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 A B S T R A C T

Sustainability reporting refers to the activities by which large companies describe their efforts to maximize the 
benefits on universal criteria about economic, social, and environmental impacts. This promotes transparency 
among stakeholders and is considered essential in supporting governance and compliance with international 
regulations by improving today’s business landscape. Among other problems, inaccurate company disclosures, 
known as Greenwashing, can affect the quality of reports and their unstructured nature poses serious limitations 
to economic analysts during company evaluation. Efficiently gathering and aligning available reports and 
other complementary data for a unified framework is an important perspective on modern sustainability 
analysis. Recent advances in Natural Language Processing (NLP), particularly the rise of transformer-based 
Large Language Models (LLMs), have enabled new capabilities in semantic information extraction, automated 
classification, and the detection of misleading claims within unstructured corporate sustainability disclosures. 
This survey provides a systematic review of NLP and LLM-based approaches in sustainability reporting, 
with particular attention to methodological trends and unresolved challenges. Adopting a structured review 
methodology that integrates scientometric mapping and meta-synthesis, we offer an evidence-based taxonomy 
and a synthesis of current practices, highlighting key gaps and future research directions. The findings highlight 
past explorations and future directions, demonstrating that LLMs offer remarkable accuracy and innovative 
solutions for challenges related to traditional sustainability reporting current practices.
1. Introduction

Corporate sustainability is a key concept in today’s business world, 
focusing on operations that ensure long-term success, which entails 
sustainability reporting that considers economic, social, and environ-
mental impacts to enhance transparency for stakeholders [1]. Sustain-
ability reporting covers various types of reports like Corporate Social 
Responsibility (CSR), Greenhouse Gas Emissions (GHG), and Triple 
Bottom Line (TBL) reporting [2].

In the realm of sustainability reporting, the United Nations (UN) 
Agenda 2030 [3] and Global Reporting Initiative (GRI)2 are vital 
because they provide comprehensive frameworks and standards for 
organizations to measure, report, and improve their economic, social, 
and environmental performance. The 2030 Agenda outlined 17 Sus-
tainable Development Goals (SDGs) in 2015 to be achieved by 2030, 
while the GRI sets a structured approach and offers standards to re-
port the economic, environmental, and social impacts of sustainability 
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practices [4]. Additionally, financial access is crucial in corporate sus-
tainability [5], and ensuring true sustainability is essential for investors 
and responsible capital distribution [6]. Companies adhering to the 
Environmental, Social, and Governance (ESG) framework stand a better 
chance of securing financing. While there’s no single ESG framework for 
corporate decision-making, multiple standards exist based on industry, 
location, stakeholder expectations, and organizational priorities [7]. 
Despite its advantages, corporate sustainability faces challenges, such 
as efficiently organizing diverse data for CSR insights [8] and com-
bating ‘‘Greenwashing’’, where companies falsely portray sustainable 
practices to mislead consumers and regulators for a clean image [9]. 
Some researchers restrict the term greenwashing to environmental is-
sues while using ‘‘Bluewashing’’ to address social concerns. In contrast, 
other scholars regard greenwashing as a broader concept that includes 
both social and environmental dimensions [10].
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Fig. 1. Review Road Map.
Sustainability reporting is increasingly complex, with the volume of 
available information growing rapidly, a first major challenge for orga-
nizations [11]. In addition, extracting actionable insights and detecting 
misleading green claims present further difficulties [12]. Natural Lan-
guage Processing (NLP), as a core area of Artificial Intelligence (AI), 
offers significant potential to enhance both the precision and efficiency 
of these tasks [13]. In particular, Large Language Models (LLMs) have 
demonstrated remarkable accuracy in a wide range of NLP appli-
cations [14,15] and can provide innovative solutions for validating 
company claims through the analysis of sustainability reports. These 
models have proven effective in improving data extraction, report 
analysis, and green claim detection, making them highly suitable for 
addressing the current challenges in sustainability reporting [16].

Although there is extensive academic literature on sustainability 
reporting [17,18], greenwashing [10], and LLMs [14,19], only one 
paper has systematically reviewed the intersection of all three areas 
through a bibliometric literature review up to 2023 [2]. However, this 
study did not include LLMs as part of the state-of-the-art advancements 
in NLP.

More recent contributions such as [20,21] have begun exploring 
the implications of generative AI and greenwashing detection, respec-
tively, within sustainability contexts. De Villiers et al. [20] proposes a 
conceptual framework analyzing the potential of AI-generated text in 
sustainability accounting and reporting, while Boedijanto and Delina 
[21] highlights AI’s role in detecting greenwashing in the energy sector. 
While both offer valuable conceptual insights, their scope remains lim-
ited: Boedijanto and Delina [21] focuses exclusively on the energy sec-
tor, and De Villiers et al. [20] concentrates primarily on sustainability 
accounting and assurance, rather than addressing the broader spectrum 
of sustainability reporting across diverse domains. Furthermore, neither 
study conducts a systematic literature review nor employs advanced 
scientometric techniques to quantitatively assess the existing research 
landscape, as this study does.

To date, no comprehensive systematic review has addressed the 
intersection of sustainability reporting, NLP, and LLMs. This study 
addresses this gap by employing a hybrid scientometric and meta-
synthesis methodology and pursuing two overarching objectives: (1) 
extracting structured insights from unstructured sustainability reports, 
and (2) detecting misleading green claims (greenwashing) using NLP 
and LLMs. The review is grounded in the analysis of three major 
sustainability reporting frameworks (SDG, GRI, and ESG), which serve 
as reference points throughout the study.

As illustrated in Fig.  1, this review is organized around two central 
axes. The first axis concerns the main frameworks used for sustain-
ability reporting, namely the UN Agenda 2030 with its SDGs, ESG, 
and GRI. The second axis addresses the main challenges that motivate 
the review’s objectives, which arise in leveraging advanced NLP and 
LLM-based techniques for sustainability reporting, specifically: (1) the 
difficulty of deriving insights from unstructured and extensive data, and 
(2) the detection of false or misleading green claims (greenwashing). 
The intersection of these two perspectives forms the analytical basis 
of this review, allowing for a structured exploration of how recent 
language technologies contribute to addressing persistent challenges 
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in sustainability disclosure, while accounting for the requirements and 
distinct features of each reporting framework.

The paper is structured as follows: Section 2 provides a comprehen-
sive background on sustainability reporting, greenwashing detection, 
and LLMs by emphasizing the role of LLMs in enhancing them. Section 3 
details the review design and methodological framework. Section 4 
presents the findings and thematic synthesis derived from the selected 
studies. Section 5 outlines practical implications and future research 
directions. Finally, Section 6 draws the conclusions.

2. Background

Sustainability reporting involves encouraging organizations to
reevaluate their strategies and operations, considering their economic, 
social, and environmental impacts, and to communicate this infor-
mation to stakeholders who demand greater transparency on these 
issues [17]. In this context, GRI and SDG3 are two major standards 
and frameworks in the global sustainability landscape. The GRI has 
recognized the importance of the SDGs and has worked to align its 
standards with the UN goals. While both aim to promote sustainability 
and corporate responsibility, they have slightly different approaches 
and purposes. Although SDGs and the GRI are significant frameworks 
for sustainability, they have encountered various challenges and criti-
cisms. With a growing focus on sustainability, investors are increasingly 
influenced by GRI-based reporting, and several efforts have been car-
ried out to achieve the SDGs [22]. Despite its broad applicability, 
the GRI may need to be tailored to fit the unique needs of specific 
regions or industries [23]. Additionally, potential conflicts between GRI 
standard and local regulations can create difficulties for organizations 
trying to adhere to both sets of standards [24]. In response to these 
challenges, ESG framework has emerged as an alternative, closely 
linked to financial outcomes [25]. An extended discussion of these 
frameworks is presented in Appendix  A.

According to the Oxford English Dictionary,4 ‘‘greenwashing ’’ is de-
fined as a deliberate corporate practice involving misleading elements 
aimed at deceiving stakeholders. Greenwashing is also defined as false 
or exaggerated claims about poor environmental performance to appear 
more responsible or sustainable to create a misleading positive image 
for the public and stakeholders [26]. Due to the expansion of sustain-
ability today to include ESG factors, greenwashing now involves more 
than just environmental claims (as the most common form). It also 
encompasses misleading information about a company’s social [27] and 
governance practices [10].

In sustainability reporting, greenwashing poses a significant threat 
to the credibility and transparency of corporate disclosures. At its core, 
greenwashing involves discrepancies between what a company chooses 
to disclose or signal to stakeholders and its actual environmental or 
social performance. This dishonesty not only tarnishes the company’s 
reputation but also undermines broader efforts towards genuine sus-
tainability [2]. When misleading green claims are detected, they erode 

3 https://sdgs.un.org/
4 https://www.oed.com/
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the trust of consumers and other stakeholders. This lost trust is chal-
lenging to be regained and can severely damage the company’s image, 
potentially hindering its ability to attract investments and support in 
the future [28]. A more detailed classification of greenwashing forms 
and examples is provided in Appendix  B.

In light of these challenges, particularly the widespread presence 
of unverifiable or misleading sustainability claims, there is a grow-
ing demand for automated, scalable techniques to analyze unstruc-
tured corporate disclosures and support the identification of poten-
tial greenwashing [7]. Traditional manual assessments are often time-
consuming, costly, and subject to inconsistencies, especially when ap-
plied to lengthy sustainability reports across multiple frameworks [29]. 

Recent advances in NLP, particularly the development of LLMs, have 
opened promising avenues for addressing these limitations. LLMs, built 
upon the transformer architecture [30], are pre-trained on massive text 
corpora and exhibit strong capabilities in understanding, classifying, 
and generating natural language at scale [14]. Their ability to capture 
deep contextual relationships within text makes them particularly well-
suited for tasks such as information extraction, report classification, and 
greenwashing detection.

The use of LLMs can be broadly grouped into three main archi-
tectural families, each offering distinct strengths in the context of 
sustainability reporting tasks [31]:

• Encoder-Only (EO) models, such as BERT [32], RoBERTa [33], 
and ClimateBERT [12], focus exclusively on understanding input 
text. They are particularly effective for classification tasks, such 
as aligning report content with GRI or SDG frameworks, and for 
detecting misleading claims embedded in corporate disclosures.

• Decoder-Only (DO) models, including the GPT family [34,35] 
and LLaMA [36], are optimized for generative tasks. These mod-
els can produce fluent, context-aware narratives and summaries, 
and are increasingly applied to generate or verify sustainability-
related statements, especially when combined with Retrieval-
Augmented Generation (RAG) [7].

• Encoder-Decoder (ED) models, such as T5 [37] and BART [38], 
integrate both comprehension and generation capabilities. They 
are particularly valuable for tasks like SDG multi-label classifi-
cation, report summarization, or question-answering over ESG 
content [39].

These architectural differences also influence practical deployment. 
For instance, EO models are commonly preferred for analyzing short, 
paragraph-level content, while DO and ED models are often used when 
working with larger input sequences, such as full-page or multi-section 
documents [40].

Beyond classification and text generation, LLMs have also proven 
effective in identifying deceptive or exaggerated claims associated with 
greenwashing. For example, ClimateBERT, a fine-tuned EO model, has 
been used to extract structured insights from sustainability reports 
and flag potentially misleading statements [16]. While LLMs do not 
eliminate the need for expert validation, they drastically reduce the 
manual effort required for initial screening and provide a scalable 
foundation for more rigorous auditing.

Ultimately, LLMs enable the extraction of actionable insights from 
complex and voluminous text, help standardize evaluations across dif-
ferent frameworks (GRI, SDG, ESG), and assist in the early detec-
tion of inconsistencies that might indicate greenwashing. Their inte-
gration into sustainability reporting workflows thus represents a key 
step towards more transparent, efficient, and accountable corporate 
sustainability practices.

3. Review design and methodological framework

A robust and transparent review methodology is essential to syn-
thesize advances at the intersection of sustainability reporting and 
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language technologies. To this end, the present review adopts a struc-
tured, multi-step process, as summarized in Fig.  2, to ensure conceptual 
clarity, reproducibility, and methodological rigor.

The study is anchored in three interconnected Research Dimen-
sions: (i) corporate sustainability reporting and its guiding frameworks 
(e.g., GRI, SDG, ESG); (ii) applications of NLP and LLMs; and (iii) the 
identification and analysis of greenwashing practices.

To operationalize the Objectives, we adopt a Systematic Method-
ology that integrates meta-synthesis principles [41,42] with sciento-
metric analysis [43]. The process unfolds across seven key steps:

1. Determining research questions focused on information ex-
traction and greenwashing detection.

2. Systematic literature review using major academic databases.
3. Searching and selecting appropriate articles based on defined 
inclusion and exclusion criteria.

4. Data extraction from the articles on frameworks used, tech-
niques applied, and addressed challenges.

5. Article analysis by scientometric tools to map trends and 
thematic clusters.

6. Quality control using a standardized appraisal checklist.
7. Findings presentation and qualitative combining through 
classification and thematic grouping.

This mixed-method approach enables both a qualitative and quan-
titative examination of the literature, guided by two sets of criteria: 
selection criteria to ensure article relevance and rigor, and analytical 
criteria (such as sustainability framework, methodological scope, and 
greenwashing focus) to structure the synthesis.

The following outlines the seven steps of the systematic review 
methodology adopted in this study.

3.1. Determining research questions

In the initial stages of any structured literature review, the first task 
is to define the study’s objectives and questions.

This paper focuses on addressing challenges in sustainability report-
ing, specifically:
𝐶ℎ𝑎𝑙𝑙𝑒𝑛𝑔𝑒 1:  Extracting information and insights from unstructured data
𝐶ℎ𝑎𝑙𝑙𝑒𝑛𝑔𝑒 2:  Combating greenwashing

These challenges are outlined in the introduction and are explored 
within the context of three sustainability frameworks: SDG, GRI, and 
ESG. The paper seeks to identify appropriate solutions presented in 
scientific literature by conducting a systematic literature review. It cate-
gorizes the most relevant papers based on the sustainability frameworks 
and the NLP and LLMs applications proposed for these challenges, 
ultimately providing directions for future research.

This study aims to answer the following questions:
𝑄1: ‘‘𝑊 ℎ𝑎𝑡 𝑎𝑟𝑒 𝑡ℎ𝑒 𝑚𝑜𝑠𝑡 𝑖𝑚𝑝𝑎𝑐𝑡𝑓𝑢𝑙 𝑎𝑛𝑑 𝑖𝑛𝑓𝑙𝑢𝑒𝑛𝑡𝑖𝑎𝑙 𝑟𝑒𝑠𝑒𝑎𝑟𝑐ℎ 𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛𝑠 𝑎𝑡 𝑡ℎ𝑒

𝑖𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 𝑠𝑢𝑠𝑡𝑎𝑖𝑛𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑟𝑒𝑝𝑜𝑟𝑡𝑖𝑛𝑔, 𝑁𝐿𝑃 , 𝑎𝑛𝑑 𝐿𝐿𝑀𝑠 𝑡ℎ𝑎𝑡 𝑐𝑎𝑛 𝑠𝑢𝑝𝑝𝑜𝑟𝑡

𝑓𝑢𝑡𝑢𝑟𝑒 𝑟𝑒𝑠𝑒𝑎𝑟𝑐ℎ 𝑎𝑛𝑑 𝑝𝑟𝑎𝑐𝑡𝑖𝑐𝑒?′′

𝑄2: ‘‘𝑊 ℎ𝑎𝑡 𝑎𝑟𝑒 𝑡ℎ𝑒 𝑚𝑎𝑖𝑛 𝑐ℎ𝑎𝑙𝑙𝑒𝑛𝑔𝑒𝑠 𝑎𝑛𝑑 𝑓𝑢𝑡𝑢𝑟𝑒 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑓𝑖𝑒𝑙𝑑 𝑜𝑓

𝑠𝑢𝑠𝑡𝑎𝑖𝑛𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑟𝑒𝑝𝑜𝑟𝑡𝑖𝑛𝑔 𝑒𝑛ℎ𝑎𝑛𝑐𝑒𝑑 𝑏𝑦 𝑁𝐿𝑃 𝑎𝑛𝑑 𝐿𝐿𝑀𝑠?′′

3.2. Systematic literature review

The review process commenced with a systematic exploration of 
the Web of Science5 (WoS) and Scopus6 databases to identify relevant 
literature. A set of predefined logical queries was employed to retrieve 
studies at the intersection of sustainability reporting, NLP, and LLMs. 

5 https://www.webofscience.com/
6 https://www.scopus.com

https://www.webofscience.com/
https://www.scopus.com


S.A. Mousavian Anaraki et al. Sustainable Futures 10 (2025) 101494 
Fig. 2. Schematic overview of the review. The study builds on three research domains to address two objectives through a seven-step methodology. This leads 
to structured findings and future research directions.
Fig. 3. Literature survey flowchart of selecting appropriate articles.
The exact queries used for each database are reported in Appendix  C. 
The initial search yielded 68 records from WoS and 89 from Scopus. 
After merging results and removing duplicates using Mendeley,7 136 
unique records were retained. An additional four papers were identified 
from sources such as Google Scholar, ResearchGate, and arXiv, resulting 
in a final corpus of 140 documents used for the review.

7 https://www.mendeley.com
4 
3.3. Searching and selecting relevant articles

Following the literature retrieval phase, a multi-stage screening was 
carried out to refine the initial dataset and retain only the most relevant 
studies. The process, illustrated in Fig.  3, involved a stepwise filtering 
of 140 documents.

In the first stage, titles were reviewed for relevance to sustainability 
reporting (SR) and AI-related techniques, excluding 46 papers. The 
remaining 94 abstracts were then screened, leading to the removal of 

https://www.mendeley.com
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44 more. In the final stage, full-text reviews were conducted on 50 
papers to assess alignment with NLP and LLM applications in SR. This 
resulted in the exclusion of 29 documents. The final selection comprised 
21 articles, 20 original research papers, and one review article.

The inclusion criteria guiding this process were: (i) English-language 
publications from 2017 to 2024, (ii) direct relevance to SR, NLP, 
and LLMs, and (iii) empirical, methodological, or review-based con-
tributions. The exclusion criteria were designed to ensure that only 
papers directly aligned with the focus of this review were retained. 
Specifically, we excluded documents such as editorials, opinion pieces, 
or technical notes that lacked substantive methodological or empirical 
contributions. We also excluded studies that addressed sustainability 
topics within narrow domains, such as agriculture, healthcare, or en-
ergy, when these did not explicitly involve sustainability reporting 
practices.

Further, papers relying solely on traditional analytical approaches 
(e.g., readability indices, complexity metrics, or key performance in-
dicators (KPIs) dashboards) were omitted if they did not incorporate 
advanced NLP or LLM techniques. Basic forms of text mining, such 
as simple frequency analysis or topic modeling, were also excluded 
unless embedded in a broader NLP pipeline. Additionally, we discarded 
studies that mentioned NLP or LLMs only superficially or speculatively, 
without actual application to the analysis, classification, or interpre-
tation of sustainability reports. For example, general AI applications 
to sustainability assessments were deemed out of scope unless directly 
tied to the content of corporate or institutional reporting documents. A 
categorized overview of excluded works and justification examples is 
provided in Appendix  D.

It is important to acknowledge that the primary screening and 
selection were conducted by one reviewer. To mitigate potential bias, 
a random subset of papers was independently reviewed by a second 
author. The inter-rater agreement yielded a Cohen’s 𝜅 of 0.85, indicat-
ing substantial agreement and enhancing the credibility of the selection 
process.

3.4. Data extraction from the articles

To facilitate a structured synthesis of the reviewed literature, we 
extracted key information from each of the 21 selected studies. Table 
1 summarizes this information for the 20 original research articles 
(excluding the single review paper). Each entry has been classified 
along four dimensions:

• Framework: the sustainability reporting standard addressed in 
the study (e.g., GRI, ESG, SDG);

• Methodology: the NLP models and techniques applied, including 
both traditional and transformer-based LLMs;

• Challenge 1 (Ch. 1): whether the study tackles the challenge of 
extracting insights from unstructured sustainability-related data;

• Challenge 2 (Ch. 2): whether the study addresses greenwashing 
detection or the identification of misleading sustainability claims.

Articles are sorted chronologically to reflect the methodological 
evolution in the field, from early NLP applications to the adoption 
of cutting-edge transformer architectures and generative models. This 
classification provides the foundation for the thematic synthesis pre-
sented hereafter.

3.5. Article analysis by scientometric tools

Building upon the structured data extraction presented in Table  1, 
this step focuses on identifying overarching patterns, research clus-
ters, and thematic directions through scientometric analysis. Rather 
than providing additional article-level summaries, the aim here is to 
interpret the scientific landscape across sustainability frameworks by 
5 
Table 1
Extracted information from the articles, sorted by year and methodology 
evolution. The ‘‘Framework’’ column indicates the sustainability framework 
used (e.g., GRI, ESG, SDG). The ‘‘Methodology’’ column lists the NLP models 
and techniques employed in the study. Columns ‘‘Ch. 1’’ and ‘‘Ch. 2’’ refer to 
the two key challenges addressed in the respective studies, with an asterisk 
(*) denoting that the challenge was covered and a dash (-) indicating it was 
not.
Source: Research Finding
 Reference Framework Methodology Ch. 1 Ch. 2 
 [44] GRI NLP, GloVe * –  
 [11] GRI NLP, IR * –  
 [45] ESG LinkBERT, FinBERT * *  
 [46] SDG MiniLM, DistilBERT * –  
 [1] SDG BERT, RoBERTa, MLs * –  
 [5] ESG SBERT-UN, RoBERTa * *  
 [47] ESG ClimateBERT * *  
 [4] GRI TF-IDF, RF * –  
 [16] ESG BERT * *  
 [48] GRI BERT * –  
 [12] ESG ClimateBERT * *  
 [49] ESG MPNet * –  
 [39] SDG BART, BERT, GPT * –  
 [7] ESG/GRI GPT, ChatGLM, RAG * –  
 [50] ESG NLP * –  
 [25] ESG BERT, YAKE * –  
 [51] SDG RoBERTa * –  
 [52] ESG RoBERTa, DistilRoBERTa * –  
 [40] SDG GPT, Longformer * –  
 [8] ESG T5, LLaMA, RAG * –  

exploring how NLP and LLMs have been used to address key challenges 
in sustainability reporting. To this end, we applied two complementary 
tools widely adopted in bibliometric research. VOSviewer (v1.6.20) 
was used to construct and visualize keyword co-occurrence networks, 
highlighting dominant topics and interlinked subthemes. In parallel, 
Bibliometrix (R package, v4.3.1) enabled the extraction of descriptive 
and structural bibliometric indicators. Together, these tools support 
both qualitative insights and quantitative trend analysis, helping to 
position individual studies within broader thematic trajectories. The 
analysis revealed three primary areas of focus, corresponding to the 
main sustainability frameworks considered in this review: the SDG, 
GRI, and ESG standards. We therefore organized the discussion of 
findings around these clusters, discussing how different NLP and LLM 
techniques were employed in each domain to extract insights from 
unstructured sustainability reports and detect or mitigate greenwash-
ing. In the remaining, first, we discuss the articles grouped by their 
framework alignment (SDG, ESG, GRI), identifying common method-
ological approaches and contributions. Then, we provide a synthesis of 
the review papers included in our dataset, focusing on how they frame 
the current state and gaps of NLP-driven sustainability research.

SDG. The analysis of sustainability reports through NLP and LLMs, 
particularly in relation to SDGs, has been a growing area of research. 
Building on this, Kang and Kim [46] proposed new methods, including 
sentence similarity techniques and sentiment analysis to study sustain-
ability reports using pre-trained MiniLM-BERT for sentence similarity 
and DistilBERT for sentiment analysis on sustainability reports from six 
global leader companies from 2011 to 2020. Results confirmed that 
companies use sustainability reports to enhance their positive image 
during crises. However, the importance of continuous monitoring for 
report reliability and temporal analyses was emphasized. In a broader 
context, Angin et al. [1] aimed to examine various Machine Learning 
(ML) approaches composed of Support Vector Machines (SVM), Deci-
sion Tree (DT), Logistic Regression (LR), and Gaussian Naive Bayes 
(GNB) optimized for NLP-based text classification tasks to classify 
reports according to their relevance to the SDGs. They fine-tuned the 
Robustly Optimized BERT Approach (RoBERTa) model for processing 
sustainability reports on the Open source SDG Community Dataset 
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Fig. 4. Qualitative combining findings.
(OSDG-CD),8 which contains textual data on the SDGs annotated by 
community volunteers. The results demonstrate that the fine-tuned 
RoBERTa model achieved very high performance in both binary and 
multi-class classification tasks. However, the study is limited to the 
OSDG-CD and suggests future work to classify national AI strategy 
documents of over 50 countries. Gonzalez et al. [39] aimed to analyze 
NLP for Social Good (NLP4SG) papers and introduce a novel dataset 
and system to support this analysis. The work presented the PaperAn-
alyzer system, consisting of three LLM-based models to perform binary 
classification of NLP4SG papers, multi-class categorization into the 17 
UN SDGs, and identification of salient scientific terms. SciBERT+DS 
performs best for binary classification, InstructGPT excels in multi-label 
categorization compared to BART and DistilBERT, and InstructGPT-
002 achieves the highest BERTScore for task and method extraction. 
However, the study is limited to knowledge within NLP, suggesting 
future work should collect data on the downstream real-world impact 
of research to provide better feedback. Li and Rockinger [51] analyzed 
the thematic evolution of sustainability reports of 98 listed European 
banks from 2010 to 2022 by developing a novel RoBERTa model for 
classification, incorporating word counts and k-means cluster analysis 
to track changes in banking objectives. The study showed effective dif-
ferentiation of texts across various SDGs with high accuracy (93%). The 
research also identified strong correlations between SDG prevalence 
and macroeconomic indicators. Finally, Jakob et al. [40] investigated 
the impact of incorporating companies’ self-assessments on classifying 
SDG contributions in sustainability reports. The methodology involved 
fine-tuning transformer-based models (OpenAI-GPT, Transformer-XL, 
Longformer) and training a CNN to automate labeling sustainability 
reports due to the time-consuming nature of manual labeling. The 
best results were obtained using Longformer. However, the study em-
phasizes the need for guidelines and labeling of sustainability reports 
as a fundamental step. It suggests that future work should focus on 
developing guidelines and further streamlining the labeling process.

ESG. The application of NLP and LLMs to ESG analysis has gained 
considerable attention, with several researchers exploring how best to 

8 https://github.com/osdg-ai/osdg-data
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classify and assess financial texts and sustainability reports. Koloski 
et al. [45] focused on the FinSim4-ESG task, where they classified 
sentences from financial reports as either sustainable or unsustain-
able. They employed two representation paradigms: text-based and 
knowledge-based. The researchers fine-tuned two variants of BERT: 
LinkBERT and FinBERT, to improve the classification of ESG sentences. 
Their future work will include training deep neural networks based on 
sentence representations and conducting feature importance analysis to 
enhance classification performance. Similarly, Ghosh and Naskar [5] 
aimed to classify financial texts as sustainable or unsustainable and 
rank ESG-related concepts for unknown terms. They fine-tuned multiple 
models, including a Sentence BERT-based model pre-trained on UNSDG 
(SBERT-UN) for ranking ESG concepts, and a RoBERTa model for text 
classification. FinBERT performed best on the validation set, while 
RoBERTa-base excelled on the test set. However, it is limited to the spe-
cific models and datasets used, and further improvements could include 
more diverse data sources and advanced NLP techniques. The research 
also suggested future work in developing a user-friendly tool for as-
signing terms to concepts and evaluating the sustainability of financial 
texts. Bingler et al. [47] took a more targeted approach by analyzing 
companies’ climate-risk disclosures within the Task Force on Climate-
Related Financial Disclosures (TCFD) framework using a specifically 
designed deep neural language model fine-tuned with BERT called 
ClimateBERT. Training on a dataset consisting of over 17,300 human-
labeled sentences for the TCFD pillars and more than 300,000 general 
language sentences from annual reports. However, the study highlights 
the issue of greenwashing and suggests that further work is needed to 
enhance the model’s ability to detect genuine climate risk information. 
Addressing the issue of greenwashing more directly, Moodaley and 
Telukdarie [16] proposed a conceptual framework built on BERT-
based architectures that use subdomain-specific text corpora. Their 
framework effectively detected false or misleading green claims, though 
limitations included the use of a potentially limited training dataset 
and BERT’s inherent word associations. They suggested expanding 
the dataset and refining the model for more accurate detection in 
future work. Following this theme, Vinella et al. [12] presented a 
new method for training a language model to identify greenwash-
ing risk using the ClimateBERT model. The ClimateBERT model was

https://github.com/osdg-ai/osdg-data
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pre-trained on 2 million climate-related text samples and further fine-
tuned on sustainability reports. The model demonstrated an average 
accuracy of 86.34%. The approach involved a mathematical framework 
for quantifying greenwashing risk. However, some limitations of the 
approach include potential errors in the mathematical formulations, 
skewed label distribution, and the loss of context due to the paragraph-
by-paragraph analysis. The researchers plan to refine the model and 
address these limitations in future work. Due to the limitations of 
earlier models like BERT and XLNet, Kazakov et al. [49] introduced 
‘‘ESGify’’ an open-source NLP model based on MPNet-base architecture, 
aimed at classifying texts within ESG risk frameworks. MPNet is an 
innovative model that combines Masked Language Modeling (MLM) 
and Permuted Language Modeling (PLM) and addresses the limitations 
of previous models. Although it has been successful, there is a need 
for further work to refine the model and broaden its applicability. Zou 
et al. [7] presented ESGReveal, an innovative method for extracting and 
analyzing ESG data from sustainability reports, addressing the lack of 
a comprehensive ESG disclosure database. They used LLMs including 
GPT-4. QWEN, GPT-3.5, ChatGLM combined with RAG techniques 
on ESG reports from 166 companies listed on the Hong Kong Stock 
Exchange. The system achieved an accuracy of 76.9% in data extraction 
and 83.7% in disclosure analysis. The study calls for further research 
to develop and compare the analytical capabilities of various LLMs, 
enhancing ESG data processing and analysis. The tool known as Report-
Parse, introduced in [50], is a Python-based application engineered to 
dissect corporate sustainability reports. The tool seamlessly integrates 
document structure analysis with NLP models to effectively extract 
pertinent sustainability-related data from the reports. Gupta et al. [25] 
aimed to examine the sustainability practices of seven leading IT firms 
in India by analyzing their 2021 sustainability reports, focusing on the 
balance across ESG factors. They employed BERT-based tokenization 
and fine-tuning BERT for sequence classification combined with the 
Unsupervised Automatic Keyword Extraction (YAKE) technique. They 
achieved a high prediction accuracy of 98%. However, they could 
add reports in a wider spectrum of sectors and conduct a time-series 
study. They also suggested considering more current dimensions, such 
as sustainable human resource management and employee well-being, 
in future research. Schimanski et al. [52] addressed the gap in pre-
cise, transparent ESG measurement by using pre-trained RoBERTa and 
DistilRoBERTa models for each ESG subdomain. They achieved over 
93% accuracy for social and environmental domains and over 89% 
for governance. The models’ performance suggested effective ESG com-
munication detection, but further investigations are needed to explore 
patterns beyond correlations. Bronzini et al. [8] used advanced NLP 
techniques to extract insights on ESG factors from sustainability reports. 
They employed Instruction-tuned LLMs, In-Context Learning (ICL), and 
RAG paradigm to analyze data from various sources: (i) 2022 sustain-
ability reports, (ii) 64 ESG factors, and (iii) ESG rating scores and other 
companies’ information. However, the study highlighted the challenge 
of extracting meaning from diverse and unstructured documentation, 
suggesting future integration of additional data sources and improved 
information extraction techniques.

GRI. Similar to the previous two frameworks and standards, spe-
cial attention has also been given to the GRI in research, so that: 
Gutierrez-Bustamante and Espinosa-Leal [44] aimed to analyze Nordic 
companies’ alignment with GRI standard and automate sustainability 
report reviews for environmental impact. They employed NLP and 
Information Retrieval (IR) methods to obtain semantic similarity on 
524 sustainability reports from the GRI standard dataset. The models 
they used included Bag of Words (BOW), Skip-gram, Term Frequency–
Inverse Document Frequency (TF–IDF), Latent Semantic Analysis (LSA), 
Word2Vec, FastText, Global Vectors for Word Representation (GloVe). 
Their findings identified LSA and GloVe as the most effective methods. 
However, they noted issues with the quality of the data and recom-
mended enriching the dataset with a wider range of frameworks such 
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as ESG and SDGs for future work. Polignano et al. [11] presented 
a system based on NLP and IR techniques to automatically analyze 
sustainability reports compliant with GRI standards. They identified 
various sustainability topics, determined their context, and assessed 
whether they were mentioned in a positive or negative light. This 
approach significantly accelerated the analysis of corporate documents. 
Nonetheless, future endeavors will focus on improving the system’s ro-
bustness, efficiency, and flexibility. Nechaev and Hain [4] contributed 
to the sustainability reports literature by employing a pre-trained
language model for identifying social impact types aligning GRI codes. 
They used a novel Standard-based Impact Classification method (SBIC) 
that employs TF–IDF for vectorization and Random Forest (RF) for clas-
sification. The study found a positive correlation between sustainability 
reports and innovation capacity. Limitations included the need for more 
advanced ML techniques and improved text preprocessing accuracy. 
Future research should explore multi-label classification and state-
of-the-art embedding techniques. Hillebrand et al. [48] introduced 
sustain.AI, an advanced recommender system leveraging two German 
sustainability reports datasets: GRI (92 reports from major compa-
nies) and DNK (German Sustainability Code database). The system 
employs a BERT-based encoding module and multi-label classification 
to recommend relevant text passages aligned with GRI standards. It 
has performed better than other systems in recommending segments. 
However, it could only handle German documents. Future enhance-
ments included incorporating user feedback for model improvement 
and extending functionality to process English reports. The work of [7] 
that was mentioned in the previous (ESG) part, used three main stan-
dards composed of TCFD, GRI, and Sustainability Accounting Standards 
Board (SASB) as ESG frameworks.

Review Paper. Among the studies examined, only one review 
article was included in the final corpus: [2]. This work presents a 
comprehensive conceptual framework at the intersection of AI, ML, 
greenwashing, and sustainability reporting. It employs both biblio-
metric and thematic analyses to identify key patterns and emerging 
topics within this area. Although the review does not explicitly focus 
on LLMs, it lays a valuable foundation for understanding the broader 
methodological context in which LLMs are beginning to emerge. As 
such, it complements the empirical studies analyzed in this review and 
helps identify gaps for future research. A summary of additional review 
papers excluded from the final analysis is provided in Appendix  D.

3.6. Quality control

To ensure the validity and reliability of the findings derived from 
the selected literature, a formal quality assessment was conducted 
as part of the meta-synthesis process. We employed the Critical Ap-
praisal Skills Programme (CASP)9 framework, one of the most widely 
used tools for evaluating the rigor, relevance, and transparency of 
research [53]. CASP provides specialized checklists tailored to different 
study types, including qualitative research, quantitative analyses, and 
systematic reviews.

Each paper was evaluated using a ten-question CASP checklist, 
adapted to the specific nature and methodological approach of the 
study. The questions covered aspects such as clarity of aims, appro-
priateness of methodology, data analysis quality, and ethical consid-
erations. Responses were categorized as ‘‘Yes’’, ‘‘No’’, or ‘‘Can’t tell’’, 
following CASP guidelines. The first two items served as screening 
questions; only papers receiving a ‘‘Yes’’ on both were subjected to full 
evaluation.

This structured assessment aimed to reduce bias and enhance the 
consistency of the appraisal process. In line with CASP recommenda-
tions, no aggregate score was calculated; instead, the distribution of 
‘‘Yes’’ responses was used as an indicator of overall quality.

9 https://casp-uk.net/casp-tools-checklists/

https://casp-uk.net/casp-tools-checklists/
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The results confirmed the robustness of the selected corpus:

• 90% of papers received ‘‘Yes’’ for all applicable criteria.
• The remaining 10% received ‘‘Yes’’ on at least 90% of the items, 
with minor limitations noted, typically related to the Researcher–
Participant Relationship or Accuracy of Data Analysis.

This process ensured that only high-quality, methodologically sound 
studies were included in the final synthesis. The full CASP-based eval-
uation for each article is presented in Appendix  E.

3.7. Findings presentation and qualitative synthesis

The integration of findings from the selected articles marks a pivotal 
step in this review, forming the foundation for all subsequent analysis, 
discussion, and research directions. Rather than reporting outcomes 
from individual studies, this synthesis distills broader insights, re-
curring patterns, and emerging trends that define the intersection of 
sustainability reporting, NLP, and LLMs. By connecting and interpret-
ing the evidence gathered in earlier steps, this qualitative synthesis 
provides a comprehensive overview of the current landscape, guiding 
the critical reflections and future agenda addressed in the following 
sections.

Fig.  4 visually categorizes the 21 reviewed articles into two main 
groups: a single review paper and 20 research papers. The research 
articles are further classified by their alignment with major sustainabil-
ity frameworks: SDG, GRI, and ESG, as well as the specific challenges 
addressed through NLP and LLM approaches.

• Framework Alignment: Most research papers target ESG (11), 
followed by SDGs (5) and GRI (5). This reflects the rising regula-
tory and investor-driven importance of ESG, while SDG and GRI 
remain crucial but slightly less dominant focal points for recent 
AI research.

• Applications for Challenge 1-Extracting Insights from Un-
structured Data: All 20 research papers address the primary 
challenge of extracting information and insights from unstruc-
tured or extensive sustainability data. This is typically approached 
as a classification or structured extraction problem. Early studies 
predominantly relied on EO models such as BERT, RoBERTa, and 
their domain-specific variants. More recent work explores ED and 
DO architectures, including generative models like GPT-3, partic-
ularly for tasks involving summarization or data transformation.

• Applications for Challenge 2-Greenwashing Detection: A
smaller but significant subset of papers confront the challenge of 
detecting false or misleading green claims (greenwashing). The 
literature reveals three main strategies:

1. Pre-reporting risk mitigation: Some papers focus on best 
practices and strategies organizations can adopt before 
reports are written to minimize greenwashing risk, such 
as establishing governance structures and transparent poli-
cies [47].

2. In-report detection: Other studies apply NLP and LLMs di-
rectly to the analysis of sustainability reports, leveraging 
fine-tuned models like ClimateBERT or domain-adapted 
BERT variants to identify misleading or exaggerated claims
[12,16,47].

3. External cross-validation: A third group extends analysis by 
integrating additional sources such as financial news or 
regulatory documents, enabling models to cross-reference 
corporate claims with independent data [5,45].

This multi-layered approach demonstrates how the field is ad-
vancing from isolated text analysis towards ecosystem-aware, 
multi-source validation of sustainability claims.
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Fig.  5 presents a taxonomy that maps these studies not only by 
sustainability framework but also by the neural architectures adopted-
EO, ED, and DO, in relation to the two core challenges. EO models 
remain foundational, particularly for classification-heavy tasks, due to 
their efficiency in mapping complex corporate text into analyzable for-
mats. Both ED and DO models are gaining ground, especially for more 
generative or interpretative applications (e.g., automated summaries, 
complex information extraction).

Notably, there is an emerging trend towards the adoption of DO 
models such as GPT-3, reflecting a growing interest in generative 
capabilities for report summarization, interpretative assistance, and 
the creation of training data for downstream classification. At the 
same time, the literature continues to emphasize the power of domain-
adapted EO model, like ClimateBERT and FinBERT, for highly special-
ized classification and detection tasks.

In summary, while EO architectures currently underpin most sus-
tainability reporting applications, especially those centered on text 
classification, there is clear evidence of diversification. The adoption 
of generative and hybrid architectures is enabling more sophisticated, 
context-aware, and scalable solutions, both for extracting actionable 
insights and for tackling complex phenomena like greenwashing.

This dual synthesis serves as a springboard for the next two sections: 
we now move from mapping the field to a critical evaluation of the 
most impactful research contributions (Section 4) and, subsequently, 
to an exploration of open challenges and future research priorities 
(Section 5).

4. Findings and thematic synthesis

This section synthesizes the main findings emerging from the re-
viewed literature, building directly on the classification and analy-
sis conducted in the previous steps. Rather than reiterating individ-
ual study outcomes, the goal here is to consolidate broader thematic 
insights and methodological patterns.

The analysis confirms that most contributions concentrate on two 
recurring challenges: the extraction of structured information from 
unstructured sustainability reports, and the identification of misleading 
or overstated claims. Across the reviewed works, a progressive adoption 
of increasingly advanced NLP models is evident, ranging from early 
encoder-based architectures to more recent generative approaches. The 
studies also vary in their alignment with sustainability frameworks such 
as ESG, SDGs, and GRI, reflecting different priorities and use cases.

This synthesis provides a structured foundation for the critical 
reflections and future research directions that follow, where the im-
plications of these findings are further examined in relation to open 
challenges, methodological gaps, and opportunities for advancement in 
the field.

Response to the research Q1. By interpreting the results from the 
Table  1 and Fig.  4, we can find that all 20 related papers, except one 
review paper [2], on sustainability reporting, NLP, and LLMs aimed 
to derive insights from sustainability reports addressing Challenge 1: 
‘‘Extracting information and insights from unstructured data’’. The sus-
tainability frameworks considered in these papers varied: five papers 
focused on SDG, five papers focused on GRI and 11 papers focused on 
ESG.

Among these, some papers also addressed Challenge 2: ‘‘Combating 
greenwashing ’’, and their methodologies for solving the second chal-
lenge can be divided into three main approaches:

1. Adopting suitable strategies by organizations to mitigate the 
risks and negative impacts of greenwashing [47] and promote 
transparency, integrity, and accountability, including:

• Strong Governance: Implementing clear policies and pro-
cedures helps prevent greenwashing by providing a frame-
work for accountability and transparency.
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Fig. 5.  Papers categorized by their alignment with SDG, GRI, and ESG frameworks, and the types of neural models applied: ED, EO, and DO.
• Full and Accurate Disclosure: Disclosing complete and 
truthful information about performance and practices al-
lows consumers and stakeholders to make informed deci-
sions, thus preventing greenwashing.

• Due Diligence: Ensuring that sustainability claims are 
accurate and verifiable reduces the risk of greenwashing.

• Clear Communication: Effectively communicating a com-
pany’s sustainability strategy mitigates the risks associ-
ated with greenwashing by ensuring that all stakeholders 
properly understand the claims.

• Education and Training: Educating and training staff 
about what constitutes greenwashing and how to avoid it 
can prevent these misleading practices within the organi-
zation.

• Collaboration with Third Parties: Working with indepen-
dent third parties to verify sustainability claims enhances 
transparency and helps prevent greenwashing.

• Stakeholder Engagement: Actively listening to and en-
gaging with stakeholders provides valuable feedback and 
helps companies align their sustainability strategies with 
stakeholder expectations.

2. While analyzing sustainability reports; developing and using 
LLMs for green claim detection [12,16,47].

3. Using non or other corporate channels; Since sustainability 
reports are created by companies and are considered company-
controlled sources, some studies utilize non-corporate chan-
nels such as business and financial news [54], media coverage 
data [55], but analyzing media coverage is challenging due 
to the increasing number of daily news articles, the need to 
filter relevant topics from media coverage data carefully, and 
the predominantly unstructured nature of the data [56]. So, 
some papers used other corporate channels [5,45] and integrated 
reports [57].

Regarding the adopted methods and neural architectures, the anal-
ysis also shows the taxonomy of papers in terms of Sustainability 
9 
Reporting-based and LLM structured-based taxonomy, enabling future 
researchers to easily identify which LLM methods and structures are 
used to address specific challenges in sustainability reporting. By in-
terpreting the results from Table  1 and Fig.  5, we can find: Gonzalez 
et al. [39] by using BART (ED), BERT (EO), GPT (DO) considering all 
three LLM structures, Angin et al. [1],Kang and Kim [46], and Li and 
Rockinger [51] by using BERT, SBERT, RoBERTa, MiniLM, DistilBERT 
(EO structure), and finally Jakob et al. [40] by using OpenAI-GPT, 
Transformer-XL, and Longformer (ED and DO structures) tried to solve 
first challenge for sustainability reporting considering SDG. It can be 
interpreted in the same way, for other papers so that for GRI, Hillebrand 
et al. [48] used BERT (EO structure), and Zou et al. [7] used LLMs 
combined RAG (ED and DO structures). For ESG, Zou et al. [7],Bronzini 
et al. [8] used LLMs combined RAG (ED and DO structures). Bingler 
et al. [47], Ghosh and Naskar [5], Gupta et al. [25], Kazakov et al. 
[49], Koloski et al. [45], Moodaley and Telukdarie [16], Schimanski 
et al. [52], and Vinella et al. [12] used ClimateBERT, SBERT-UN, 
RoBERTa, BERT, YAKE, MPNet, LinkBERT, FinBERT, DistilRoBERTa 
(EO structure).

Among these papers, some papers also considered the second chal-
lenge so that Bingler et al. [47], Moodaley and Telukdarie [16], and
Vinella et al. [12] used ClimateBERT and BERT (EO structure) for green 
claim detection. It should be noted some papers such as [4,11,44,50] 
weren’t in this taxonomy because they focused on NLP-based methods.

Overall, it is worth noting the dominant use of EO models like 
BERT and RoBERTa, which have proven highly effective for the clas-
sification tasks central to sustainability reporting. Their fine-tuning 
capabilities allow for extracting relevant insights from unstructured 
data, as demonstrated in studies focused on aligning corporate reports 
with frameworks like the SDGs, GRI, and ESG.

However, there is an increasing shift towards DO models, par-
ticularly in the context of generative tasks. The growing adoption 
of models like GPT-3 highlights the demand for more sophisticated 
tools capable of summarization and generating insights from complex 
reports. These models aid in producing reader-friendly summaries, 
helping to transform how sustainability reports are interpreted and 
consumed by both technical and general audiences. DO models also 
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Table 2
LLMs addressing key challenges in sustainability reporting tasks.
 LLM-based contribution Architecture Frameworks  
 Unstructured Data Extraction: Extracting structured 
information from unstructured reports through automatic 
classification and topic mapping

EO, DO, ED SDG, GRI, ESG 

 Cross-Framework Alignment: Linking concepts across SDG, 
GRI, and ESG standards using semantic similarity

EO, ED SDG, GRI, ESG 

 Data Preprocessing and Filtering: Prompting and generating 
high-quality labeled data to improve classification performance

DO, ED SDG, GRI, ESG 

 Report Summarization: Producing concise and accessible 
summaries of lengthy sustainability disclosures

DO, ED GRI, ESG  

 Greenwashing Detection: Identifying misleading claims using 
fine-tuned domain-specific models

EO ESG  

EO = Encoder-Only, DO = Decoder-Only, ED = Encoder-Decoder. Source: Author’s synthesis.
serve as effective prompting and filtering mechanisms, guiding the 
extraction of relevant information and curating high-quality labeled 
data for downstream classification tasks performed by EO models. This 
pre-processing capability helps improve the performance and reliability 
of EO-based pipelines. This trend suggests that the use of DO models 
may expand, especially for tasks that require more dynamic interaction 
with sustainability data or for improving the quality of inputs used in 
analytical models.

Models of ED, while used less frequently, have shown their value in 
tasks that combine understanding and generation, such as summarizing 
reports. They bridge the gap between comprehension and content cre-
ation, making sustainability disclosures more accessible to both experts 
and lay readers. Future developments may involve hybrid architectures 
that combine EO and DO features, potentially leading to more accurate 
and adaptable solutions for both extracting insights and generating new 
content in sustainability reporting.

Finally, future research may focus on specialized models, like Cli-
mateBERT, or on multi-modal data integration-leveraging not only tex-
tual content but also visuals, structured data, and external media. This 
direction could enhance the holistic assessment of sustainability per-
formance, enabling better detection of greenwashing and aligning with 
the growing demand for corporate transparency and accountability.

To improve readability and provide a concise synthesis of the 
main findings, Table  2 presents a structured summary of how LLMs 
contribute to key tasks in sustainability reporting. Each row captures 
a specific LLM-enabled functionality, ranging from information extrac-
tion to generative tasks, highlighting the types of neural architectures 
employed and the sustainability frameworks addressed. This overview 
emphasizes the breadth of LLM applications across the sustainability 
reporting pipeline. Models of EO, such as BERT and RoBERTa, domi-
nate classification-related tasks, including unstructured data extraction 
and claim verification. Both DO and ED models are more frequently 
applied to tasks requiring generation, such as report summarization and 
data enrichment through prompting. These generative models are also 
used to improve downstream classification performance by supplying 
higher-quality training data.

Importantly, all model types engage with multiple sustainability 
frameworks, including SDGs, GRI, and ESG, underlining the impor-
tance of cross-framework adaptability in real-world applications. The 
observed distribution suggests an emerging trend towards hybrid strate-
gies that integrate classification and generation to address the growing 
complexity and interpretability needs of sustainability reporting.

Taken together, these insights offer a consolidated understanding 
of how LLMs contribute to overcoming key analytical and operational 
challenges in sustainability reporting, setting the stage for identifying 
the emerging research needs and future opportunities in this evolving 
field.
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5. Implications and research directions

Building on the thematic synthesis presented earlier, this section 
explores the broader implications of current research at the intersection 
of sustainability reporting, NLP, and LLMs. We aim to identify key chal-
lenges that remain unresolved and outline future directions to guide 
both scholarly inquiry and practical innovation in the field. To support 
this analysis, we examine the conceptual structure emerging from 
the reviewed literature through a co-occurrence network of keywords. 
This allows us to map the intellectual landscape of the domain and 
highlight clusters of concepts that represent core topics, methodological 
trends, and underexplored areas. Fig.  6 presents this network, con-
structed using VOSviewer.10 In the visualization, each node represents a 
keyword, with its size indicating frequency and the edges denoting co-
occurrence strength within the same publication. Color-coded clusters 
group semantically related terms, offering a data-driven overview of 
the current research agenda and its potential evolution.

The network of co-occurring keywords reveals several distinct clus-
ters that correspond to key themes within the field of sustainability 
reporting and NLP. The most notable clusters are highlighted by differ-
ent colors, and their connections provide insight into the relationships 
between different areas of research. One prominent cluster (colored 
red) revolves around terms such as ‘‘automated methods’’, ‘‘computational 
linguistics’’, ‘‘corporate policies’’, and ‘‘knowledge graphs’’. This suggests a 
strong focus on the development and application of advanced compu-
tational techniques, including NLP and automated systems, to analyze 
corporate sustainability reports and extract relevant information. The 
inclusion of ‘‘knowledge graphs’’ points to efforts in structuring and or-
ganizing corporate data for better interpretability and decision-making, 
which are important in automating sustainability report assessments. In 
the green cluster, terms like ‘‘sustainability ’’, ‘‘sustainability reporting ’’, 
and ‘‘artificial intelligence’’ are closely connected. This reflects the grow-
ing trend of using AI technologies to automate and enhance the analysis 
of sustainability reports and CSR efforts. The proximity of terms such 
as ‘‘artificial neural networks’’ and ‘‘machine learning ’’ in this cluster 
suggests that much of the work in this area focuses on ML models to 
process and classify unstructured data from sustainability reports. The 
blue cluster, which includes terms such as ‘‘general publics’’, ‘‘context-
aware recommender systems’’, and ‘‘stakeholder ’’, indicates a focus on 
understanding public and stakeholder perceptions, potentially through 
recommendation systems designed to align corporate sustainability 
efforts with stakeholder expectations. The connection to ‘‘sustainability 
reports’’ suggests that these systems might be used to better com-
municate or tailor sustainability efforts to meet external demands. A 
distinct orange cluster includes terms such as ‘‘multi-labels’’, ‘‘sentiment 

10 https://www.vosviewer.com/
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Fig. 6. Network visualization of co-occurring keywords generated using VOSviewer. Each node represents a keyword, with edges indicating co-occurrences within 
the same paper. Node size reflects the frequency of keyword occurrences, and edge thickness indicates the strength of co-occurrence. Clusters of closely related 
keywords are distinguished by color.
analysis’’, and ‘‘natural language processing ’’, indicating a technical focus 
on NLP techniques used to classify and analyze sustainability-related 
text. Sentiment analysis, in particular, is likely used to assess the tone 
or intent behind sustainability claims, helping to detect greenwashing 
or misleading statements. Another important connection can be seen 
in the pink cluster, where terms like ‘‘climate-risk disclosure’’ and ‘‘bert 
model’’ co-occur. This points to the use of specific language models, 
such as BERT, to analyze climate-risk disclosures, reflecting efforts to 
apply NLP to highly specialized areas of sustainability reporting where 
precise and reliable information is critical. Finally, the yellow cluster, 
featuring keywords such as ‘‘ESG’’, ‘‘green products’’, and ‘‘sustainable 
development ’’, highlights research that focuses on ESG factors and the 
promotion of green products. This cluster is connected to the broader 
theme of sustainable development, indicating that these studies aim to 
link corporate sustainability disclosure with global sustainability goals. 
Overall, the close proximity of these clusters indicates a high level 
of interdisciplinary research, where advancements in NLP are being 
applied to diverse aspects of sustainability reporting, from stakeholder 
engagement to the detection of greenwashing. The co-occurrence of 
terms suggests that research efforts are converging towards more au-
tomated, scalable, and reliable methods for analyzing and improving 
sustainability practices in line with global goals. The trend analysis 
of the keywords from the final articles reveals several important in-
sights into the evolving research landscape in sustainability reporting 
and the application of language technologies. A key observation is 
the increasing relevance of ‘‘NLP’’ for tasks such as ‘‘text processing ’’ 
and ‘‘text classification’’. NLP techniques, particularly when combined 
with ‘‘LLMs’’, have become critical tools for extracting information 
and insights from unstructured sustainability reports. This reflects the 
growing reliance on automated methods to handle the complex and 
extensive data typically found in sustainability disclosures. At the same 
time, ‘‘ML’’ continues to play a significant role in sustainability analysis, 
where it is used to detect green claims, improve predictive modeling, 
and categorize sustainability efforts according to global frameworks 
such as the ‘‘SDG’’, the ‘‘GRI ’’, and ‘‘ESG’’ criteria. The prevalence 
of terms like ‘‘BERT ’’ and ‘‘LLMs’’ suggests that state-of-the-art mod-
els are increasingly being deployed to automate the classification of 
sustainability reports, aligning corporate claims with these established 
frameworks. The keyword ‘‘greenwashing ’’ also appears with notable 
frequency, underscoring the importance of identifying and mitigating 
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misleading or exaggerated sustainability claims. This suggests that de-
tecting greenwashing has become a key research challenge in the field, 
where LLMs are applied to assess the validity of corporate sustainability 
disclosures. The presence of terms like ‘‘sustainability disclosure’’ and 
‘‘SDG’’ in the trend analysis highlights that aligning corporate actions 
with globally recognized standards remains a fundamental focus of 
AI applications in this area. Furthermore, as ‘‘AI ’’ and ‘‘ML’’ models 
become more sophisticated, their role in interpreting, categorizing, and 
validating these disclosures is expected to expand further. In summary, 
the trend analysis reflects a shift towards more advanced AI techniques 
for automating and scaling sustainability reporting, particularly in tasks 
related to ‘‘greenwashing detection’’ and alignment with frameworks like 
SDGs and GRI. The rising prominence of these topics suggests a growing 
need for automated solutions that can handle the vast amounts of 
unstructured data found in sustainability reports while ensuring the 
accuracy and transparency of corporate sustainability disclosures.

Response to the research Q2. Some of the major challenges and 
future directions identified in the field, supported by the scientometric 
analysis (Fig.  6) and the keyword trend analysis, are:

• Text Extraction and Preprocessing Issues: One of the signifi-
cant challenges in sustainability reporting is the text extraction 
and preprocessing stages. Extracting meaningful text from sus-
tainability reports is often complicated by poor syntactic struc-
tures, particularly when dealing with infographics and tables. 
These reports frequently contain data presented in formats that 
are not easily readable by standard NLP methods, such as im-
ages or graphs, which exacerbates the difficulty of extraction. 
Preprocessing tasks like stop-word removal and the application 
of Optical Character Recognition (OCR) are applied but these 
often fall short in extracting all the relevant information with 
suitable accuracy. To address these limitations, there is growing 
interest in multimodal models, such as in [58], to allow direct 
text extraction from source documents, eliminating the need for 
OCR. Multimodal approaches enable models to simultaneously 
process text, images, and other visual data, thereby improving the 
extraction and understanding of complex formats present in sus-
tainability reports. This leads to more comprehensive and reliable 
text processing without the traditional reliance on text-based OCR 
techniques.
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• Data Quantity and Quality Concerns: A key challenge in train-
ing LLMs for sustainability reporting lies in the limited availabil-
ity of labeled data, which is often expensive and time-consuming 
to produce. Semi-supervised learning (SSL) offers an effective 
solution by leveraging large amounts of unlabeled data to reduce 
the dependency on labeled datasets, thus minimizing costs. The 
idea behind SSL is to use unlabeled documents – such as sustain-
ability reports that have not been annotated with specific labels 
– and employ methods as proposed in [59] and [60].

• Annotation and Domain-Specific Challenges: Annotating sus-
tainability reports in alignment with established frameworks like 
GRI, SDG, and ESG presents a major challenge due to the com-
plexity of these frameworks, as well as the contextual and
domain-specific knowledge required for accurate annotation. This 
process is not only time-consuming and costly but also prone to 
inconsistencies if done manually, as it requires deep expertise to 
correctly interpret and map text segments to the appropriate cate-
gories within each framework. To address this challenge, there is 
significant potential in creating shared, cross-domain annotated 
datasets that integrate aspects of all three frameworks (GRI, SDG, 
ESG). By combining these annotations, researchers and practition-
ers can exploit the natural overlaps and interconnections between 
the frameworks. For example, a company’s ESG performance 
can often be linked to specific SDG targets or GRI reporting 
standards, creating opportunities for cross-referencing and har-
monizing different sustainability dimensions. Such an approach 
would improve the consistency of annotations, making them more 
reusable across tasks, models, and studies. Furthermore, devel-
oping a unified annotation schema across the three frameworks 
would allow for more efficient cross-domain training of models, 
leveraging relationships between economic, environmental, and 
social dimensions.

• Model and Methodological Limitations for Greenwashing De-
tection: Current LLMs face limitations in detecting nuanced lan-
guage used in greenwashing, as the training data may not be 
diverse or extensive enough to cover the full range of deceptive 
strategies. For example, models may struggle with context loss 
when analyzing sustainability reports paragraph-by-paragraph, 
missing the broader patterns of misleading claims. To overcome 
this challenge, models need more sophisticated contextual aware-
ness, as well as datasets that encompass diverse examples of 
greenwashing across various industries and regions. Fine-tuning 
pre-trained models on domain-specific corpora, or integrating 
external data sources such as news articles and social media, 
could enhance the detection of greenwashing claims. Addition-
ally, more work is needed in multi-modal learning where textual 
and non-textual information (e.g., images and graphs) are an-
alyzed together, which would help capture misleading claims 
presented in different forms.

• Scalability, Generalization, and Benchmarking of Models: 
Current LLMs applied to sustainability reporting and greenwash-
ing detection often lack the ability to generalize across diverse 
industries, regions, and languages, limiting their broader applica-
bility. A major issue is the absence of standardized benchmarks 
and shared datasets that could allow for a meaningful comparison 
between models. Most studies focus on specific sectors or geo-
graphic contexts, making it difficult to assess how these models 
perform in varying conditions. To address this, future research 
should prioritize the development of open, shared datasets that 
encompass multiple industries and regulatory frameworks. These 
datasets would enable consistent benchmarking of different mod-
els, such as BERT, RoBERTa, GPT, and others, across tasks like 
greenwashing detection and sustainability report classification.

• Regulatory and Ethical Concerns: As language technologies be-
come more central to sustainability reporting and greenwashing 
12 
detection, ethical considerations around transparency, account-
ability, and fairness are increasingly important. Models must 
ensure fairness in decision-making processes, avoid biases related 
to specific regions or industries, and adhere to global sustain-
ability standards. In addition, regulators and policymakers need 
to establish frameworks for how these LLMs-driven approaches 
can be integrated into formal sustainability auditing processes, 
ensuring their outputs are both reliable and aligned with interna-
tional standards like the GRI, SDG, and ESG. Collaborative efforts 
between AI developers, regulators, and industry stakeholders will 
be essential to address these challenges.

• Integration of External Data Sources: Many sustainability re-
ports are self-published by companies, making them prone to 
biases or incomplete data that can obscure true sustainability 
performance. Integrating external data sources such as media 
reports, regulatory filings, and third-party audits can provide a 
more balanced and accurate analysis. NLP and LLM models can 
be enhanced by incorporating external sources to cross-reference 
corporate claims, thereby improving the reliability of greenwash-
ing detection and sustainability assessments. For example, exter-
nal data can offer valuable context for validating or questioning 
the claims made in sustainability reports, creating a more robust 
evaluation framework.

Future directions. Future research directions after reviewing the 
articles are:

• Improved Annotation and Parsing: Enhancing the annotation 
process is crucial to better align text from sustainability reports 
with the relevant frameworks (e.g., GRI, SDG, ESG). This can be 
achieved by advancing parsing techniques that can handle not 
just simple text but also information embedded in infographics, 
tables, and charts. A promising direction involves integrating a 
core Semantic Role Labeling (SRL) stage [61], which produces 
more detailed information about the roles played by the differ-
ent entities in a sentence. By assigning semantic roles, such as 
‘‘agent’’, ‘‘action’’, and ‘‘object’’, to various parts of the text, the 
extracted structured information becomes richer and more action-
able. Future work could also explore extending this annotation 
to include multi-modal data from documents that contain both 
text and visual elements, improving the overall extraction and 
understanding process.

• User Feedback and Data Augmentation: One important fu-
ture direction is the integration of user feedback into model 
improvement cycles. By continuously gathering feedback from 
users (e.g., sustainability analysts or auditors) who interact with 
AI systems, the performance of LLMs can be incrementally im-
proved. Furthermore, this feedback can be used to augment ex-
isting datasets with additional annotated data. Techniques like 
crowdsourcing could be used to annotate documents in a scal-
able way, or active learning methods could be applied, where 
the model itself helps identify the most informative data points 
to annotate next. This user-centric, iterative approach ensures 
that models evolve in response to real-world demands and be-
come more accurate over time. Additionally, future studies should 
collect data regarding the real-world impact of language technolo-
gies on sustainability assessments to inform model development 
and evaluation.

• Time-Series Studies: While current research often focuses on 
static analyses, there is a growing need for time-series stud-
ies to understand the longitudinal behavior of organizations. By 
tracking the sustainability performance of companies over time, 
researchers can identify trends, shifts in corporate behavior, and 
the long-term impacts of sustainability strategies. Such studies 
would also enable the detection of changes in greenwashing prac-
tices or improvements in compliance with sustainability goals. 
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Fig. 7. Overview of current challenges and future research directions in sustainability reporting with LLMs.
Advanced techniques, such as dynamic LLMs that evolve with 
time-series data, could be developed to analyze historical reports 
and predict future sustainability actions or risks.

• LLMs Robustness and Efficiency Enhancement: As LLMs be-
come more integrated into sustainability reporting analysis, it is 
essential to continuously improve their robustness and efficiency. 
Research should focus on developing models that are more re-
silient to noisy, incomplete, or inconsistent data, such as poorly 
formatted reports or documents with missing sections. Addition-
ally, enhancing the efficiency of LLMs is critical for scaling these 
models to analyze vast amounts of data in real time, especially as 
more organizations are required to publish sustainability reports. 
Techniques like model pruning, quantization, and knowledge dis-
tillation can be explored to reduce the computational footprint 
of LLMs without sacrificing performance. Comparative studies 
between different LLM architectures (e.g., GPT-4, BERT variants) 
should also be conducted to identify the best models for specific 
sustainability tasks, such as greenwashing detection or sentiment 
analysis.

• Framework Extension and Regional Variation Exploration: As 
sustainability reporting becomes more globalized, it is important 
to extend current frameworks (GRI, SDG, ESG) to accommodate 
regional variations and multi-language capabilities. Many existing 
models are limited by geographic biases, often being trained on 
datasets from specific countries or industries. Future research 
should focus on broadening the scope of these models to handle 
regional differences in ESG sentiment and regulatory require-
ments. This will involve extending sustainability frameworks to 
include reports in multiple languages and from diverse regions. 
Developing models that can automatically detect and adjust for 
regional variations in sustainability reporting, such as differing 
environmental regulations or cultural perspectives on social re-
sponsibility, will be a key step towards making these systems 
more globally applicable.

Fig.  7 provides a side-by-side overview of the current challenges 
and future research directions in applying LLMs to sustainability report-
ing, highlighting the shift from foundational technical and data issues 
towards enhancing model robustness, user interaction, and contextual 
adaptability.

6. Conclusions

Sustainability reporting is central to promoting transparency, ac-
countability, and alignment with global frameworks such as the SDGs, 
GRI, and ESG. Yet, persistent challenges, ranging from the complexity 
of unstructured data to the risks of greenwashing, continue to hinder 
the reliability and comparability of disclosures. This study presented 
a systematic literature review of 21 relevant articles, analyzing how 
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language technologies, particularly LLMs, are being used to address two 
primary challenges: extracting structured insights from sustainability 
reports and detecting misleading claims. The review highlights the 
increasing adoption of LLMs for tasks such as classification, information 
extraction, and claim verification. However, several critical limitations 
remain, including difficulties in preprocessing complex report formats, 
the scarcity of high-quality annotated data, and the limited ability 
of existing models to detect nuanced forms of greenwashing. These 
findings point to the need for more sophisticated multimodal mod-
els, improved annotation workflows, and the development of shared, 
cross-framework datasets. Future research should prioritize enhancing 
the robustness and adaptability of LLMs, integrating semantic role 
labeling, incorporating user feedback, and addressing regional and 
linguistic diversity in reporting practices. By advancing these method-
ological fronts, language technologies can play a transformative role 
in making sustainability reporting more scalable, interpretable, and 
trustworthy, ultimately supporting more informed, accountable, and 
globally aligned business decision-making.

This review identifies priority avenues for strengthening the evi-
dence base. First, the limited material for Challenge 2 indicates the 
need for more systematic, model-agnostic studies on greenwashing de-
tection. Second, while findings tied to specific LLM families or versions 
are time-bound, this reflects a broader pattern of rapid, cumulative 
progress that is expanding methodological options. Third, constraints 
on reproducibility, stemming from proprietary systems and scarce open 
ESG corpora, underscore the value of open datasets, shared protocols, 
and collaborative infrastructures. Progress on these priorities can en-
hance robustness, comparability, and practical utility in sustainability 
reporting. 
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Appendix A. Overview of reporting frameworks: GRI, SDGs, and 
ESG

This appendix provides an extended overview of the key sustainabil-
ity frameworks referenced in the main text, namely, GRI, SDG, and ESG. 
The focus is on their structure, use in reporting practices, and relevance 
to the literature analyzed in this review.

The GRI is recognized for creating and promoting universally ap-
plicable standard for sustainability reporting. It comprises Universal 
Standards (Codes 101–103) and three sets of topic-specific standards:
Economic (Codes 201–207), Environment (Codes 301–308), and Social
(Codes 401–418). Universal Standards lay the foundation for creating 
sustainability reports by offering essential standards. They encompass 
information on an organization’s operational context, strategy, gover-
nance, and stakeholder engagement. For instance, GRI 102 provides
General Disclosures, detailing aspects such as ‘‘Organization’s profile, 
Strategic analysis, and Governance structure’’. Topic-specific standards, 
on the other hand, delve into particular areas of sustainability, offering 
comprehensive guidance on reporting these aspects. For example in 
Environment, GRI 303 pertains to Water and Effluents, advising or-
ganizations on reporting their water usage and effluent management 
practices.

These standards often contain detailed sub-codes to facilitate more 
accurate and specific disclosures. As an example, the Social code 401-
Employment includes three sub-codes: 401-1 for ‘‘New employee hires and 
employee turnover ’’, 401-2 for ‘‘Benefits provided to full-time employees 
that are not offered to temporary or part-time employees’’, and 401-3 for 
‘‘Parental leave’’. Each code outlines specific reporting requirements, 
recommendations, and guidance [4].

The UN SDGs encompass 17 Global Goals (detailed in Table  A.3) 
and 169 specific targets designed to tackle major development chal-
lenges and advance global sustainability [13]. These targets provide 
a detailed description of what is intended to be achieved with each 
goal. Each of them is accompanied by indicators that serve to measure 
and monitor progress towards the achievement of each target. This 
structure allows for a clear and measurable picture of the actions to 
be taken and the progress made [3]. For instance, the first goal (SDG 
1, also reported in Table  A.3) pertains to ‘‘Ending poverty in all its forms 
everywhere’’, encouraging companies to report on their initiatives aimed 
at alleviating poverty and improving the living conditions of the most 
vulnerable communities. The SDGs, though individually distinct, are 
closely interconnected and often influence each other. This interdepen-
dence emphasizes the need for an integrated approach to sustainable 
development. Progress in one goal can have either positive or negative 
impacts on others, highlighting the importance of considering the 2030 
Agenda in its entirety, rather than viewing the goals as separate and 
independent entities.

For instance, the interconnection between 1-Poverty, 3-Health, and 
4-Education demonstrates the intertwined nature of the SDGs. The 
fight against 1-Poverty is closely related to 3-Health and 4-Education. 
People living in poverty often face restricted access to healthcare and 
education, which can perpetuate a cycle of disadvantage. Conversely, 
education equips individuals with the skills and knowledge necessary 
to enhance their health and economic conditions, thereby breaking the 
cycle of poverty [62].

The performance of firms aligned with ESG factors provides in-
vestors with greater confidence in the authenticity of their sustain-
ability efforts. Various ESG standards, such as SASB, TCFD, and GRI, 
guide corporate decision-making, each focusing on different aspects of 
sustainability [7].

The SASB, for instance, is a non-profit organization that develops 
and disseminates sustainability standards specifically for companies 
to disclose information to investors. The SASB’s standard predomi-
nantly addresses the U.S. context and prioritizes data that is most 
relevant to investors. On the other hand, the TCFD, established by the
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Financial Stability Board, provides voluntary recommendations focused 
exclusively on climate-related financial disclosures. Unlike the TCFD’s 
narrow focus on climate issues, the GRI offers comprehensive coverage 
of a broader range of sustainability topics.

Appendix B. Typologies and examples of Greenwashing

This appendix expands on the concept of greenwashing as discussed 
in the main text, focusing on its categorization across ESG factors, as 
well as its manifestations at both the firm and product levels. It also 
presents a classification of green claims based on their type and degree 
of deceptiveness. Environmental greenwashing is the most common 
form and occurs when a company provides false or misleading informa-
tion about its environmental performance or practices, such as energy 
efficiency, resource use, or waste management. Social greenwashing 
can occur when a company exaggerates or falsifies its social credentials, 
such as working conditions, fair hiring practices, or community initia-
tives. Governance greenwashing can occur when a company provides 
false or misleading information about its governance practices, such as 
transparency, business ethics, or risk management [47].

de Freitas Netto et al. [10] classify greenwashing into two primary 
forms: Claim greenwashing and Executional greenwashing. Both of which 
pertain to firm-level and product/service-level activities. Their findings 
indicate that most research has focused on product/service-level claim 
greenwashing, where textual assertions explicitly or implicitly suggest 
ecological benefits to create misleading environmental claims. These 
‘‘green claims’’ are divided into two types: (i) Claim type and (ii) Claim 
deceptiveness [63]. Each of these types is further categorized into five 
categories, as explained in Table  B.4.

The Volkswagen scandal is a key example of greenwashing, specif-
ically illustrating Process Orientation and False/Outright Lie in the 
context of deceptive green claims. Volkswagen installed deception devices 
in 590,000 diesel cars to manipulate Environmental Protection Agency 
(EPA) emissions tests, falsely representing the environmental performance 
of its vehicles. This fraudulent action led Volkswagen to plead guilty, pay a 
2.8 billion dollar fine, and suffer 7 billion Euro in profit losses, a 25% drop 
in share value, and reduced investments in 2015 [28].

Appendix C. Literature search process and query table

Table  C.5 reports the exact logical queries used to search the WoS 
and Scopus databases. These queries were designed to retrieve studies 
that explore the application of NLP and LLMs in the context of sustain-
ability reporting, including frameworks such as ESG, GRI, and SDG. The 
Table provides the detailed logic applied in each database, along with 
the number of records retrieved. The queries combine terms related 
to various types of sustainability reports (e.g., ‘‘sustainability report’’, 
‘‘ESG disclosure’’, ‘‘CSR report’’) with NLP/LLM-related keywords.

Appendix D. Overview of excluded papers and rationale

This appendix provides an overview of the main topical themes 
among the excluded papers, along with representative examples. These 
cases help clarify the scope of the review and illustrate why certain 
studies were excluded.

In the first phase of the filtering process, papers were excluded 
based on title relevance, as many focused on broad applications of AI 
techniques to enhance sustainability in various specialized domains. 
It’s noteworthy that several of these works, while employing models 
like BERT and other advanced NLP techniques, did not center on 
the analysis of sustainability reports. They focused, instead, on the 
development of sustainable practices within their respective fields.

Here are some of the main topics of such excluded papers, along 
with examples of the most relevant works:
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Table A.3
Abbreviation and descriptions of SDGs.
Source: [3].
 No. Abbreviation Description  
 1 Poverty End poverty in all its forms everywhere  
 2 Hunger End hunger, achieve food security and improved nutrition, and promote 

sustainable agriculture
 

 3 Health Ensure healthy lives and promote well-being for all at all ages  
 4 Education Ensure inclusive and equitable quality education and promote lifelong 

learning opportunities for all
 

 5 Gender Achieve gender equality and empower all women and girls  
 6 Sanitation Ensure availability and sustainable management of water and sanitation 

for all
 

 7 Energy Ensure access to affordable, reliable, sustainable, and modern energy for 
all

 

 8 Economy Promote sustained, inclusive, and sustainable economic growth, full and 
productive employment, and decent work for all

 

 9 Industry Build resilient infrastructure, promote inclusive and sustainable 
industrialization, and foster innovation

 

 10 Inequality Reduce inequality within and among countries  
 11 Settlements Make cities and human settlements inclusive, safe, resilient, and 

sustainable
 

 12 Consumption Ensure sustainable consumption and production patterns  
 13 Climate Take urgent action to combat climate change and its impacts  
 14 Aquatic Conserve and sustainably use the oceans, seas, and marine resources for 

sustainable development
 

 15 Terrestrial Protect, restore, and promote sustainable use of terrestrial ecosystems, 
sustainably manage forests, combat desertification, halt and reverse land 
degradation, and halt biodiversity loss

 

 16 Peace Promote peaceful and inclusive societies for sustainable development, 
provide access to justice for all, and build effective, accountable, and 
inclusive institutions at all levels

 

 17 Partnerships Strengthen the means of implementation and revitalize the global 
partnership for sustainable development

 

Table B.4
Green claims types.
Source: [10].
 Green claims types Categories Explanation  
 

Claim Type

Product Orientation Concentrating on the ecological characteristics of a 
product.

 

 Process Orientation Highlighting the environmental performance of a 
manufacturing process, technique, or disposal method.

 

 Image Orientation Aiming to enhance the environmentally-friendly 
reputation of a company by associating it with 
environmental causes or activities with high public 
support.

 

 Environmental Fact Presenting an ostensibly factual statement from a 
company regarding the environment or its status.

 

 Combination Incorporating two or more of the aforementioned 
categories.

 

 
Claim Deceptiveness

Vague/Ambiguous Claims that are overly vague, ambiguous, broad, or 
lacking a clear definition.

 

 Omission Claims that omit essential information to assess their 
validity.

 

 False/Outright Lie Claims that are inaccurate or fabricated.  
 Combination Claims that fall into two or more of the 

aforementioned deceptive categories.
 

 Acceptable Claims that do not contain deceptive features.  
• High-Level Introduction to AI in Sustainability. Chen et al. [64] 
reviewed significant trends in ML aimed at addressing sustainabil-
ity challenges in AI, particularly focusing on environmental and 
social aspects. Vaiyapuri et al. [65] conducted an AI-based senti-
ment analysis on Twitter data related to the COVID-19 pandemic, 
demonstrating the use of sustainable AI methods (such as BERT) 
but not over Sustainability Reports.

• AI in Healthcare and Sustainable Practices. Similarly, AI has been 
applied in various studies within the healthcare domain to de-
velop sustainable practices. For instance, Gaudet-Blavignac et al. 
[66] focused on optimizing health data usage through semantic 
AI, aiming to enhance sustainable health practices. Fukuoka et al. 
[67] employed NLP to analyze motivational profiles, contributing 
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to the maintenance of physical activity and the development of 
sustainable healthcare interventions.

• AI for Enhancing Sustainability in Specialized Domains. While the 
previous group of studies focuses on applications within the 
healthcare sector, there are also works dedicated to enhancing 
sustainability in other specific domains. For example, Khairuddin 
et al. [68] utilized AI to assess sustainability and safety in oc-
cupational health. Similarly, Usigbe et al. [69] applied AI-based 
technologies to improve resilience and sustainability in agricul-
tural production systems, aiming to optimize processes, enhance 
food security, and reduce environmental emissions. These studies, 
however, do not directly relate to sustainability reporting but 
instead focus on applying AI to address sustainability challenges 
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Table C.5
Search queries and number of documents retrieved from WoS and Scopus.
 Search Logical No. of 
 domain query docs  
 WoS ((TS = (sustainability report) AND TS = (Natural language processing)) OR (TS = (sustainability 

report) AND TS = (large language model)) OR (TS = (ESG report) AND TS = (Natural language 
processing)) OR (TS = (ESG report) AND TS = (large language model)) OR (TS = (CSR report) AND 
TS = (Natural language processing)) OR (TS = (CSR report) AND TS = (large language model)) OR 
(TS = (GRI report) AND TS = (Natural language processing)) OR (TS = (GRI report) AND TS = 
(large language model)) OR (TS = (SDG report) AND TS = (Natural language processing)) OR (TS = 
(SDG report) AND TS = (large language model)) OR (TS = (ESG disclosure) AND TS = (Natural 
language processing)) OR (TS = (ESG disclosure) AND TS = (large language model)) OR (TS = 
(sustainability disclosure) AND TS = (Natural language processing)) OR (TS = (sustainability disclosure) 
AND TS = (large language model)) OR (TS = (Greenwashing) AND TS = (Natural language processing)) 
OR (TS = (Greenwashing) AND TS = (large language model)))

68  

 Scopus ( ( TITLE-ABS-KEY ( sustainability AND report ) AND TITLE-ABS-KEY ( natural AND language 
AND processing ) ) OR ( TITLE-ABS-KEY ( sustainability AND report ) AND TITLE-ABS-KEY (
large AND language AND model ) ) OR ( TITLE-ABS-KEY ( esg AND report ) AND TITLE-ABS-KEY 
( natural AND language AND processing ) ) OR ( TITLE-ABS-KEY ( esg AND report ) AND 
TITLE-ABS-KEY ( large AND language AND model ) ) OR ( TITLE-ABS-KEY ( csr AND report ) 
AND TITLE-ABS-KEY ( natural AND language AND processing ) ) OR ( TITLE-ABS-KEY ( csr AND 
report ) AND TITLE-ABS-KEY ( large AND language AND model ) ) OR ( TITLE-ABS-KEY ( gri 
AND report ) AND TITLE-ABS-KEY ( natural AND language AND processing ) ) OR ( 
TITLE-ABS-KEY ( gri AND report ) AND TITLE-ABS-KEY ( large AND language AND model ) ) OR 
( TITLE-ABS-KEY ( sdg AND report ) AND TITLE-ABS-KEY ( natural AND language AND processing
) ) OR ( TITLE-ABS-KEY ( sdg AND report ) AND TITLE-ABS-KEY ( large AND language AND 
model ) ) OR ( TITLE-ABS-KEY ( esg AND disclosure ) AND TITLE-ABS-KEY ( natural AND 
language AND processing ) ) OR ( TITLE-ABS-KEY ( esg AND disclosure ) AND TITLE-ABS-KEY (
large AND language AND model ) ) OR ( TITLE-ABS-KEY ( sustainability AND disclosure ) AND 
TITLE-ABS-KEY ( natural AND language AND processing ) ) OR ( TITLE-ABS-KEY ( sustainability 
AND disclosure ) AND TITLE-ABS-KEY ( large AND language AND model ) ) OR ( TITLE-ABS-KEY 
( greenwashing ) AND TITLE-ABS-KEY ( natural AND language AND processing ) ) OR ( 
TITLE-ABS-KEY ( greenwashing ) AND TITLE-ABS-KEY ( large AND language AND model ) ) )

89  

 Unique Papers 136  
 Other sources 4  
 Total 140  
within specific fields. For similar reasons, the conceptual works 
by [20,21] were not included in the final selection. Boedijanto 
and Delina [21] concentrates specifically on greenwashing detec-
tion within the energy sector, limiting its applicability to broader 
sustainability reporting practices. De Villiers et al. [20] focuses 
on conceptual implications of generative AI in areas like sus-
tainability accounting and assurance, without offering empirical 
analysis.

In the second phase of the filtering process, the abstracts of the papers 
were examined more closely. Unlike the first group, which focused 
on applying AI to develop sustainable practices across various do-
mains, this second group includes works that specifically engage with 
sustainability documents. These studies explore the limitations and 
opportunities inherent in these reports but do not apply advanced NLP 
or LLM techniques as examined in this review. Instead, they focus 
on assessing and analyzing aspects such as readability, complexity, 
and integration into management practices, using more traditional 
analytical methods. Examples include:

• Measuring CSR Readability by AI. Smeuninx et al. [70] investigated 
the readability of sustainability reports, finding them more chal-
lenging to read than financial reports, despite being targeted at 
a broader audience. This work did not utilize NLP methods for 
extracting or analyzing data but rather focused on readability 
metrics.

• Measuring Textual Complexity of CSR by AI. Almendros et al. [71] 
analyzed the simplicity and redundancy of CSR reports compared 
to standard language, highlighting that these reports are often 
designed more for shareholders than the general public. Their ap-
proach was centered around assessing textual complexity without 
using advanced NLP techniques.

• Integration of Sustainability Reporting into Management Practices.
Adams and Frost [72] explored the development and application 
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of KPI for sustainability, emphasizing their role in decision-
making, planning, and performance management. Similarly
Hamza and Jarboui [73] investigated the impact of board com-
position on ESG performance and disclosure quality, particu-
larly focusing on impression management. These studies pri-
marily addressed the integration of sustainability into corporate 
governance rather than employing NLP methods.

In the final phase of the filtering process, we conducted an in-depth 
review of the full content of each paper. This was necessary because the 
abstracts did not always provide enough detail to fully understand the 
methodologies used. Through this comprehensive analysis, it became 
clear that some papers, while initially appearing relevant, employed 
techniques such as topic modeling, visual content analysis, or basic text 
mining. However, they did not utilize advanced NLP methods, which 
are the central focus of this review. As a result, we excluded papers that 
were oriented around:

• Topic Modeling and CSR Theme Development in Sustainability. While 
papers like [74] explored topics related to sustainability, dis-
tributing them across environmental, social, economic, and gen-
eral factors, and [75] focused on developing CSR themes using 
text mining and topic modeling [76], they did not employ the 
advanced NLP or LLM techniques pertinent to this review. Their 
methods were primarily oriented around thematic development 
rather than extracting or analyzing complex textual data using 
modern AI techniques.

• Investigating the Impact of Visual Content on CSR using AI. Nakao 
et al. [77] examined corporate reporting strategies through the 
lens of visual content analysis. Although this paper utilized AI, 
it was more aligned with visual data analysis rather than the 
techniques central to our research.

• AI-Enhanced Sustainability Indicators. Papers such as [78,79] uti-
lized text mining to derive sustainability indicators, analyzing 
environmental complaints and unstructured digital news articles, 
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respectively. However, their focus was on using AI to track spe-
cific metrics and indicators rather than leveraging NLP and LLMs 
to provide a comprehensive analysis of sustainability reporting 
practices.

Excluded Review Articles. During the screening phase, several 
review papers were excluded from the final analysis as they did not 
meet the inclusion criteria, particularly the explicit focus on the appli-
cation of NLP or LLM techniques to sustainability reporting. While these 
papers addressed important sustainability-related topics, they were not 
sufficiently aligned with the technological scope of this review. Below 
are examples of excluded review papers and their thematic focus:

• Geissdoerfer et al. [80] examined the conceptual overlap be-
tween Circular Economy and sustainability using bibliometric and 
snowballing techniques.

• Székely and Vom Brocke [74] explored the role of NLP as an 
investigative tool in sustainability studies but lacked direct ap-
plication to sustainability reporting.

• Velte [81] focused on Automated Text Analyses (ATAs) for inte-
grated reporting but without employing LLM-based techniques.

• Lim [19] reviewed the link between ESG, AI, and finance, identi-
fying key applications of AI in ESG disclosure but not emphasizing 
NLP or sustainability report analysis.

• Castelo Branco [82] offered a meta-review of CSR-related ac-
counting research and emphasized the need for critical engage-
ment with the literature.

• Cunha and Duncan [83] conducted a bibliometric analysis on 
integrated reporting and decision-making but did not discuss NLP 
methods or textual processing techniques.

These papers, while informative, were excluded as they did not directly 
analyze sustainability reports using advanced NLP or LLM approaches. 
They remain valuable references for broader sustainability and AI 
research.

Appendix E. Critical appraisal checklists used for quality assess-
ment

To ensure methodological rigor and transparency, all articles in-
cluded in this review were systematically evaluated using established 
critical appraisal checklists, adapted from the CASP. The checklists 
were tailored to the specific type of publication (research article or 
review article) and guided the assessment of study design, data quality, 
and reporting standards. For the 20 considered Research papers, the 
following checklist was used to evaluate their quality:

1. Research Objectives: Are the goals of the research explicitly 
stated?

2. Research Methodology: Is research methodology appropriate?
3. Research Design: Is the research design appropriate to address the 
research aims?

4. Sampling Strategy: Is the sampling strategy appropriate to address 
the research aims?

5. Data Collection: Is the data collected in a manner that addresses 
the research issue?

6. Researcher–Participant Relationship: Has the researcher-
participant relationship and potential biases been identified?

7. Ethical Considerations: Are ethical considerations taken into ac-
count during the research?

8. Accuracy of Data Analysis: Is the data analysis sufficiently metic-
ulous?

9. Clarity of findings: Are the findings of the research clearly stated?
10. Overall Research Value: Is the research valuable?
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For the Review paper, the following checklist was used to evaluate its 
quality

1. Research Question: Did the review tackle a specific, well-defined 
question?

2. Paper Selection: Did the authors target the correct types of studies 
for inclusion?

3. Relevant Studies: Were all significant and relevant studies in-
cluded in the review?

4. Study Quality: Did the authors adequately evaluate the quality of 
the studies included?

5. Combining Results: If the results of the review have been com-
bined, was this approach justified?

6. Clarity of Results: Are the results of the review clear?
7. Precision of Results: Are the results accurate?
8. Applicability: Are the findings applicable to the local population?
9. Important Outcomes: Were all crucial outcomes considered?
10. Benefits and Costs: Are the benefits worth the harms and costs?

For each criterion, responses were recorded as ‘‘Yes’’, ‘‘No’’, or ‘‘Can’t 
tell’’. Answering ‘‘Yes’’ indicates that the article fully meets the criterion; 
‘‘No’’ highlights a clear limitation or omission; while ‘‘Can’t tell’’ is 
used when the information provided is insufficient or unclear to make 
a judgment. This structured appraisal not only ensures consistency 
and transparency in the evaluation process, but also strengthens the 
reliability and comparability of the review’s findings.

Data availability

No data was used for the research described in the article.
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