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Abstract

The Intergovernmental Panel on Climate Change (IPCC) estimates that global net-zero
should be achieved by 2050. To this end, many private firms are pledging to reach net-
zero emissions by 2050. The Climate Data Steering Committee (CDSC) is working on an
initiative to create a global central digital repository of climate disclosures, which aims to
address the current data challenges.

This paper assesses the progress within European financial institutions towards
overcoming the data challenges outlined by the CDSC. Using a text-mining approach,
coupled with the application of commercial Large Language Models (LLM) for context
verification, we calculate a Greenhouse Gas Disclosure Index (GHGDI), by analysing
23 highly granular disclosures in the ESG reports between 2019 and 2021 of most of
the significant banks under the ECB’s direct supervision. This index is then compared
with the CDP score. The results indicate a moderate correlation between institutions not
reporting to CDP upon request and a low GHGDI. Institutions with a high CDP score do
not necessarily correlate with a high GHGDI.

Keywords: ESG, sustainability, environment, climate change, carbon emissions, natural
language processing, climate data challenges, OpenAl’'s ChatGPT, Google’s text-bison.

JEL classification: C88, G32, Q56.



Resumen

El Grupo Intergubernamental de Expertos sobre el Cambio Climatico (IPCC) estima
que se debe alcanzar el objetivo de cero emisiones netas a escala global para el afio
2050. A fin de conseguirlo, muchas empresas privadas se han comprometido a lograr
las cero emisiones netas para 2050. EI Comité Directivo de Datos Climaticos (CDSC)
esta trabajando en una iniciativa para crear un repositorio digital central global de
divulgaciones climaticas que intente abordar los desafios de datos actuales.

Este documento evalua el progreso de las instituciones financieras europeas en sus
esfuerzos por superar los desafios de datos descritos por el CDSC. Utilizando un enfoque
de mineria de textos, junto con la aplicacion de modelos de lenguaje de gran tamafo
(LLM) para la verificacion de contexto, calculamos un indice de Divulgacién de Gases de
Efecto Invernadero (GHGDI), analizando 23 divulgaciones muy especificas presentes en
los informes ESG comprendidos entre 2019 y 2021 y pertenecientes a la mayoria de los
bancos significativos bajo supervision directa del BCE. Posteriormente se compara este
indice con la puntuacién otorgada por el Carbon Disclosure Project (CDP). Los resultados
indican una correlacién moderada entre aquellas instituciones que no informan al CDP
cuando se les solicita y un bajo GHGDI. Las instituciones con una puntuacion alta, por su
parte, no guardan necesariamente correlacién con un GHGDI alto.

Palabras clave: ESG, sostenibilidad, medio ambiente, cambio climatico, emisiones de
carbono, procesamiento de lenguaje natural, desafios de datos climaticos, ChatGPT,
text-bison.

Codigos JEL: C88, G32, Q56.
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1 Introduction

In 1992, 154 states signed a treaty known as the United Nations Framework
Convention on Climate Change (UNFCCC), to combat "dangerous
anthropogenic interference with the climate system" (UNFCCC, 1992).
Since then, several Conferences of the Parties (COPs) have taken place to
discuss how to achieve that goal. In 2015, during the COP21, the Paris
Agreement was signed, with the objective to hold “the increase in the global
average temperature to well below 2°C above pre-industrial levels” and
pursue efforts to “limit the increase of global temperature to 1.5° above pre-
industrial levels” (UNFCCC, 2015). To that end, it also set the aim “to
achieve a balance between anthropogenic emissions by sources and
removals by sinks of greenhouse gases in the second half of this century”.
This balance objective is commonly referred as net-zero.

The Paris Agreement also included the need to provide a “national inventory
report of anthropogenic emissions by sources and removals by sinks of
Greenhouse Gases” (GHG). In 2018, the UNFCCC adopted the 2006
Intergovernmental Panel on Climate Change (IPCC) ' Guidelines as the
methodology for this inventory.

Every 5 to 7 years, IPCC publishes comprehensive Assessment Reports
(AR) to provide scientific assessments and policy recommendations on
climate change. Throughout the IPCC assessments, the year 2050 has
become a reference for emission reduction targets and net zero emissions
balance, prompting to not only governments but also private corporations to
commit to achieving net zero CO> emissions by 2050.

The growth in pledges to reach net-zero emissions has led to a proliferation
of criteria and benchmarks, making it difficult to measure and hold
accountable entities making those commitments. This has led to a perceived
lack of clear and generally accepted standards, with the risk of undermining
serious stakeholders and enable greenwashing. To ensure credibility and
accountability of net-zero pledges, the UN appointed a High-Level Expert
Group on the net zero Emissions Commitments of Non-State Entities. They
presented their recommendations in the COP27 (2022). As part of their
recommendations they included the creation of an open-source repository of
climate disclosures overseen by the UNFCCC and available at their Global
Climate Action Portal. (UN HLEG on the net zero emissions of non-state
entitities, 2022)

In line with this recommendation, the Climate Data Steering Committee
(CDSC) was created in 2022 with aim to serve the climate objectives of the
United Nations regarding high-quality climate data, presenting the net zero
Data Public Utility (NZDPU) as “an open, free, and centralized data
repository that would allow all stakeholders to easily access key climate

" The IPCC was established by the World Meteorological Organization (WMO) and the United Nations Environment Programme
(UNEP) in 1988 to provide scientific assessments and policy recommendations on climate change.
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transition-related data, commitments, and progress of businesses and
financial institutions toward those commitments” (CDSC, 2023), with the
declared intention to be hosted in the Climate Action Portal once a pilot
product is built, which is expected to be ready by the end of 2023.

As of today, the most similar initiative to the NZDPU already in place is the
voluntary questionnaire created and overseen by CDP. CDP is a not-for-
profit charity (formerly known as Carbon Disclosure Project) that runs a
global disclosure system. It houses and evaluates self-reported data from
over 18,700 companies and 1,100 cities, states, and regions in three
dimensions: climate, forests and water. CDP provides open access to several
datasets via its portal. Each year, a scoring team within CDP evaluate the
responses received and assigns a score to each of the dimensions, following
a methodology that assesses the level of detail and comprehensiveness of
each response.

The climate dimension of CDP is aligned with the recommendations of the
Task Force on Climate-related Financial Disclosures (TCFD). These
recommendations are widely adopted and applicable to organizations across
sectors and jurisdictions and are structured around four thematic areas that
represent core elements of how organizations operate: Governance,
Strategy, Risk Management, and Metrics and Targets. However the design
of the NZDPU closely follows the GHG Protocol methodology? which has
a much narrower scope than the TCFD, as it focuses specifically on
emissions disclosures. The NZDPU will also focus on trying to overcome
the existing data challenges experienced by users of climate transition
related data and identified by the CDSCs

The present paper assesses the progress towards overcoming those data
challenges in the GHG emissions disclosures within European financial
institutions using text mining techniques.

The application of these techniques to climate-related disclosures is not new.
One of the earliest studies was performed in 2008 (Doran & Quinn, 2008)
where they basically looked for the terms ‘“climate change”, “global
warming” and “greenhouse gas” in the SEC 10K filings, although in relation
to corporate disclosures, the focus seems to have been more on techniques
and applications related to sentiment analysis, topic modelling and
complexity analysis (Bholat, Hansen, Santos, & Schonhardt-Bailey, 2015).
With the publication of the TCFD recommendations, several papers have
tried to evaluate the level of compliance with the recommendations using
different Natural Language Processing (NLP) techniques. In their 2018 and
2019 (TCFD 2018 and 2019) Status Reports, the TCFD made use of
supervised machine learning techniques to identify areas of the corporate
reports potentially containing information related to each one of 11
recommended disclosures. Luccioni, Baylor and Duchene (2020) trained a
model (ClimateQA) to identify climate-relevant sections on financial

2 While the IPCC guidelines are primarily focused on national-level reporting of emissions by countries, the GHG Protocol
is the most internationally known and used standard for calculating GHG emissions by corporations. The standard ISO
14064, developed afterwards, is very similar to the GHG Protocol

3 See “Recommendations for the Development of the Net-Zero Data Public Utility” (CDSC, 2022)
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reports. Later, Bingler et al (2022) also trained a Large Language Model
(LLM), ClimateBERT, specifically on climate disclosures related to TCFD.
With the popularization of general purpose LLMs such as ChatGPT,
numerous papers have used it as a replacement or enhancement of traditional
NLP techniques. Central Banks have also showed interest in the benefits of
general purpose commercial LLMs and have found for example that
ChatGPT seems to better capture the sentiment compared to dictionary
approaches or even smaller models such as BERT (Alonso-Robisco &
Carbo, 2023).

In this paper we use an approach similar to previous works of the Bank of
Spain (Moreno & Caminero, 2020; Moreno & Caminero, 2022, Fernandez-
Rosillo, Koblents & Morales, 2023), coupled with the application of
commercial Large Language Models (LLM) for context verification. The
application of LLMs as a filtering step is a novelty to previous approaches
adding precision to the results, allows having less iterations in the creation
of the lexicons and proves to be more efficient than a manual verification
process. We calculate a GHG Disclosure Index, by analysing 23 granular
disclosures (see table 2) in the ESG reports between 2019 and 2021 of most
of the significant banks under the ECB direct supervision, starting from the
list of Significant Institutions (SI) of the Single Supervisory Mechanism
(SSM) as of November 2022¢. This index is then compared to the climate
score given by the non-for profit organization CDP. These disclosures are
based on the data challenges and recommendation outlined by the CDSC
and can be considered challenging disclosures because of the difficulty for
the Companies to actually obtain that information. In this sense, this paper
presents a text-mining approach to assess the progress towards these
requirements, exploring the power of new LLMs to perform context
verification, which is one of the most important weaknesses of keyword and
rule-based approaches.

The results indicate a moderate correlation between institutions not
reporting to CDP upon request and a low GHG Disclosure Index (GHGDI).
Institutions with high CDP score do not necessarily correlate with a high
GHGDI which might be due to multiple factors, such as the specificity of
the Index and potential differences between the public corporate disclosures
and the answers to the CDP questionnaire.

The coupling of traditional NLP methods together with LLM for filtering
provide a better individual precision in the excerpt retrieval of the targeted
context. The resulting GHDI index allows measuring the progress in
overcoming current challenges of climate-related disclosures and, despite its
specificity, the moderate correlation with the CDP Score provides an
indication of its robustness.

The report is organized as follows: first we describe the methodology, tools
used and sample of study; then, we analyse the results and compare them
with the CDP scores and finally, we summarize the conclusions.

4 https://www.bankingsupervision.europa.eu/ecb/pub/pdf/ssm.listofsupervisedentities202212.en.pdf.
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2 Methodology

We gathered the different ESG reports in English from the corporate
websites of each institution. If no English version was found, the institution
was not considered. If no ESG report was found, the Annual or Integrated
report was used instead. In the event that a subsidiary was also a SI, we
considered the highest level of consolidation, but also included the reports
of the individual subsidiary, if available. This meant that since the
disclosures of certain banks were considered at international consolidation
level, sometimes they were outside the SSM scope (e.g. Bank of Canada,
which has a subsidiary that is a SI in Luxembourg). The only exception was
Sberbank Europe AG, which was considered at European consolidation
level, since it was the only level available. In any case, disclosures by
institutions with several subsidiaries in different SSM countries were only
counted once. Those institutions for which reports were not available in
English for the three years were discarded. As a result, the sample consisted
in 99 consolidated Sls distributed as shown in Table 1

Country ATBEBG|CY|DE|EE|ES|FI [FR|GR|IE |IT [LULVMT|NL|PT|SI |Total
Significant 714(1|1(19|2(10|4 (10|4 |7 |12|4 |2 |2 (7 |2|1| 99
Institutions

>€500 billion 1|1 4112|116 31211 2 25
assets

€100 billion - 2102 6112211 113 2 22
€500 billion

assets

€30 billion - €100| 2 | 1 9 6113142712 312 42
billion assets

<€30 billion 2 111 1 11112 11 10
assets

Table 1: Overview of the distribution of the sample according to institution
size and country. (Source: own elaboration)

Note that we did not gather CDP reports. This was intentional and not only
because most of the institutions do not publish the CDP reports on their
website, but also because we wanted to analyse their own corporate
reporting strategy.

The CDSC identified 6 challenges related to Emissions Accounting and
Transition plan metrics and targets. (CDSC, 2022). Following these data
challenges, we identify 23 specific disclosures and we try to identify whether
an institution provides some information related to them, using a text mining
approach. Table 2 shows the list of Data challenges outlined by the CDSC
on those two areas and the specific disclosures used in the paper as a proxy
for the index.
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(Moreno & Caminero, Application of text mining to the analysis of climate-
related disclosures, 2020). Figure 1 shows the pipeline of the process.

IF = & python spaCy
Conversion through Extraction of Tokenization,

ESG Kofax Power PDF Word textual content NER and

Reports formatted and partition into indexing FTS Storage
excerpts Text
GUI Search tool
reports excerpts
®
Categories creation -
. and adaptation
Lexicon and rules Domain expert

Figure 1 Representation of the workflow of the first part of the process.
Source: own elaboration

Each disclosure was addressed by a query. Institutions were awarded one
point for each disclosure that had at least one matching excerpt, and zero
points for each disclosure that had no matching excerpts. As explained in
our previous paper, keyword search has the risk to returning many false
positives, that is, results that contain the searched concepts within a non-
applicable context. For example, one of the keywords used was “market-
based”. Its purpose was to identify excerpts related to specifying whether
market-based or location-based calculation was used in relation to scope 2
emissions. One excerpt matching that keyword contained the following text:
“Only applying the regulatory policy makes little sense economically. It
must rather serve as a framework, within which market-based instruments
will create an efficient solution. Market-based state instruments include
taxes/subsidies and the certificate trading.”. The context of this excerpt is
not related to scope 2 emissions and, thus, would be considered a false
positive at the excerpt level. If this was the only excerpt applicable to a given
bank, the bank would have been awarded one point for having at least a
matching excerpt, becoming a false positive at the bank level. Note that if
there were other applicable matching excerpts (true positives), the bank
would have been righteously awarded the point, despite the one false
positive excerpt. So a false positive at the excerpt level does not always
translate into a false positive at the bank level.

In our previous paper we performed a manual review of all the matching
excerpts and tweaked the queries in order to avoid false positives. For this
paper we improved this approach by taking advantage of the availability of
general-purpose commercial LLMs, which proved to have additional
benefits in precision and efficiency. For each excerpt returned by each query,
we performed a second filtering using two commercial LLMs: Google’s
text-bison® and OpenAl’s chatGPTe. We used the LLMs with a specific
prompt for each disclosure to confirm that the keywords matched by the
search query applied to the appropriate context. An example of prompt for
the first disclosure was:

5 At the time of this writing, Google’s text-bison model, based on Palm2, was in preview stage.
6 At the time of this writing, the OpenAl’s chatGPT version was gpt-3.5-turbo-0301
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“Classify the following text with an integer with a value of 0 or 1. 0 means
that the text does not provide market or location-based scope 2 emissions or
does not mention market or location-based calculation as a methodology for
calculating electricity Scope 2 emissions. 1 means that the text refers to
location or market based calculation as a methodology for calculating
electricity Scope2 emissions or provides a value for market or location-
based emissions. Please provide your answer as a list in the format [i, v],
where i is the index of the original text and the v is the value 0 or 1 as per
the previous instruction. The text is enclosed between {""}. There is just one
text in total.

Text to analyse: {plain_text}

Answer in the form of [1,v] being v a value of 0 or 1:”

Although the prompt was slightly different for the two models, the
differences were mainly directed to force a specific output format in a
reliable manner, without conveying a different interpretation of the main
instruction.

An institution was considered compliant with a disclosure for a given year
if there was at least one matching excerpt for that year for the corresponding
query. We did the calculations before and after the LLM filtering step using
both models. Finally, the discrepancies between the two models were
manually reviewed in order to obtain the final index. This process is much
more efficient that performing a manual review of all the results, as the
manual review only focuses on the discrepancies. It also allows to reduce
the iterations to refine the rules approach, as the false positives are more
likely to be identified by the LLM filtering step. So, the fast retrieval of the
keyword search is complemented with the precision of the context
identification of LLMs, making it an efficient approach.

The GHG Disclosure Index (GHGDI) was calculated by awarding one point
for each of the 23 disclosures identified and rescaling the final value between
1 and 10. Figure 2 shows the pipeline of this second part of the process for
calculating the individual GHGDI for each of the 99 institutions of the
sample, once the categories and keywords of the queries have been defined.

GHGDI 1
GHGDI 2
LLM Human Grouping - GHGDI 3

review of and

discrepancies scoring ) GHGDI 97
FTS Storage GHGDI 98
GHGDI 99

Matching Filtered Reviewed

23 Queries
excerpts excerpts excerpts

Figure 2 Representation of the workflow of the second part of the process.
Source: own elaboration

CDP scores the responses with a letter between D- and A (8 levels),
representing the “level of action reported by the company to assess and
manage its environmental impacts during the reporting year” (CDP, 2023).
The CDP may request responses to certain corporations that the signatories
consider relevant. Those corporations for which a response has been
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requested, but no answer has been received, are scored with an F. To be able
to compare the GHGDI with the CDP Score, we mapped the scores D- to A,
to values 3 to 10 and assigned O to the F score. We then calculated the
correlation of the individual CDP Scores and our GHGDI, both including
corporations scored with an F and without including them. Since only a
subset of 71 institutions with GHGDI were present in the CDP database, the
calculation was performed only on that subset, although not all institutions
reported in all years of the range of study. Additionally, some institutions
can decide not to make their scores publicly available for any given year,
and some institutions were not scored in a specific year for undisclosed
reasons (although it is possible that they submitted their responses past the
CDP deadline). These cases were filtered out from the subset. Table 3 shows
the number of institutions considered per year and their average CDP score,
according to the mapping described above.

2019 2020 2021

Number Average | Number Average | Number Average
Size of SI Score of SI Score of SI Score
<30 1 0 1 0
30-100 24 5,3 28 5,0 28 53
100-500 13 7,2 15 6,3 15 6,9
>500 24 7,9 24 7,7 18 7,7
Total 61 6,7 68 6,2 62 6,3

Table 3 Number of SI reporting to CDP between 2019 and 2021 and
average score per size in € billion
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3 Results

Table 4 shows the evolution of the GHGDI of the subset of institutions
reporting to CDP, including the LLM filtering, while Table 5 shows the
GHGDI of all institutions of the sample.

unfiltered text-bison-filtered g_pt3.5-ﬁltered
Size 2019 2020 2021 2019 2020 2021 2019 2020 2021
<30 2,2 4.4 2,2 4.4 2,2 4,4
30-100 2,3 2,8 3,8 2,1 2,7 3,6 2,2 2,7 3,7
100-500 2,8 3,8 5,3 2,8 3,7 5,0 2,8 3,7 5,2
>500 34 41 5,6 3,2 3,9 5,4 3,3 4.0 5,5
Average 2.8 3,2 4,8 2,7 3.1 4,6 2.8 3.1 4,7

Table 4 Calculated GHGDI for the SI that report to CDP, per year and size
in € billion

unfiltered text-bison-filtered gpt3.S-filtered
Size 2019 2020 2021 2019 2020 2021 2019 2020 2021
<30 0.5 0.7 23 0.4 0.6 2.1 0.4 0.6 2.1
30-100 20 24 3.2 1.7 2.3 3.0 1.8 23 3.1
100-500 25 32 4.7 2.4 3.0 4.4 2.4 3.2 4.6
>500 34 3.8 5.2 3.2 3.8 5.0 33 3.9 5.0
Average 2.1 2.6 3.8 1.9 24 3.6 2.0 2.5 3.7

Table 5 Calculated GHGDI for all SI in the sample, per year and size in €
billion

Note that the average GHGDI is in general very low, since we are looking
at very granular and challenging disclosures. Besides, larger banks tend to
have better GHGDI values, and they improve over time. Regarding the LLM
filtering step, the text-bison model rejects more excerpts than the gpt3.5
model. There are 6,831 combination of year-bank-disclosure”. Out of these,
only 2,059 combinations actually had at least one matching excerpt,
meaning that a given bank for a given year and disclosure was awarded 1
point. After processing the matching excerpts through the two LLMs, there
were only 66 year-bank-disclosure combinations for which both models
considered they were out-of-context and thus, false positives. In addition,
there were 76 for which the models had different results. 10 of those were
evaluated as in-context by the gpt3.5 model while being evaluated as out-of-
context by the text-bison model. A manual review revealed that all of them
were actually true-positives, so the keyword search was originally correct
awarding them 1 point. On the other hand, there were 66 combinations that

3 years x 99 banks x 23 disclosures = 6,831
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gpt3.5 evaluated as in-context while text-bison evaluated them as out-of-
context. A manual review indicated that 28 were true positives, while 38
where out-of context. As a result, out of the 2,059 original matching
combinations, after the filtering, they were reduced to 1,955 matching
combinations. In any case, the final average scores obtained after filtering
are not much different from the unfiltered versions. Considering that
processing excerpts through LLM models is much slower than a keyword
search, the keyword approach still has its advantage when processing large
amounts of text excerpts and evaluating the results at an aggregated level.
One of the main weaknesses of a keyword approach is the lack of context-
awareness. This becomes more apparent when a word can have multiple
meanings depending on the context. For example, in relation to the first
disclosure (“Market and location based calculations for scope 2 emissions”)
when looking for the keyword “market-based”, most of the results are
related to the concept being searched, but there are some instances where the
expression is present as part of “market-based instruments” which should be
considered out-of context or false positive. Note also that the high level of
precision of the keyword search in this case, is due to the specificity of the
concepts being searched and the unlikeliness that those concepts appear in a
different context than the one intended. In fact, most false positives were
found within a relatively small subset of disclosures, for which the keywords
were not specific enough. In these situations, LLMs might show an
advantage at better identifying the context and, at individual institution level,
the additional precision provided by LLMs would also mean a better insight
on the actual disclosure level of its reporting. In the given example of
“market-based instruments”, both LLMs were able to identify them as false
positives. Although in this specific study, using LLMs produced comparable
results to those obtained without them, their use acts as a sort of robustness
test providing more confidence in the results.

After the manual review of the discrepancies between the two models (the
cases where both models agreed did not go through a manual review), we
obtained a final GHGDI. Table 6 shows the evolution of this final GHGDI
of the subset of institutions reporting to CDP while Table 7 shows its
evolution for all institutions in the sample. Figure 3 shows a chart of the final
GHGDI for all institutions in the sample differentiating between the
disclosures related to “Emissions accounting” and the disclosures related to
“Transition plan metrics and targets”. Note that “Emissions accounting”
accounts for 15 specific disclosures while “Transition plan metrics and
targets” accounts for 8 specific disclosures (see Table 2), which translates in
a larger area in the chart for “Emissions accounting”.

Size 2019 2020 2021
<30 2,2 4,4
30-100 2,1 2,7 3,7
100-500 2,8 3,7 5,1
>500 32 40 5,4
Average 2,7 3,1 4,6

Table 6 Calculated final GHGDI for the SI that report to CDP, per year and
size in € billion
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Size 2019 2020 2021

<30 04 0.6 2.2
30-100 1.8 23 3.0
100-500 24 3.1 4.5
>500 32 38 5.0
Average 2.0 24 3.7

Table 7 Calculated final GHGDI for all SI in the sample, per year and size
in € billion

GHGDI Score

—_

O = NWhHhooONO®OO
T T T T T T T 7

2019 ‘ 2020 ‘ 2021 ‘ 2019 ‘ 2020 ‘ 2021 ‘ 2019 ‘ 2020 ‘ 2021 ‘ 2019 ‘ 2020 ‘ 2021 ‘
<30 30-100 ‘ 100-500 >500 ‘

Transition plan metrics and targets
Emisions accounting

Figure 3. Calculated final GHGDI for all SI in the sample, per year and
size in € billion

From the results, it is clear that, after incorporating the institutions that do
not report to CDP, the GHGDI is lower, suggesting that not reporting to CDP
is an indication of low level of challenging disclosures in ESG reports. In
fact, if we create a binary variable indicating whether a corporation reports
to CDP or not (its status for a given year is “Submitted”), regardless the CDP
score given, we get a moderate statistical significant correlation of 0.51%**
with our final GHGDI, reinforcing the relationship between reporting to
CDP and providing better granular disclosures on GHG emissions.

The correlation between the final GHGDI and the CDP score also results in
a moderate correlation (0.35***). It is worth mentioning, though, that when
excluding the institutions not reporting to CDP upon request (the ones with
a score of zero), the correlation is not significant, which might be an
indication that institutions with high CDP score do not necessarily correlate
with a high GHG Disclosure Index. This might be due to multiple factors,
such as the specificity of the Index, which focuses on GHG disclosures
instead of general TCFD disclosures, and potential differences between the
public corporate disclosures and the answers to the CDP questionnaire.
Figure 3 shows the relationship between CDP and GHGI where it can be
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seen that institutions with a CDP score of O (the ones that do not report upon
request) tend to have also a low GHGDI

GHGDI
10

(=R S AT * <]

CDP

Figure 4. Relationship between GHGDI and CDP scores.
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4 Conclusions

This paper assesses the progress towards overcoming the data challenges
outlined by the CDSC within European financial institutions. We use a text-
mining approach complemented with a context-filtering using two
commercial LLMs. We then calculate a Greenhouse Gas (GHG) Disclosure
Index (GHGDI), by analysing 23 challenging disclosures in the ESG reports
between 2019 and 2021 of most of the significant banks under the ECB
direct supervision. The use of both techniques, keyword search and LLMs,
prove to be an efficient approach, complementing each other, reducing the
potential errors of out-of-context matches. In the specific case of this study,
where the keywords are not prone to be found in multiple contexts, the
results do not present major differences, but the usage of the LLMs acts as a
sort of robustness test providing more confidence in the results.

The GHGDI is in general very low, which is otherwise expected, since it
focuses on very granular and challenging disclosures. Bigger banks tend to
have better GHGDI. Nevertheless, there is a progressive increase in its value
for all size ranges.

We compare this index with the score given by CDP. The results indicate a
moderate correlation between institutions not reporting to CDP upon request
and a low GHG Disclosure Index, but institutions with high CDP score do
not necessarily correlate with a high GHGDI which might be due to multiple
factors, such as the specificity of the Index and potential differences between
the public corporate disclosures and the answers to the CDP questionnaire.

We also noticed that very few institutions publish their CDP report on their
website, which might hinder transparency and data availability.

As a future area of study, we consider investigating further the scoring
differences with the CDP, in order to confirm whether they are caused by
the fact that the two approaches evaluate different disclosures or whether
there is a tendency to disclose more to CDP than what is present in the
sustainability reports, potentially prioritizing higher scores over higher
transparency.
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