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Abstract

Company transition plans toward a low-carbon economy are key for effective capital allocation and
risk management. This paper proposes a set of 64 indicators to comprehensively assess transition plans
and develops a Large Language Model-based tool to automate the assessment of company disclosures.
We evaluate our tool with experts from 26 institutions, including financial regulators, investors, and
non-governmental organizations. We apply the tool to the sustainability reports from carbon-
intensive Climate Action 100+ companies. Our results show that companies tend to disclose more
information related to target setting (talk), but less information related to the concrete implementa-
tion of strategies (walk). In addition, companies that disclose more information tend to have lower
emissions. Our results highlight the need for increased scrutiny of companies’ efforts and potential
greenwashing risks. The complexity of transition activities presents a major challenge for
comprehensive large-scale assessments. As shown in this paper, novel and flexible approaches using
Large Language Models can serve as a remedy.

1. Introduction

As the impacts of climate change become increasingly severe, the urgency for the global community to transition
to anet-zero economy has never been more critical. This transition is essential to mitigate the negative effects of
climate change and to ensure long-term economic stability and sustainability. Corporations are central to this
transformation as significant contributors to greenhouse gas emissions. They are tasked with adjusting their
operations and strategies to align with climate goals. This requires comprehensive planning, implementation,
and transparency. Furthermore, this transformation requires a large amount of financial resources. Financial
institutions are pivotal in directing capital towards sustainable activities and enabling the transition of corporate
business models and technologies. However, they need information on comprehensive corporate transition
strategies to assess the future risks and opportunities associated with their investments. Similarly, regulators rely
on these plans to ensure that companies make genuine efforts to reduce their carbon footprints, which is critical
to meeting national and international climate targets. Hence, the evaluation of transition strategies is key, as
shown by recent contributions in this direction [1-5].

Despite the critical importance of corporate transition strategies, several challenges can undermine their
effectiveness in supporting the achievement of the net-zero target. Reporting and credibility issues whereby
companies misleadingly portray their climate and environmental efforts (greenwashing) are at the forefront.
This can undermine trust and lead to a misallocation of resources in the economy, putting climate and
environmental targets at risk and coming with negative implications for micro- and macro-financial stability
[6-11].
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The lack of standardization in company disclosures reduces the ability of stakeholders to compare and assess
the ambition, credibility, and feasibility of the transition strategies of different companies. This poses a
substantial barrier to effectively evaluating corporate contributions to climate goals and strategies to steer their
business to the future. At the same time, the ongoing pressure to show progress in reducing climate impact leads
companies and public institutions to release information that often results in vast amounts of unstructured data
about transitioning toward net zero [12].

This paper addresses these challenges by providing a practical framework that assesses corporate climate
transition disclosures. Our approach uses a Large Language Model (LLM)-based tool to automate and enhance
the analysis of sustainability disclosures and identify potential risks of greenwashing. We build on previous work
that uses language models in the field of sustainable finance and corporate climate risk analysis [9, 13—16, 28] and
extend the literature by providing a detailed, expert-driven and scalable assessment process. Thus, we respond to
the call for more fine-granular Al assessments in sustainability [17].

Our contribution is threefold. First, we define meaningful indicators to assess transition strategies. To this
end, we review 28 transition strategy disclosure frameworks to identify common criteria for assessing corporate
transition strategies and elicit experts’ opinions to develop a unified framework encompassing 64 indicators.

Second, we build and validate an LLM-based tool for the automated analysis of transition plans based on the
64 common ground indicators. We assess the performance of the LLM-based tool in a pilot study involving users
from 26 different institutions including financial regulators, investors, and NGOs to gain insights into
practitioners’ perception of the tool, its trustworthiness, and practical usage. We find that users are generally
satisfied with the tool’s performance, but there is user-specific disagreement regarding the priorities for
improvement.

Third, we assess the quality of disclosures of the Climate Action 1004 companies to identify potential
inconsistencies in their transition strategies.” Our findings show that companies tend to disclose more indicators
related to target setting (talk) but fewer indicators associated with the concrete implementation of strategies
(walk). Moreover, we find that the correlation between the quality of disclosures and carbon emissions tends to
be negative in our sample.

This research demonstrates a flexible, comprehensive, and scalable approach to analyzing companies’
transition efforts. This has multiple significant implications for stakeholders from fostering a better
understanding of companies to questioning their actionable agendas and tackling information asymmetries
concerning climate change.

2. Methods

The target of this work is to develop a sound and comprehensive evaluation method for companies’ transition
disclosure that is automated through an LLM-based tool. Our method comprises three steps. First, we define a
set of indicators that enable a holistic assessment of transition planning. Second, we develop an LLM-based tool
based on the latest technology advances. Third, we evaluate the tool with domain experts.

2.1. Assessment indicators
We initially define a set of indicators along which company disclosure related to transition strategies can be
assessed. To identify these assessment indicators, we proceed in three steps.

In the first step, we review 28 existing transition plan frameworks published over the period 2021-2023 by
different stakeholders and identify commonly suggested assessment indicators (see section S.3 for an overview).
The indicators signal whether companies disclose information related to specific topics or not. For example,
indicators are related to the disclosure of emission targets or reported emissions. In the second step, we assess the
importance of the identified indicators by the frequency of appearance in the assessed frameworks. In the third
step, we assign weights to the indicators based on the discussion with experts. We share our list of indicators with
more than 50 selected researchers and practitioners who formed our advisory board.” The experts were asked to
provide comments, suggest amendments, and refine the indicators.

Finally, we classify the indicators into ‘walk’ (W) and ‘talk’ (T). The distinction is made based on whether a
specific indicator relates to future targets and/or general transition monitoring and management approaches
(T) or to specific and already verifiable transition activities (W).

Climate Action 100+ is an investor-led initiative that aims to incentivize the world’s largest corporate greenhouse gas emitters to take
climate action.

The advisory board included financial industry representatives, central bankers, and financial supervisors. It was established to provide
feedback throughout the entire project. For more details on the advisory board, see section S.2.
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Figure 1. Retrieval Augmented Generation (RAG) pipeline for analyzing the assessment indicators.
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Figure 2. Overview of regions and organization types of the 26 participating organizations to the study.

2.2.LLM-based tool

To translate our framework into an automated analysis tool, we rely on Large Language Models (LLMs). LLMs
have shown vast capabilities in reasoning, understanding, and generation of text [18—21]. However, LLMs also
face hallucination, i.e., producing non-factual output [22]. As a remedy, practitioners and researchers rely on a
technique called Retrieval Augmented Generation (RAG) [23]. RAG systems aim to include external knowledge
in the prompts provided to the LLM and force the model to rely only on this information when answering a
given question. Thus, RAG systems make use of the strong capabilities of LLMs to summarize and reason over
the provided content and try to minimize the dependence on the internal knowledge of the LLM.

Figure 1 displays the RAG system used in this project. We use the assessment indicators as search queries
applied to company sustainability reports. The information retrieved is used to answer the corresponding
question (for exact details of implementation, see section S.5). Importantly, the tool produces a structured
answer that indicates whether information on the indicator is available. The output is a yes or no answer,
followed by an explanation of the decision and the source references. These explanations can enable a more
holistic and, importantly, transparent understanding of the evaluation made. They allow the user to understand
the reasoning behind the choice and can provide starting points for more detailed investigations. The sources
allow the user to cross-check whether the model has extracted the relevant information and whether it has been
correctly summarized (see section S.7 for more details).

2.3. Expert evaluation

We evaluate our tool in a pilot study. We choose an evaluation design that helps us obtain quantitative and
qualitative feedback from domain experts. This adds to previous research, which has mainly addressed the
quantitative evaluation of RAG systems in artificial or theoretical setups [24—27]. Only a few analyses have
considered expert-based evaluations [28, 29]. However, none of these previous papers attempted a
comprehensive evaluation of quality dimensions, such as correct sourcing and response, as well as the potential
use of such tools for stakeholders.

Our evaluation incorporates feedback from domain experts from 26 organizations. The experts include
financial regulators and supervisors, investors, exchanges, NGOs and industry associations representatives,
bankers, and academics. The participants are predominantly based in Europe, followed by participants from
Asia, North America, Australasia, and Africa (see figure 2 for more details). An organization participated with
three people. Thus, we have 28 participants in total.

The domain experts assess the tool along the following qualitative dimensions:
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1. System quality, which aims at understanding if relevant information is retrieved, answers are accurate and
faithful, and reasoning capabilities are solid.

2. Trustworthiness, which yields insights into users’ perceived trustworthiness and expertise of the model.

3. Usage, which aims at understanding the usefulness of the tool for the respective stakeholder, as well as future
possible use cases.

In the evaluation, we distinguish between feedback on the tool’s assessment of individual indicators, that is,
the responses and sources for specific yes / no questions (Q1-Q9), and overall feedback about the tool in general
(Q10-Q15). The participants provided an answer based on a given set of options (multiple choice) and could
provide additional explanations (free text). For the exact questions and details of the setup, see section S.8.

3. Results

The results span three dimensions. First, we present the results of the assessment indicators selection process.
Second, we present the results of the evaluation of the LLM-based tool. Finally, we apply the tool to the
sustainability reports of the most emitting companies in the world, those addressed by the Climate Action 100+
initiative.

3.1. Assessment indicators

As aresult of the analysis of the transition plan frameworks, we obtain a list of 64 indicators along which we
assess transition-related disclosures. Section S.4 lists all the indicators selected, covering the broad categories
‘Target’, ‘Governance’, ‘Strategy’, and ‘Tracking’ (as used in e.g. TCFD). In addition, we show each indicator’s
classification as primarily a walk (W) or talk (T) indicator.

An important advantage of the proposed framework is its flexibility: While we suggest a list of indicators
deemed appropriate to assess transition strategies, users can modify and extend this depending on their needs.
For instance, financial institutions lending to specific sectors might want to add more details about risks that are
specifically important for their assessment. Similarly, users interested in broader nature-related risks might want
to include additional questions about supply chains and the locations of companies.

3.2.LLM-based tool evaluation

After the definition of the indicators, we create the corresponding LLM-based tool and evaluate it with 28 experts
from 26 institutions. As a result, we obtain 28 assessments of the tool and 396 evaluations of individual
indicators. The results of the human evaluation offer several insights.

Regarding system quality, participants display a very high level of satisfaction. For example, 81% of the
participants found that the model summarizes relevant content correctly, without making up information not
contained in the report (Q4). Furthermore, most of the participants perceive that the tool captures the most
relevant information for the indicator analyzed (Q3) and provides the correct references (Q6-Q9). Negative
feedback included too judgmental responses or occasionally missing out on sources. Regarding the main area of
improvement for the model, part of the experts suggested a more detailed assessment, while another part
highlighted that a broader overview would be desirable (Q14). Our results align with previous research that
outlines that models can achieve very satisfactory results in terms of faithfulness [27]. However, our analysis also
reveals that adaptation to individual needs is critical for specific users.

Regarding trusthworthiness, the user’s first impression of the individual answers is largely positive (Q2),
and the sources provided in an answer largely support the trust in the model (Q5). This is also mirrored in the
general assessment of the tool, where only three respondents claimed that they did not trust the responses when
using the model (Q15). Only two participants find the tool unsatisfactory (Q10). Generally, the answers of the
tool were perceived as comparable with an expert with 1-2 or more years of experience in assessing companies’
disclosures (Q11). However, it also becomes apparent that a large share of participants is not sure if they would
fully trust the information provided by the tool (11 of 28 respondents ‘partially’ trust the model (Q15)). The
optional explanations help us understand where these concerns stem from. Some participants outlined the lack
of ability of the tool to handle sector-specific issues based on the current set of indicators. Others highlighted the
need to compare the answers produced by the tool with third-party data.

Finally, the usage dimension sheds light on the ease of understanding the indicators themselves, use cases to
apply the tool in practice, and potential for improvement. Concerning understanding the information requested
by the indicators, the dominant feedback from the users is positive. Most of the participants would know what
information they would look for if they had to answer the question themselves (Q1). Furthermore, stakeholders
would utilize the tool for a wide set of use cases, ranging from the evaluation of corporate risk and opportunities
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Figure 3. Distribution of the CA100+ companies by sector.

to ahigh- and deep-level understanding of transition plans (Q13). Again, enhancements reflect individual needs
(see Q14). A common qualitative feedback is that the tool can be valuable for quick assessment and
understanding, but future improvements could include deeper and more actionable insights or sector-specific
adjustments (Q12, Q16).

Opverall, human evaluation provides insights into understanding that the LLM-based tool represents a
valuable asset for end users. However, the introduction of more user-specific adaptions of the tool could foster
both trust and usage. For a detailed overview of the results, see section S.8.

3.3. CA100+ companies

To illustrate the functioning of our tool, we apply it to analyze corporate sustainability reports from Climate
Action 100+ companies and assess the transition-related information contained in these reports along the 64
assessment indicators. CA100+- is an investor-led initiative to track the most emitting companies in the world.
Our sample covers 143 companies and the corresponding corporate sustainability reports for the fiscal year
2022. The distribution of the companies across the different sectors is shown in figure 3.

For all the reports in our sample, we assess how many indicators are disclosed in the report of the company
under consideration (i.e., the tool assigned a ‘yes’ answer to the prompt question of whether the information
requested in the indicator is available in the report).

We find that the average count of indicators disclosed per report is 23 out of the 64 required indicators, while
the best-performing report reaches a value of 43 (see section S.9 for an overview of all indicators). The
distribution of the average share of indicators disclosed by the company shows that a value of almost 40% is
achieved by more than 35% of the companies (see figure 4). However, it is important to understand the type of
indicators for which information is available. Similarly, there might be sectoral patterns in the disclosure.

3.3.1. Most and least disclosed indicators

In our analysis of corporate disclosures, we observe a clear divergence in the quality of disclosure depending on
the types of indicators considered. This highlights areas where companies excel and fall short in their disclosures.
The ranking of the disclosed indicators shows a pattern for the 10% most disclosed and the 10% least disclosed
indicators (see tables 1 and 2). For results by sector, refer to section S.10.

We first turn our attention to the top 10% disclosed indicators in table 1. These are related to GHG emission
reduction interim targets, the structure of governance for environmental initiatives, oversight by corporate
boards, and the specification of quantitative sub-targets. In addition, companies tend to disclose assessment
indicators related to operational adjustments toward sustainability, including strategies related to adopting
renewable energy and reporting Scope 1 GHG emissions from the past year.

In contrast, the disclosure of indicators that cover a more comprehensive and ambitious implementation of
transition strategies in all operations and activities is less frequent (table 2). These least disclosed indicators are
related to the responsible use of carbon credits and offsets, alignment of executive remuneration with climate
goals, and holistic integration of climate strategies across all business operations. The lack of disclosure in these
dimensions might suggest a lack of fully developed strategies or a reluctance to reveal comprehensive details.

In addition, the least disclosed assessment indicators focus on policy engagement transparency and ending
the use of fossil fuels. These include examining the company’s strategies for engagement in net-zero initiatives,
policies on quitting support for additional fossil fuel exploration activities and plans to decommission fossil fuel
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Figure 4. Distribution of the share of disclosed indicators by company.

Table 1. 10% Most disclosed indicators. The last column provides the suggested classifier whether the question is more related to ‘talk’ (T) or
‘walk’ (W).

Indicator Question

9 Does the company report its GHG emission reduction interim targets for achieving the overall goal? T

13 Does the company explain its governance structure for managing the climate transition? T

17 Does the company report how its board oversees the climate transition plan implementation? T

23 Does the company report quantitative or quantifiable sub-targets in line with their climate targets and their climate key T
performance indicators?

26 Does the company report a renewable energy strategy and activities, covering renewable energy build-out, procurement, W
and consumption?

46 Does the company report its scope 1 GHG emissions for the past year? W

50 Does the company report its annual progress of reducing GHG emissions to achieve its emission reduction or net zero w
targets?

Table 2. 10% Least disclosed indicators. The last column provides the suggested classifier whether the question is more related to ‘talk’ (T) or
‘walk’ (W).

Indicator  Question

12 If carbon credits and offsets are reported to be used by the company, does the company state explicitly that carbon T
credits and offsets will be only used when the company can ensure that the emission reduction or emission avoidance
is sustained permanently?

19 Does the company provide a higher share of remuneration and bonuses that are linked to the successful implementation =~ W
of the climate transition plan interim targets compared to the general part of variable compensation for executives and
managers?

22 Does the company provide comprehensive evidence that it fully and completely integrates its climate strategy into its w
business strategy, product development, operations, financial and human resources, asset management, and asset
decommissioning?

36 Does the company report serious consequences and escalation strategies if net zero engagement is ineffective at T
upstream, downstream, policymaker, and industry association levels?

37 Does the company state explicitly that it stopped or will immediately stop any support or activities in new additional W
fossil fuel exploration and extension of fossil fuel supply?

38 Does the company report a strategy and activities for the decommissioning and canceling of planned or existing fossil A
fuel exploration and supply infrastructure?

infrastructure. The lack of disclosure in these areas could indicate a significant gap between companies’ stated
targets and the actual practices.

Using our classification, we observe that the least disclosed indicators are ‘walk’ indicators, while the most
disclosed indicators are ‘talk’ related.
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3.3.2. Sectoral analysis

Other than by the specific indicators, heterogeneity in disclosures could also stem from sectoral characteristics.
Hence, we investigate whether companies in some sectors disclose, on average, more information than others,
according to our indicators.

Interestingly, we find that companies in sectors that are more likely to be exposed to transition risk also have
ahigher number of disclosed indicators (see figure 5). This could mean either that these companies are more
prepared for the transition, that they are under greater pressure from investors and stakeholders to disclose their
strategies, or that they are potential greenwashers.

3.3.3. Carbon emissions
To continue our exploratory understanding of greenwashing, we move beyond the sole assessment of
disclosures and provide initial evidence of how the quality of disclosures relates to real activity measures. Hence,
we obtain company-level data on total emissions and emission intensities from MSCI. We observe that the
correlation between disclosure quality and all the emission measures is negative. The only exception is total
scope 2 emissions (see figure 6). Hence, companies with higher-quality transition plans tend to have lower total
emissions and emission intensities. The positive correlation with total scope 2 emissions, that is, indirect
emissions from the generation of purchased electricity, steam, heating, and cooling consumed by the company,
might suggest complexities in the transition process, such as increased reliance on electricity which may be
sourced from non-renewable grids, or improved transparency in reporting. When we investigate the individual
sectors, we observe a greater heterogeneity (see section S.11 for details). This confirms the general intuition of
the paper that sector-specific investigations are a useful step for further explorations.

However, the preliminary evidence provided by our results should be further supported by future studies
using larger samples and more in-depth analysis.

4. Discussion

Our results have important implications for a variety of stakeholders in the research and practice community.
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The tool introduced bridges an important gap between climate change and LLM research. On the one hand,
we address the call for a comprehensive evaluation of transition strategies [ 1-5]. On the other hand, we respond
to the calls for more fine-granular LLM-based analyses [17] by extending prior work in the intersection of
climate change and LLMs [ 14, 15, 28]. We also provide unique and novel expert-centric insights on tool
evaluation, flexible usage, and possible extension. In this way, we highlight potential barriers and pathways to
facilitate the use of automatic evaluations.

Our results for the CA100+ companies align with previous manual investigations of company transition
planning. In line with previous work, we show that companies’ transition strategies lack decision-useful
information related to concrete action [30] and highlight the importance for companies and the financial sector
towalk the talk [31, 32]. The negative correlation between company disclosure quality and emissions is both
logical and alarming. It is logical because companies with lower emissions have societal, reputational, and
potentially financial incentives to disclose their transition. They are likely aware of their position and will use this
to advertise themselves. However, it is also alarming because it seems to confirm that companies with higher
responsibility (that is, more polluting) seem to be more reluctant to disclose their transition efforts. A similar
trend is found by [33] who show that the most emitting companies in the world usually do not participate in
carbon reduction projects such as the Science Based Targets initiative (SBT1). See section S.1 for more insights.

5. Conclusion

To the best of our knowledge, this is the first paper to show how a structured expert-centric LLM-based tool can
help assess transition strategies. This is of central importance given the growing amounts of unstructured
transition-related information disclosed by companies. Furthermore, an automated, scalable, and consistent
method can help company reporting, enhancing information availability and transparency for financial markets
and financial regulators.

Future work can build on this flexible approach, focusing on sector-specific needs or applying it to more
targeted problems. Thus, this work presents a basis for further enhancements of the automatic analysis of
transition strategies.
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