Techniques;

Shahi et al. (2014), Angin et al.
(2022), D’ Amato et al. (2021),
Kiriu & Nozaki (2020),
Ramakrishnan et al. (2023)

Complexity: High
Data Handling Capacity:
Medium to large datasets

Breadth: Supervised ML techniques were applied to datasets
ranging from 109 to 8,729 SRs. Most studies analyzed medium
datasets, with important examples being 593 SRs and 8,729 SRs.
Depth: Provides detailed compliance assessment with high
accuracy, capturing nuanced details. Effective for large-scale
analyses but requires extensive computational resources.

Unsupervised
Techniques; LDA, LSA,
Clustering; word2vec,
Association-Based Text
Mining

Gutierrez-Bustamante &
Espinosa-Leal (2022), Liu et al.
(2017), Lindgren et al. (2021),
Bodendorf et al. (2022), Ye et al.
(2022), Wang et al. (2020)

Complexity: medium to High
Data Handling Capacity:
Medium to large datasets

Breadth: Unsupervised ML techniques were applied to a
minimum of 50 SRs, with most studies analyzing between 50 to 70
SRs. Only one study analyzed a large dataset of 9,500 reports.
Depth: Provided detailed compliance assessment with high
accuracy and captured nuanced details. Were effective for large-
scale analyses; Association-based text mining was useful for
identifying associations between terms related to compliance.
Provided preliminary insights into term associations.

Software-Based
Techniques

Vaio et al. (2022), Caliskan et al.
(2022), Aguado-Correa et al.
(2023), Téth et al. (2021)

Complexity: Low to Moderate
Data Handling Capacity:
Small to medium datasets (up
to hundreds)

Breadth: Software-based techniques were applied to small
datasets ranging from 12 to 18 SRs.

Depth: Offered comprehensive qualitative analysis of compliance
themes.

Keyword Frequency,
Dictionary-Based, and
TF-1DF, PoS

Chang & Cheng (2013), Aureli et
al. (2016), Aureli (2017), Téth et
al. (2021), T6th et al. (2022),
Moreno & Caminero (2022),
Duan et al. (2018), Modapothala
& Issac (2009),

Complexity: Low (Surface
Level)

Data Handling Capacity:
Medium to large datasets

Breadth: These techniques were applied to datasets ranging from
10 to 2,970 SRs. Most studies analyzed medium to large datasets,
with important examples being 2,415 SRs.

Depth: Provided quantitative insights and preliminary thematic
analysis. Were effective for assessing compliance with predefined
standards.

The table illustrates that advanced techniques such as supervised and unsupervised ML methods offer

substantial depth and breadth in analyzing SRs for compliance with various standards. These

methods were applied to medium to large datasets, providing detailed compliance assessments with

high accuracy.

Supervised ML techniques, such as CART, BERT, regression trees, neural networks, and Naive

Bayes, were applied to medium to large datasets, ranging from 109 to 8,729 SRs. These methods

provide detailed compliance assessments with high accuracy, capturing nuanced details. However,

they require extensive computational resources and time for training.

Unsupervised ML techniques, such as those employed by Gutierrez-Bustamante & Espinosa-Leal

(2022) and Liu et al. (2017), do not require labeled training data and are particularly useful for

exploring data to identify underlying structures and themes. These methods were typically applied to

smaller datasets, with most studies analyzing between 50 to 70 SRs, offering broad insights into

compliance without the need for predefined categories. For instance, Liu et al. (2017) used LDA to

model topics in SRs and assess their alignment with SASB standards, revealing complex compliance

patterns and providing nuanced insights. Association-based text mining was particularly useful for

identifying associations between terms related to compliance.
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Software-based techniques like Leximancer and NVivo, as used by Vaio et al. (2022) and Caliskan et
al. (2022), demonstrated low to moderate complexity and were applied to small to medium datasets.
These methods offer comprehensive qualitative analysis of compliance themes but were limited by
the size of the datasets they were applied to, ranging from 12 to 18 SRs. These methods are
particularly effective for initial compliance assessments, as they streamline the process of thematic
analysis, making it easier to identify key themes and trends in SRs without the intensive
computational requirements of advanced ML techniques. However, they were applied to smaller

datasets, limiting their overall breadth.

Simpler methods such as term frequency, TF-IDF, and dictionary-based approaches, utilized by
studies like Chang & Cheng (2013) and Aureli et al. (2016), provide surface-level insights suitable
for preliminary analyses and large datasets. These methods are effective for assessing compliance
with predefined standards, offering quantitative insights but possibly missing nuanced details. For
example, Aureli et al. (2017) used dictionary-based methods to quantify changes in disclosure,

providing useful quantitative insights but lacking deeper contextual understanding.

Overall, while all methods ultimately provide insights regarding compliance with different standards
from SRs, the key difference lies in the depth of the insights they offer and the breadth they can
manage based on computational resources. Advanced techniques like supervised and unsupervised
ML (e.g., Neural networks, BERT, LDA, Word2Vec) offer a more in-depth and nuanced
understanding of the text, capturing semantic relationships and providing detailed contextual
analysis. These methods are particularly effective for uncovering complex patterns and compliance
nuances, as seen in studies by Shahi et al. (2014) and Lindgren et al. (2021), which analyzed large

datasets and provided detailed compliance assessments.

In contrast, simpler methods like term frequency, TF-IDF, and dictionary-based approaches offer
more straightforward, surface-level insights, making them suitable for preliminary analyses and large
datasets but less effective for capturing deeper, contextual meanings. The synthesis highlights the
strengths and limitations of each method, guiding researchers in selecting the appropriate technique
based on their analysis needs. These simpler methods are advantageous for handling large volumes of
data quickly and providing preliminary insights, but they fall short of capturing the comprehensive,
detailed themes that advanced techniques can reveal. The choice of method depends on the dataset
size and specific depth required for compliance assessment, guiding researchers in selecting the

appropriate technique based on their analysis needs.
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4.3.2 Analyze the readability and sentiment of SR disclosures

The third group (detailed in Table 6) investigates how emotions and readability are expressed in SRs
as determinants of the company's performance and challenges, providing insights into the linguistic
tone and complexity of SRs (Albitar et al., 2022; Cho, 2009; Cho et al., 2010; P. Clarkson et al.,
2008; Du & Yu, 2021; Feng & Gao, 2020; Harjoto et al., 2020; Harymawan et al., 2020; H. Kang &
Kim, 2022; Liang & Wu, 2022; Rocca et al., 2020; Sai et al., 2019; Y. Zhou et al., 2022).

Several studies utilized sentiment analysis to examine the emotional tone of SRs. Harymawan et
al.(2020) found that sustainability challenges are often represented using negative words, while
positive words reflect companies' actions toward addressing these challenges. Sai et al. (2019)
conducted sentiment analysis using unigram and bi-gram word clouds to analyze emotions in yearly
reports. Kang & Kim (2022) employed the 'DistilBERT base uncased fine-tuned SST-2' model to
calculate the positive—negative sentiment ratio of the content. This model, designed to be faster and
lighter while retaining most of BERT's language understanding capabilities, assigns sentiment scores
to sentences, categorizing them as positive or negative based on a threshold score. This approach

allowed researchers to visualize sentiment patterns and tendencies in SRs over time.

Other studies focused on the use of sentiment analysis in different contexts. Rocca et al.(2020)
analyzed social media content from Italian local government organizations' public Facebook pages,
employing lexicon dictionaries and convolutional neural networks to compute the sentiment of
citizens' comments. This study explored stakeholders' judgments and sentiment regarding CSR
communications and actions. Similarly, Du & Yu (2021) quantified the proportion of positive and
negative words in CSR reports to measure the tone and analyze its influence on future CSR

performance and market reactions.

ML models were also utilized for sentiment analysis. Clarkson et al. (2020) used XGBoost and
Random Forest classifiers to analyze the sentiment and readability of CSR reports, extracting
valuable textual features to predict a company's CSR performance. Albitar et al. (2022) employed
automated text analysis using the CFIE-FRSE app from Lancaster University on CSR narratives,
utilizing different regression models to test hypotheses about the relationship between corporate

governance and CSR tone.

Several studies used DICTION, a computerized text analysis software, for content analysis. Cho et
al. (2010) and Feng & Gao (2020) used DICTION to analyze the language tone in environmental

disclosures, focusing on "optimism," "realism," and "certainty." Harjoto et al. (2020) used DICTION
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6.0 to analyze CSR reports, constructing measures of psychometric properties to investigate how
narrative characteristics might be associated with the gender of report signers and influence future

social performance.

Lexical sentiment analysis was also applied in some studies. Liang & Wu (2022) created a lexicon
for Chinese based on CSR reports, identifying positive and negative words to determine the tone of
the CSR reports. They used the Jieba Word Segmentation Tool for text preprocessing and calculated

the percentage of positive and negative words in each CSR report.

TM-NLP methods were applied to measure the textual complexity of SRs. Smeunix et al. (2016)
used NLP techniques, including part-of-speech tagging, named entity recognition, and syntactic
parsing, to analyze the readability of SRs. They quantified key linguistic aspects of the text using
readability formulae. Zhou et al. (2023) employed word segmentation and transformation of
unstructured text data into word vectors to analyze Corporate Environmental Disclosure (CED)

information, studying the relationship between corporate environmental performance and readability.

In summary, these studies contribute to the understanding of how emotions and readability are
conveyed in SRs and their implications for company performance and challenges. By employing
diverse TM-NLP methods, researchers provided valuable insights into the linguistic tone and
complexity of SRs, highlighting the importance of clear and balanced communication in corporate
sustainability reporting.

Table 6: Readability and Sentiment

Author(s), Year Text Mining Category Data Scope Timespan
(Kang & Kim, 2022) BERT model 60 2011-2020
(Rocca et al., 2020) Word frequency, LDA N/A Until 2018
(Harymawan et al., 2020) Sentiment analysis 152 2010-2018
(Sai et al., 2019) Sentiment analysis 36 2015-2018
(Smeuninx et al., 2016) Part-of-Speech tagging, word/syllables frequency 470 NA
(Albitar et al., 2022) Dictionary based NA 2008-2017
(Cho et al., 2010) Diction software 190 2002
(Clarkson et al., 2020) Supervised MI models, random forest and XGBoost 2056 2002-2016
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(Du & Yu, 2021) Sentiment analysis, word frequency More than 500 2002-2014
(Liang & Wu, 2022) Sentiment analysis NA 2006-2016
(Feng & Gao, 2020) Diction software 1,566 2007-2012
(Zhou et al., 2023) Word frequency 2289 2008-2019
(Harjoto et al., 2020) Diction software 2060 2006-2015

Table 7: Methods for analyzing readability and sentiment

Method/Technique

Studies

Inherent Capabilities

Utilized Capabilities in SR analysis

BERT

Kang & Kim (2022)

Complexity: High
Data handling
capacity: Medium
(Hundreds to thousands)

Breadth: Applied to a small dataset of 60 SRs

Depth: Provided highly detailed and context-aware analysis,
which were suitable for identifying complex sentiment patterns
and relationships within SRs.

Sentiment Analysis

Harymawan et al.
(2020); Sai et al. (2019);
Du & Yu (2021); Liang
& Wu (2022)

Complexity: Moderate
Data handling
capacity: Medium
(Hundreds to thousands)

Breadth: Sentiment analysis techniques were applied to datasets
ranging from 36 to over 500 SRs. Most studies analyzed medium
datasets, with two notable examples being 152 SRs and over 500
SRs.

Depth: Sentiment analysis provided insights into the tone and
emotional content of SRs and was useful for understanding
public perception and sentiment trends.

Supervised
techniques

Clarkson et al. (2020);

Complexity: High
Data handling
capacity: Medium
(Hundreds to thousands)

Breadth: Supervised ML models were applied to large datasets,
with one notable study analyzing 2,056 SRs.

Depth: Supervised ML models, including random forest and
XGBoost classifiers, offered highly accurate and reliable results
for compliance assessment. These models exceled in identifying
specific metrics and themes from SRs when trained with well-
labeled data.

Dictionary-based,
word frequency,

Rocca et al. (2020);
Smeuninx et al. (2016);

Complexity: Low
(surface level)

Breadth: These methods are applied to large datasets ranging
from 470 to 2,289 SRs. Depth: Dictionary-based methods

POS Zhou et al. (2023) Data handling provided a quick and straightforward analysis of predefined
capacity: Medium to terms and themes. They were effective for large-scale surface-
large (thousands to level evaluations.; Part-of-speech tagging and other NLP
millions) techniques were used for preprocessing in NLP tasks, helping to

structure and analyze text.

Software Cho et al. (2010), Feng Complexity: Low to Breadth: These techniques were applied to datasets ranging

& Gao (2020), Harjoto et
al. (2020); Albitar et al.
(2022)

Moderate Data handling
capacity: Medium to
large (thousands to
millions)

from 190 to 2,060 SRs. Most studies analyzed medium to large
datasets, with notable examples being 1,566 SRs and 2,060 SRS.
Depth: Provided automated thematic analysis.

The table above illustrates the different levels of depth and breadth that various TM-NLP methods

offer in analyzing the readability and sentiment of SR disclosures. Advanced methods such as the

BERT model provide highly detailed and context-aware analysis, capturing nuanced semantic

relationships and offering accurate sentiment scores. For instance, Kang & Kim (2022) employed

BERT to analyze sentiment in SRs, achieving high accuracy and depth. However, due to its high

computational demands, BERT was applied to smaller datasets (e.g., 60 reports).
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Supervised ML models like Random Forest and XGBoost classifiers, used by Clarkson et al. (2020)
and Albitar et al. (2022), also offer high accuracy and reliability in sentiment and readability
analysis. These models can handle larger datasets (up to 2,056 reports) but require substantial
computational resources and well-labeled training data. Their ability to provide detailed and precise

sentiment analysis makes them valuable for large-scale evaluations.

Moderate complexity methods such as general sentiment analysis techniques (Harymawan et al.,
2020; Sai et al., 2019; Du & Yu, 2021; Liang & Wu, 2022) can handle medium to large datasets (up
to 500+ reports). These methods offer valuable insights into the tone and emotional content of SRs,
helping to understand public perception and sentiment trends. They are less computationally

intensive than advanced models like BERT and provide broad overviews of sentiment.

Simpler, surface-level techniques such as dictionary-based methods (Albitar et al., 2022; Cho et al.,
2010; Feng & Gao, 2020; Harjoto et al., 2020) offer quick and straightforward analysis of predefined
terms and themes. These methods can handle large datasets (up to 2,289 reports) and are effective for
large-scale-level evaluations but may miss nuanced details. Similarly, software tools like DICTION
(Cho et al., 2010; Feng & Gao, 2020; Harjoto et al., 2020) provide automated thematic analysis,

balancing depth and efficiency for medium to large datasets.

Part of speech tagging and other NLP preprocessing techniques, used by Smeuninx et al. (2016) and
Zhou et al. (2023), are essential for structuring and analyzing text, helping to measure readability and
linguistic complexity. These methods are applied to medium datasets (e.g., 470 reports) and serve as

critical steps in comprehensive NLP tasks.

Overall, advanced techniques like BERT and supervised ML models offer deeper and more detailed
insights into the sentiment and readability of SRs, capturing complex patterns and relationships
within the text. These methods are particularly effective for nuanced and context-aware analysis but
require substantial computational resources and well-labeled data. In contrast, simpler methods like
dictionary-based approaches and software tools offer broader, surface-level insights, making them
suitable for large-scale preliminary analyses but less effective for capturing the detailed, contextual
nuances that advanced methods can reveal. The synthesis highlights the strengths and limitations of
each method, guiding researchers in selecting the appropriate technique based on their analysis needs

and the depth and breadth required for their studies.
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5 Discussions

This systematic literature review aimed to explore the application of TM-NLP methods in the
analysis of sustainability reports (SRs). By examining 88 selected publications, the study sought to
answer two key research questions: (1) What are the different text mining methods employed to
analyze SRs? and (2) What are the objectives of researchers applying these methods? The findings
reveal three primary research objectives in SR analysis: the identification of SR themes and patterns,
the assessment of SR compliance with existing frameworks, and the analysis of readability and
sentiment in SR disclosures. The discussion below synthesizes the findings assesses the current state

of the literature and suggests possible directions for future research.
Key Findings and Implications

Overall, our review indicates that there has been notable progress in leveraging TM-NLP techniques
for the automated analysis of qualitative, unstructured data found in SRs. These advancements have
undoubtedly contributed important insights into sustainability reporting. However, addressing our

research questions has also highlighted areas that need further exploration and improvement.

e Inresponse to RQ1, our findings reveal that the realm of SR analysis is composed by a rich
tapestry of methodologies that range from simple word frequency analysis to cutting-edge NLP
techniques like BERT (Devlin et al., 2018). Automated text analysis tools included in our review
sample - topic modeling, clustering, sentiment analysis, and semantic-based processes - appear to
be becoming vital to the in-depth and timely exploration of SRs. The adoption of a particular
technique or a combination thereof is often influenced by the scale of the dataset and the depth of
analysis sought. While vast datasets often attract more streamlined, automated methods, complex
and nuanced analyses are typically reserved for smaller, more focused datasets. We explore this

last point in considerable detail below.

e Inresponse to RQ2, the objectives of employing TM-NLP in analyzing SRs, as per RQ2, are
multifaceted. They range from understanding immediate linguistic structures and word
frequencies to unralveling deeper, more nuanced emotions, strategies, and intentions buried

within these reports.
Three objectives and methodologies identified are listed below:

1. Identification of SR Themes and Patterns: Advanced methods like LDA and BERT were

predominantly used to uncover latent topics within SRs, offering deep insights into corporate
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sustainability disclosures. These techniques facilitated the extraction of complex themes and
patterns from large datasets. However, the computational demands of such methods often limit
their application to smaller datasets, underscoring a important gap in scalability. Simpler methods
like TF-IDF, which provide surface-level insights, were commonly used for initial thematic
exploration and supported deeper analyses conducted by more sophisticated models

2. Analysis of SR Compliance with Existing Frameworks: The objective here was to evaluate the
extent to which sustainability reports align with established non-financial reporting standards
such as GRI, SASB, and SDGs. The review found that surface-level and software-based
techniques were frequently employed, offering preliminary compliance assessments. Advanced
methods were less commonly used, suggesting an opportunity for methodological enhancement.
This indicates that while current methods are effective for preliminary assessments, they may not
fully capture the nuanced compliance patterns that more sophisticated techniques could uncover.

3. Sentiment and Readability Assessment: Sentiment analysis and readability measures were applied
to classify the sentiment expressed in SRs and measure language complexity. Techniques like
BERT were notably effective in capturing nuanced sentiment and contextual relationships,
though their application was often restricted to smaller datasets due to high computational
demands. Other methods, including dictionary-based approaches and simpler sentiment analysis
techniques, were employed to analyze larger datasets, providing broad overviews while being

less resource-intensive.

The intersection of these findings raises some important issues that we suggest should be addressed
going forward if the true capabilities of automated text analysis of SR are to be reached. We expand

on these in the remainder of this section.
5.1 Tensions between depth and breath

A recurring theme we discovered in the literature is the trade-off between breadth and depth in SR
analysis. Studies dealing with vast datasets have tended to prioritize breadth, using simpler methods
like word frequency analysis or TF-IDF, which offer quick insights but may miss the deeper, more
nuanced themes within the reports. Conversely, in-depth analyses that employed complex
methodologies such as BERT or LDA tended to focus on smaller datasets, offering richer insights but

limiting the generalizability of the findings.

This is important because simple techniques like term frequency and TF-IDF provide surface-level

insights suitable for preliminary analyses and large datasets. However, they are limited when it
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comes to analyzing the nuanced meanings in sustainability reports (SRs). For example, studies in the
"Readability and Sentiment" section often relied on term frequency assessments, overlooking the

complexities of SR content, and thus limiting the insights that can be garnered from the analysis.

In summary, while simple techniques are easier and quicker to operationalize and may prove
valuable for preliminary analyses and large datasets, the advanced methods that are now on offer and
outlined at the beginning of this paper, can offer much deeper insights. Future research should
carefully consider this trade-off between breadth and depth. By doing so, researchers can make more

informed decisions about the most suitable analytical methods for their specific research objectives.
5.1.1 Limitations in Longitudinal Analysis

Another important observation is the lack of longitudinal analyses in the reviewed studies. Although
TM-NLP methods are well-suited for analyzing large datasets over extended periods, most studies
have focused on a single point in time, overlooking the temporal dynamics of sustainability practices.
This emphasis on static assessments limits our understanding of how SR content and sustainability
practices evolve, which is essential given the rapidly changing ESG landscape and the inherent
learning process in reporting (Hahn & Kiihnen, 2013). By predominantly assessing sustainability
outcomes at a specific moment, these studies miss the opportunity to conduct trend analyses that

could reveal how sustainability practices develop and change over time.

This inclination towards static assessments is evident in several studies with a limited longitudinal
scope. For instance, a notable number of studies analyzed the overall practice themes based on a
static outcome, extracting themes, topics, and frequent words from SRs at a specific time point — for
example, Liew et al. (2014) and Li & Zhao (2021), who extracted frequent words related to social
themes from a set of reports, such as health and safety and employee development. See also
Kvasni¢kova Stanislavska et al. (2023) who only analyze the year 2020, Hadro et al.(2022) explore
only the year 2019, and Mani et al. (2018) explore only the year 2015. This pattern is prevalent
across our three overarching objective groups where studies focused on identifying specific words

that indicate a specific sustainability theme or a firm's compliance with predefined guidelines.

A handful of studies stand out for their efforts to uncover temporal dynamics and trends in
sustainability reporting Uyar et al. (2021);Szekely & Vom Brocke (2017). Uyar et al. (2021) made an
effort to uncover patterns and changes in the topical structure of SRs in the Hospitality and Tourism
industry over time, utilizing network analysis to analyze how the thematic structure of SRs evolved

across different periods. However, even here it should be noted that some have based their trend
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analysis on alternative data sources like media articles, rather than direct analysis of SRs. Similarly,
Deng et al. (2017) explored environmental sustainability topics by mapping media coverage over
time. However, their analysis was also based on New York Times articles rather than SRs. While
they extracted the most frequent recent words from the media to construct a dictionary for analyzing
SRs, their study did not involve a direct time series analysis of SRs. Moreover, while some research
has hinted at temporal trends, such as studies by Aureli et al.(2017) that juxtaposed sustainability
disclosures pre and post specific events. Yet, these often operate within limited timeframes or

examine a relatively constrained number of reports.

Overall, while some studies such as Aureli et al.(2017) has touched upon the trend analysis
perspective by comparing sustainability disclosures before and after specific events, they often suffer
from limitations in terms of the short timeframes considered and the relatively small number of
reports analyzed. This emphasis on static assessments limits the understanding of how SR and
practice evolve over time and neglects the temporal analysis of sustainability performance. Many of
the papers in our study have acknowledged this limitation and have highlighted the need to extend
the adopted techniques to larger datasets, diverse industrial sectors, and different countries (Sai et al.,
2019, Reuter et al., 2014, Tremblay et al., 2015, Pan, 2016, Saha & Nabareseh, 2015, Li & Zhao,
2021).

In summary, sustainable activities and reporting frameworks change over time and analyzing their
development can provide valuable insights into emerging trends and patterns. Future research should
incorporate dynamic perspectives and consider trend analysis models to capture this evolution. By
taking a longitudinal approach, researchers can better understand the progress, changes, and

challenges associated with sustainable development.
5.1.2 Need for breadth and depth in future research

The prevalent theme emerging from our exploration of the literature to date is clear - while extensive
data exists, only a fraction of studies have realized the possibilities for automated text analysis
approaches to generate results with substantial breadth and depth. We presume that the predominant
use of basic methods for substantial datasets could be the result of challenges related to
computational efficiency and technical manageability — analyzing big data with more advanced
techniques requires a fairly deep and diversified skillset, as well as considerable computational
resources. Likely this is because as these tools are relatively recent and require time and resources to

be able to learn and utilize.

43



These observations underscore an important path for evolution in TM-NLP applications for SRs. As
we advance, it becomes imperative to strike a balance between depth and breadth, ensuring that
wide-ranging studies do not merely skim the surface but explore nuanced data layers for more
profound insights. Similarly, the latent possibilities in investigating the broad datasets that cover
multiple industries and time periods is vast, particularly when it comes to the temporal dynamics of
sustainability practices. Unearthing patterns of change, advancements, and regressions in SR over
time and sphere of activity can offer invaluable insights into the trajectory of sustainable practices
and the broader socio-economic and environmental contexts influencing them. As the field
progresses, it becomes paramount to integrate dynamic and cross-industry perspectives, diving into

longitudinal studies to truly grasp the evolving trends and changes in SR practices over time.
5.2 Deficits in methodological rigor and transparency

Another important finding from our review is the lack of transparency and rigor in the

methodological approaches of many studies. While some studies provided detailed descriptions of
their methods, many did not justify their methodological choices or discuss the limitations of their
chosen techniques. This lack of transparency can hinder the reproducibility and validity of research

findings.

Moreover, comparative analyses of different methods were rarely conducted, which limits our
understanding of the relative strengths and weaknesses of various TM-NLP techniques. Future
research should emphasize methodological transparency and rigor, providing clear justifications for
chosen methods and acknowledging their limitations. Additionally, comparative studies that evaluate
multiple methods could help in identifying the most effective approaches for specific research

objectives.
5.2.1 Justifying method and acknowledging limitations

One of the cornerstones of good science is the clear justification of the research method selected by a
research paper, the steps followed to operationalize the method, and the limitations of the
conclusions drawn from the findings (Pedhazur & Schmelkin, 2013). This good research practice
provides a level of transparency that increases validity, allows for replication studies, and the
cumulative advancement of knowledge (Gerring, 2012). Surprisingly, and a bit disappointingly, most
of the studies in our original raw sample failed to provide a clear description of their methodological
approach, thereby resulting in their being excluded from this SLR (see section 3.2 above in which we

describe how we selected our sample for this review).
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However, there is significant room for improvement even with the papers that were included into this
review. Although they provided a description of their methods, many of these provided limited or no
discussion of the suitability of the chosen method vis-a-vis alternative methodologies or comparative
approaches. In addition, many studies included in our sample do not acknowledge the limitations or

possible biases associated with the selected methods or introduced by the chosen techniques, such as
the reliance on predefined dictionaries, subjectivity in topic modeling, or bias in sentiment analysis

algorithms. We highlight the need to address these limitations in order to enhance the robustness and

credibility of research findings.
5.2.2 Broader sets of tools

Comparative analysis can provide insights into the strengths and weaknesses of different methods (in
terms of the depth they can analyze), help researchers make informed decisions about which
technique is most suitable for their specific research objectives, or be implemented as a mixed
method research design (Gerring, 2012; Pedhazur & Schmelkin, 2013). While some studies
employed multiple methods within their analysis (e.g., combining topic modeling with keyword

extraction) these were the exception.

Consequently, it seems clear that based on our findings there is lots of opportunity for further
exploration of integrating various techniques to enhance the comprehensiveness and accuracy of the
findings. For example, combining BERT with sentiment analysis or readability assessment could
provide a more holistic understanding of sustainability reporting. This underscores the significance of
combining various methodologies: while automation can speed up data extraction and initial analysis,
a nuanced understanding typically emerges from the combination of various methods, both manual
and automated (Kang, 2021; Liu et al., 2017). Embracing this blended approach ensures that while
we benefit from the efficiency of automated text analysis tools, we also capture the richness and

depth that can come from more sophisticated techniques and human interpretation.
6 Conclusions

Automated text analysis methods, such as text mining (TM) and natural language processing (NLP),
hold great promise for managing the increasing volume, diversity, and complexity of data found in
corporate sustainability reports (SRs). Despite this promise, our understanding of how these
approaches are utilized in research remains limited due to their relative novelty. To address this gap,
we conducted a systematic literature review (SLR) to synthesize and evaluate existing literature
utilizing TM-NLP for SR analysis.
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Our review provides a comprehensive overview of methodologies and techniques, examines research
objectives, and critically assesses the progress made in terms of depth and breadth. While there has
been notable progress, we have identified key issues related to research depth, breadth, rigor, and
transparency, indicating that the considerable capability of TM-NLP to extract meaningful insights

from SR big data has not been fully realized.

This literature review contributes to the existing body of knowledge by showcasing the promise of
TM-NLP in analyzing SRs, providing a comprehensive understanding of the objectives and methods
employed in previous studies and issues that should be addressed by further research. Overall, these
findings have practical implications for organizations, policymakers, and stakeholders and facilitate

benchmarking and sharing of best practices in SR and management.
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