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Investor’s ESG Tendency Probed by Pre-trained

Transformers

Abstract

Due to climate change and social issues, environmental, social, and governance
(ESG) solutions receive increased attention and emphasis. Being influential market
leaders, investors wield significant power to persuade companies to prioritize ESG
considerations. However, investors’ preferences for specific ESG topics and changing
trends in those preferences remain elusive. Here, we build a group of large language
models with 128 million parameters, named classification pre-trained transformers
(CPTs), to extract the investors’ tendencies toward 13 ESG-related topics from their
annual reports. Assisted by the CPT models with approximately 95% cross-validation
accuracy, more than 3,000 annual reports released by globally 350 top investors during
2010-2021 are analyzed. Results indicate that although the investors show the strongest
tendency toward the economic aspect in their annual reports, the emphasis is gradually
reducing and shifting to environmental and social aspects. Nonfinancial investors like
corporation and holding company investors prioritize environmental and social factors,
whereas financial investors pay the most attention to governance risk. There are
differences in patterns at the country level, for instance, Japan’s investors show a
greater focus on environmental and social factors than other major countries. Our
findings suggest that investors are increasingly valuing sustainability in their decision-
making. Different investor businesses may encounter unique ESG challenges,

necessitating individualized strategies. Companies should improve their ESG
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disclosures, which are increasingly focused on environmental and social issues, to meet

investor expectations and bolster transparency.
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Introduction

Recently, the urge to advance corporate sustainability and promote corporate social
responsibility (CSR) has garnered considerable attention, especially in light of the
emergence of various environmental issues and public health disasters (G20 Green
Finance Study Group, 2017; Global Sustainable Investment Alliance, 2017; IPCC,
2022). Environmental, social, and governance (ESG) is a novel, all-encompassing
concept proposed by the United Nation’s Principles for Responsible Investment report
that covers the environmental, social, and economic performance of corporations
(Rahman, Zahid, & Al-Faryan, 2023; Zhou, Liu, & Luo, 2022). Various environmental
and social issues, such as climate change (IPCC, 2022), air pollution (Lelieveld, Evans,
Fnais, Giannadaki, & Pozzer, 2015), water pollution (Wu, Palm-Forster, & Messer,
2021), violation of human rights (Schrempf-Stirling & Wettstein, 2017), and poor work
environments (Furman et al., 2019), compel societies, governments, corporations, and
the general public to make adjustments. Rather than focusing solely on short-term
financial benefits, investors, regulators, lawmakers, and customers are increasingly
requiring corporations to formulate strategies and planning that consider and balance
environmental, social, and economic performance (Alshehhi, Nobanee, & Khare, 2018;
Zhou et al., 2022). If corporations do not adhere to ESG and fulfill their social
responsibility following the signing of key regulations, they may lose market share in

the short term and be eliminated in the long run (Gustafsson, Schilling-Vacaflor, &

Lenschow, 2023; Schilling-Vacaflor, 2021). Therefore, societies, corporations,

investors, and even individuals must take ESG into account.

Investors’ attitude toward ESG dramatically affects corporate actions because

companies require sufficient investment from investors (Barko, Cremers, & Renneboog,
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2022; Diener, 2023; Espahbodi, Espahbodi, Juma, & Westbrook, 2019; Raut, Shastri,
Mishra, & Tiwari, 2023). Investor engagement strategies have a significant impact on
impact-oriented investment (Diener, 2023). Furthermore, investors’ perceptions of the
relevance and reliability of ESG information should be improved, as it has a long-term
mediating impact on the investors’ investment allocation and price assessment
(Espahbodi et al., 2019). Previous studies suggest that investors disclose their financial
incentives for ESG (Espahbodi et al., 2019; Raut et al., 2023). However, to our
knowledge, no global unified regulations exist to claim the ESG tendency of investors
standardly. In other words, it is difficult to assess investors’ attitudes toward ESG using
a globally recognized benchmark. Instead of relying solely on disclosed numbers
(Heichl & Hirsch, 2023; Loughran & McDonald, 2011, 2016), the language used by
corporations can reveal their attitude toward ESG. The primary goal of this study is to
address the following issues: (1) the general tendency of investors toward various ESG-
related topics; (2) changing trend of investors’ tendency; (3) whether investors
belonging to different categories show a relatively different tendency composition; and
(4) whether differences exist in the structure of investors’ tendency in various major

countries.

In this study, we consider and investigate 13 ESG-related topics. Consistent
with previous research, they cover the entire ESG, which can be divided into three
studies: environmental aspect, social aspect, and economic aspect (Feng, Zhu, & Lai,
2017; Gillan, Koch, & Starks, 2021; Alexander R Keeley et al., 2022; Xie, Nozawa,
Yagi, Fujii, & Managi, 2019). In particular, the environmental aspect comprises four
topics: air pollution, greenhouse gases, water consumption, and mining consumption;
the social aspect comprises six topics: safety and health, human rights, work

environment, community, domestic job creation, and domestic reflux rate; and the
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economic aspect comprises governance risk, production cost, and economic ripple
effect. Prior to ESG considerations, corporations are viewed as profit-driven economic
actors, while governments, as political roles and supervisors, are responsible for
societal development (Sundaram & Inkpen, 2004). However, as a result of rapid
globalization, companies, particularly multinational corporations, should assume
greater social responsibility and increase their transparency in environmental and social
matters (Rahman et al., 2023; Tang, Xiong, & Peng, 2024). Environmentally, the
factory’s air pollution has a direct correlation with local public health (Dedoussi,
Eastham, Monier, & Barrett, 2020; Lelieveld et al., 2015). Climate change issues
resulting from greenhouse gas emissions are noticeable (Burrell, Evans, & De Kauwe,
2020; IPCC, 2022; Ortiz-Bobea, Ault, Carrillo, Chambers, & Lobell, 2021). Water
scarcity and mining-caused soil contamination impact human daily life (Cheng, Hu, &
Zhao, 2009; Li, Ma, van der Kuijp, Yuan, & Huang, 2014). The majority of these
environmental changes are attributable to corporate activities. In social aspects, the
impact of corporations on the local community is gradually gaining more attention,
including community (Ismail, 2009), occupational health and safety (Montero, Araque,
& Rey, 2009), human rights (Giuliani, 2016), and local impacts (Panthong &
Taecharungroj, 2021). According to the Taskforce on Nature-related Financial

Disclosures (TNDF) (https:/tnfd.global/), financial institutions now require

corporations to disclose nature-related information. Standards, such as social

accountability 8000 (SA8000, https://sa-intl.org/programs/sa8000/) and International

Labour Organization (ILO) conventions, list a number of specific CSR-related items,
which our topics refer to. Obviously, laws, and regulations, such as the French Duty of

Vigilance law and the Non-Financial Reporting Directive, are essential references. The



104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

13 indexes listed above were selected based on laws, regulations, organization

guidelines, standards, and scholarly research.

ESG scores from several major ESG rating agencies, including Refinitiv’s ESG
score (LSEG, 2023), Kinder Lydenberg, and Domini (KLD) (Sharfman, 1996),
Sustainalytics (Harrison, Yu, & Zhang, 2023), Moody’s ESG (Kiesel & Liicke, 2019),
S&P Global (Gyonydrova, Stachon, & Stasek, 2023), and MSCI (Sabbaghi, 2022),
have significant implications. However, each agency covers a wide range of ESG-
related topics and metrics, and their ESG scores differ significantly (Berg, Kdlbel, &
Rigobon, 2022; Senadheera et al., 2021; Wan, Dawod, Chanaim, & Ramasamy, 2023).
The divergence of rating methods stems from different category taxonomies.
Refinitiv’s ESG score, the most widely used ESG database among them, has the most
comprehensive categories and is based on three pillar scores: the E score, S score, and
G score (Berg et al., 2022; LSEG, 2023). The E score has three categories: resource use,
emissions, and innovation; the S score contains four categories: workforce, human
rights, community, and product responsibility; finally, the G score focuses on
management, shareholders, and CRS strategy. For instance, the MSCI’s environmental
pillar addresses four major issues: climate change, natural capital, pollution & waste,
and environmental opportunities; the social pillar addresses human capital, product
liability, stakeholder opposition, and social opportunities; and the governance pillar
addresses corporate governance and corporate behavior (MSCI, 2024). In the MSCI
ESG score framework, each issue contains several topics; for example, in the MSCI
ESG score framework, carbon emissions fall under climate change, natural capital
covers raw material sourcing, and health & safety fall under human capital (MSCI,
2023a). These frames from the widely used ESG database are another resource for

determining the 13 potential topics. Importantly, the names of these topics differ
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between databases, and some terms are uncommon in the annual reports, so we have

literally simplified and summarized these topics.

The listed companies publish their annual reports in order to communicate with
their stakeholders, increase transparency, and accountability, comply with legal, and
regulatory requirements, maintain investor relations, disclose performance evaluation
and planning, and improve their market reputation and brand image (Ramzan, Amin, &
Abbas, 2021; Stanton & Stanton, 2002). The annual report of a company serves a much
greater purpose: it implicitly reflects the company’s stance on a particular subject.
Nonfinancial reports, such as sustainability reports and CRS reports, provide more
detailed disclosure than annual reports and have become popular in recent years (Heichl
& Hirsch, 2023; Skouloudis, Evangelinos, & Kourmousis, 2010). Previous studies have
used these reports to analyze company insights on specific topics (Goloshchapova,
Poon, Pritchard, & Reed, 2019; Landrum & Ohsowski, 2018). However, nonfinancial
reports differ significantly across countries and company sizes (Dissanayake, Tilt, &
Xydias-Lobo, 2016; Skouloudis et al., 2010). Furthermore, some investors have yet to
release their sustainability or CSR reports, despite an increasing number of companies
doing so (Christensen, Hail, & Leuz, 2021; Opferkuch, Caeiro, Salomone, & Ramos,
2021). The materials chosen for this study are annual reports, that are routine, stable,
and long-standing. Annual reports are concise and informative, so the amount of
representation of a topic within them often reflects its importance. Therefore, accurately
determining the proportion of ESG-related content may provide insight into companies’
focus on this issue. Furthermore, annual reports frequently include discussion regarding
CSR, the central issue of ESG (Anas, Abdul Rashid, & Annuar, 2015; Chan, Watson,
& Woodliff, 2014; Chijoke-Mgbame, Mgbame, Akintoye, & Ohalehi, 2019). Therefore,

we use annual reports of investors as analysis materials in this study.
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Textual analysis has been used in the past to estimate the ESG tendency of
corporations by calculating the ratio of ESG-related words in their annual reports (Baier,
Berninger, & Kiesel, 2020; Caglio, Melloni, & Perego, 2020). However, these studies
have either stringent word count requirements or a restricted number of reports to be
analyzed. As generative pre-trained transformers (GPT), such as ChatGPT, become
more widely used, and recognized (Radford, Narasimhan, Salimans, & Sutskever,
2018), large-scale artificial intelligence (AI) natural language processing (NLP) models
are gradually expanding across a variety of industries. FinBERT (Huang, Wang, &
Yang, 2023), KoBERT (Bang, Ryu, & Yu, 2023), and ESGBERT (Mehra, Louka, &
Zhang, 2022) are some of the advanced NLP models developed for ESG analysis. These
models are based on fine-tuning the Bidirectional Encoder Representations from
Transformers (BERT) model, which may explain why they have lower accuracy than
our models. Large language models outperform other machine learning methods, like
naive Bayes, support vector machine, and random forest, showing the potential and
broad prospects of large language models in ESG-related and financial analyses (Huang
et al., 2023). To conduct a comprehensive and effective analysis of unstructured text
data, such as annual reports, we construct a set of machine learning models, CPTs,
following the transfer learning technique. To make our model more suitable for our task,
we redesigned the network architecture. The novel model is designated CPT because it
is a classification model for “C,” it transplants layers from a pre-trained model for “P,”
and its core component is the transformer block for “T.” Transformer block layer could
help the models focus on the keywords and their pattern to make accurate predictions
(Vaswani et al., 2017). To reduce the number of parameters that must be trained, a
portion of Google’s BERT model (Devlin, Chang, Lee, & Toutanova, 2018) is

transplanted. We fragment each investor company’s annual report into 60-word chunks.
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Then, we assess the relevance of each fragment of an annual report to a particular ESG-
related topic. Finally, we aggregate all relatedness scores of all fragments in the annual
report into a single value ranging from 0 to 1, which represents the trend of the annual
report on the ESG-related topic that was analyzed. We train 13 CPTs, each for a single

ESG-related topic.

This study contributes to the literature in several aspects. First, this study
examines the tendencies of global investors on several topics, as well as their temporal
variations, using annual reports. Several previous studies show a significant shift in
investor preferences from purely economic considerations to a greater focus on ESG
issues such as carbon emissions and social responsibility (Bolton & Kacperczyk, 2021;
Chatzitheodorou, Skouloudis, Evangelinos, & Nikolaou, 2019; Kriiger, 2015).
However, these studies typically describe a broad trend shift without delving into
specific annual fluctuations. Furthermore, prior research primarily examined the
circumstances within specific countries, such as investor perceptions in South Korea
(Park & Jang, 2021), pillar importance in India (Sood, Pathak, Jain, & Gupta, 2023),
among many others (Tang et al., 2024). Second, we investigated and compared the
disparities among different sub-style industrial investors classified on the basis of the
Global Industry Classification Standard (GICS) (MSCI, 2023b). The findings show that
investor preferences are somewhat consistent with their sub-styles. According to Rojo-
Sudrez and Alonso-Conde (2024), the majority of research focuses on the examination
of specific sectors or stock categories, for example, Hong, Li, and Xu (2019) and Blitz
and Fabozzi (2017) rather than providing a comprehensive analysis of all industries
across the economy. Third, we examine the differences between investors in several
major countries using the same benchmark. Cross-country comparisons are uncommon

due to a scarcity of large-scale studies on investor inclinations toward specific ESG
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topics. Fourth, a novel textual analysis method that can objectively and efficiently
analyze annual reports is another major contribution. In addition to extracting
quantitative data from narrative data, there is a noticeable trend of textual analyses on
annual reports being used more frequently in accounting and finance to address diverse
inquiries (Baier et al., 2020; Lokuwaduge & Heenetigala, 2017; Loughran, McDonald,
& Yun, 2009). However, those studies either require experienced researchers to
manually classify the sentences (Giles & Murphy, 2016; Tilling & Tilt, 2010), or
require the creation of comprehensive dictionaries (Baier et al., 2020; Bodnaruk,
Loughran, & McDonald, 2015). Our CPT models combine the strengths of the two
methods mentioned above to improve textual analysis by considering the semantic

context of each phrase and reducing human reliance.

From 2010 to 2021, this study develops high-accuracy CPT models to analyze
more than 3,000 annual reports from 350 top investors globally with the highest ESG
investment ownership. The tendencies on 13 ESG-related topics are extracted from
reports containing more than 102 million valid words. These investors’ average
tendencies are summarized. Additionally, the annual changes for each ESG-related
subject are investigated. We examine further the distinction between investors with

various primary businesses and the temporal variation between the various types.

Methods

Materials

Annual reports of investors
This study aims to develop models for analyzing the ESG tendency of major capital
market investors. A previous study determined the top 350 investors with the loudest

10
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voice on ESG in the 2020 financial year (Keeley, Li, Takeda, Gloria, & Managi, 2022).
Specifically, we focus on investors who have the most investment in companies with
high ESG scores. Alexander R. Keeley et al. (2022) obtained the investors’ investment
portfolio and the ESG scores of the invested companies. Then, the ranking of investors
is computed by the accumulated values of the products of the ESG scores and the total
investment amount of all invested companies. For example, if an investor invests one
million dollars in ten companies each having an ESG score of 0.8, the investor will own
eight million ESG shares. The computation is more complicated in practice; refer
Alexander R. Keeley et al. (2022) for more information. In this way, two factors affect
an investor’s rank: first, the amount of capital under management, and second, the ESG
performance of invested companies. According to our analysis of the investor list
(Supplementary Materials Table S1: Investor List), the scale of capital has a greater
impact. We explore the 13 ESG topics in greater detail using the annual reports of these
investors in our analysis. The primary method is the textual analysis of the annual
report’s language. These annual reports are generally available to the public and listed
on the investors’ websites. While building the annual report dataset, we prioritize user-
friendly annual reports and integrated reports. If neither of these two types of reports is
available, annual reports on Form 10-K or Form 20-F are also acceptable. According to
the list of the top 350 investors, their annual reports from 2010 to 2021 are downloaded.
All of these annual reports are in English versions. We obtain 3,217 PDF files

representing annual reports from the internet.

Natural Language Processing (NLP)
Data preprocessing is required because PDF files cannot be utilized directly for analysis.
First, we must extract text content from PDF documents. The extracted text retains only

11
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uppercase and lowercase letters and numbers, and uppercase letters are converted to
lowercase letters. The retained words are simplified by returning verbs to their original
forms and singularizing plural nouns. This process will reduce the variety of words in
a text’s context. A lower word diversity is associated with a shorter tokenization time
and less computer resource usage. To shorten the context, we remove stop words, such
as “a,” “an,” “the,” “to,” and “and.” The context is tokenized with a pre-trained
tokenizer, the BERT-base-uncased tokenizer (Devlin et al., 2018). Finally, the raw data
are converted to the BERT-base-uncased tokenizer’s word IDs. The BERT-base-
uncased tokenizer is not case-sensitive; for instance, there is no difference between
“Apple” and “apple” during the encoding process. Furthermore, to reduce dictionary
size, the BERT-base-uncased tokenizer employs subword tokenization technology. For
example, “going” would be separated into “go” and “##ing” and then converted into
two numbers respectively. The BERT word IDs are unique integers corresponding to a
single subword. Using the BERT tokenizer is required because the BERT embedding
layer is being transplanted to improve the performance of our model. Since some PDF

files are unreadable by machines, the BERT tokenizer successfully encodes 2,520 files

in total. 102,750,289 word IDs are extracted from these 2,520 files.

The input data for our NLP model are lists of BERT word IDs with fixed lengths,
also known as fragments. In this study, the length was set at 60 words. We need to
clarify that the “word” here actually refers to “token.” Cross-validation indicates that
there is no significant difference in model performance between 60-word and 80-word
lengths; however, using a fragment with 80 words requires more computer resources
and time. The model trained with 60-word fragment data could perform better than the
model trained with 40-word fragment data. Therefore, the 60-word analysis length is

reasonable. The dataset of fragment lists is referred to as the NLP model’s input data.

12
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The input dataset is generated as follows: first, the cursor points to the first words of an
encoded annual report; second, the first 60 words from the cursor location are sliced
into the first fragment; third, the two-word IDs adjacent to the first 60 words are
considered raw output data; and finally, the cursor advances one word and repeats the
previous three steps until the raw output data reach the last word of the annual report.
We generate the input dataset report by report, and the first 60 words and last 60 words
of each report cannot be put into 60 fragments; therefore, the total data size is less than
102,750,289, or approximately 102 million. The raw output data is a two-word phrase.
The real output data is a binary value, with 1 representing yes, and 0 representing no.
On the basis of the judgments, the raw output data should be transformed into the output
data. The determination is whether the two-word phrase is on the list of predefined
phrases. If the phrases in the raw output data are in the predefined phrase list, the output
data are labeled with a 1; otherwise, they are labeled with a 0. In the following section,

we explain the predefined word list in detail.

ESG-related topic phrases (ERTPs)

This study is interested in ESG-related topics, including human rights, governance risk,
greenhouse gases, safety and health, mining consumption, community, domestic job
creation, domestic reflux rate, production cost, water consumption, air pollution,
economic ripple effect, and work environment. Using two BERT word IDs to encode
the ERTPs reduces the amount of work required to create a training dataset. Several

phrases contain three or more words, so we have shortened and simplified them.

29 ¢6

“human right overnance risk,” “greenhouse gas,” “safety health,” “mining resource,”
2 9

2 e 2 <6

“local community,” “domestic job,” “domestic reflux,” “production cost,” “water

2 ¢ e AT 2 6

consumption,” “water consumption,” “air pollution,” “ripple effect,” and “work

13
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environment” are the initial ERTPs. Since the tendency of ESG-related topics will be
analyzed separately, the output data will be labeled 13 times, such as whether they are
consistent with human rights or governance risk. To mark the raw output data, we
determine if the phrase in the raw output phrase data is identical to an ERTP. Even
within a 102 million-record dataset, strict consistency is uncommon. Therefore, each
ERTP phrase list must be expanded. The literal synonyms of ERTPs are evaluated first.
If the phrase is a synonym of one ERTP, it will be added to the phrase list of that ERTP.
It must be emphasized that the ERTPs’ synonyms are identical or similar phrases. For
example, “carbon dioxide” and “greenhouse gas” are considered synonymous in the
majority of scenarios, so “carbon dioxide” should be added to the ERTP phrase list for
“greenhouse gas.” Without enough positive data, valid large-scale NLP model training
is difficult. Nonetheless, the number of literal synonyms must be limited. Risky is the

expansion of ERTP synonym lists without careful consideration.

In the study, a semi-automatic program dubbed “ESG synonyms searcher” (ESS)
was developed to effectively and efficiently search for synonyms. In essence, our
method is a commonly used NLP learning technology known as active learning. Active
learning is semi-supervised. This method uses iterative training and prediction to
continuously update the data labeling criteria (Roh, Heo, & Whang, 2021; Schroder &
Niekler, 2020). Manual data labeling is much more expensive and time-consuming than
active learning. The search processing is as follows: first, we build a training dataset
for a CPT model and train the CPT model; second, we randomly select some input data
that are labeled as 0 and use the trained CPT model to predict that dataset; third, we
analyze the predicted result to find which phrase is always mislabeled as positive and
take the top 30 as the potential ERTP synonyms; fourth, we calculate the cosine

similarity between phrases in the synonym lists of a certain ERTP and phrases obtained

14
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in the third step; fifth, we artificially check whether the phrase with over 60% similarity
is a synonym of the ERTP; lastly, we repeat the first six steps until the synonym lists
of ERTP is large enough. Here is a list of information regarding the ESS. In the first
step of constructing the training dataset, all positive-labeled input data is selected based
on the current ERTP synonym phrase list. Then, 20 random samples of input data
labeled 0 are taken. We combine these datasets and assign weights to each record to
balance the accurate and inaccurate data ratio. In the second step, we train the CPT
model with 50 epochs and set the early stop with 20 epochs of patience, based on the

loss of the cross-validation dataset.

Procedures

Basic assumptions

Here, to precisely analyze the annual reports, we propose two assumptions: first,
companies care more about the topic they frequently mention in annual reports than
topics that do not appear at all (Assumption I), which is widely adopted in previous
studies (Baier et al., 2020; Bodnaruk et al., 2015); second, some parts of a sentence
must be highly related to another meaningful part of the same sentence’s interest
(Assumption II). In other words, the purposeful parts can be anticipated and deduced
from their context. For instance, if a sentence fragment reads, “air pollution causes
some cancer, so we plan to reduce (UNKNOWN),” most people would assume that
(UNKNOWN) refers to a phrase associated with air pollution. Then, we generalize
Assumption II, which states that a specific phrase can be inferred from the words that
precede it. The GPT model produces a sentence that conforms to the same logic

(Radford et al., 2018; Radford et al., 2019). This generalization holds true for certain
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types of texts, especially company annual reports, which are typically succinct,

coherent, and easily understood without the use of metaphor or irony.

Based on Assumption II, after reading a few words, it is possible to infer
whether the following phrase is related to ESG-related issues. In this study, we set the
minimum number of words the model must read to 60. The CPT model could be used
to calculate the probability that the phrase of interest is on an ERTP synonyms list.
Notably, the probability of belonging is not intended to predict the next phrase because
we do not intend to develop generative Al models like ChatGPT (Radford et al., 2018).
The probability represents the propensity of the 60 input words to correspond to a
particular ERTP. The central component of the CPT model is the self-attention block.
Inputting 60 words into the CPT model for greenhouse gases, for instance, yields a
probability of 0.85. We believe the pattern and a portion of the input words are strongly
associated with greenhouse gases. The tendency of the entire annual report to a

particular ERPT is the average value of all fragments extracted from the report.

The average probability predicted by the CPT model differs significantly from
the frequency of phrases in annual reports. Counting phrase appearance directly is
inflexible because counting requires precise word matching. Nevertheless, it is
impossible to list all synonyms. Some phrases may be too ambiguous to be considered
synonyms of a particular ERPT. The likelihood of a relationship could be a viable
solution. According to the well-trained model, the output probability should be close to
1 if the phrase next to the input fragment is on the ERPT’s list of synonyms, and vice

versa.
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CPT

The CPT models estimate whether a 60-word input fragment is associated with a
particular ERPT. This is a typical task involving binary classification. The CPT model
has eight layers: input layer, BERT embedding layer, transformer block layer, pooling
layer, two dropout layers, and two dense layers (Fig. 1). The input layer creates a tensor,
representing a 60-integer sequence. The embedding layer’s primary function is to
reduce tensor dimensions (Mikolov, Sutskever, Chen, Corrado, & Dean, 2013). The
dictionary of the BERT tokenizer contains 30522 words. After one-hot encoding, each
fragment becomes a 60x30,522 matrix, as each token is rewritten as a one-hot vector
with 30,522 elements. The embedding layer reprojects the vectors into a 768-
dimensional semantic space, significantly reducing the tensor size (Devlin et al., 2018).
The transformer block layer, which is always at the center of the transformer model,
employs a self-attention mechanism including an eight-head self-attention component
(Vaswani et al.,, 2017) and a position-wise feedforward network. This layer has
18,946,592 parameters and assists the CPT model in softly focusing on potential GHG-
related critical words and patterns (Vaswani et al., 2017). Averaging decreases
dimensionality in the global average pooling layer. To avoid overfitting, two dropout
layers are combined, and the dropout ratio is set to 0.1. To generate a number, two
dense layers connect the network, each with 49,216 and 130 trainable parameters. A
CPT model contains 128,478,178 parameters, including 18,995,938 trainable
parameters and 109,482,240 non-trainable parameters derived from the BERT model.
Moreover, we train the CPT models for 50 epochs with an early stopping patience of
20 epochs. Specifically, the model is trained for up to 50 epochs. If, after a certain
period, the model’s accuracy does not improve within the next 20 epochs, the training

process is terminated before reaching the 50-epoch limit. We train and apply the
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network on four virtual machines on the Google Cloud Platform, each with an A100
40GB GPU, using TensorFlow 2.12.0 and Python 3.9.16. The GPU driver version is
525.105.17, and the CUDA version is 12.0. We use the Adam optimizer with a 0.0001
learning rate, categorical cross-entropy loss, and a 32-data batch size. Models are

trained for 20 epochs and early stop with 5-epoch patience.

To create the training dataset, we downloaded and pre-processed a large number
of annual reports from listed companies, with the requirement that the length of the
annual report after tokenization not be less than 5,000 tokens. It should be noted that
this annual report dataset contains investor reports; however, during training and
validation, the training and validation datasets are strictly separated. Thus, the
validation metrics are reliable. The processed dataset contains approximately 380
million tokens in total. The dataset could be divided into a similar number of 60-token
fragments. All fragments are labeled based on the ERTPs found through ESS searches.
For a specific ESG-related topic, if the two-word phrase following a fragment is in the
corresponding ERTP list, the fragment is labeled as true; otherwise, it is labeled false.
However, true-label data is relatively scarce. We randomly sample some data from all
false data to keep the dataset size around 380,000. Following random selection, the
dataset will be divided into two parts: the training dataset and the validation dataset.
Their size ratio is roughly 9:1. We have 13 ESG-related topics, so we built 13 datasets

to correspond with them.

We train 13 CPT models. Each CPT model is accountable for a specific ESG-
related topic. In the experimental phase, we employ two training strategies for the CPT
model. The current version is the first; training separated 13 CPT models. The
alternative strategy is to train a unified model with 14 output categories, including a
“None” category unrelated to any ERTPs. SoftMax is the final activation function of
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the unified model. Therefore, the probabilities of each ERTP could be estimated in a
single prediction. The most significant benefit of training a unified model is that it can
reduce training and report-analysis time. However, our dataset is unbalanced, making
it difficult to determine the appropriate weights for each record. Additionally, some
phrases may be associated with multiple ERTPs. Since the sum of SoftMax’s outputs
is always 1, the function’s outputs would underestimate the relationship. Due to these

factors, we opt for a separate-model plan.

Statistical indicators

Because all CPT models are for binary classification, the statistical indicators, including
accuracy, precision, recall, and F1-score, are selected based on the confusion matrix.
All statistical indicators are based on a 9:1 cross-validation ratio. In the 9:1 cross-
validation, 90% of the records in the total dataset are used to train the CPT model, while
the remaining 10% are used to test the model’s accuracy. A confusion matrix
summarizes the disparity between predicted and actual labels in the cross-validation
dataset. Table 1 is an example of a matrix of confusion. Actual labels are the output
labels of the records: for a particular ERTP, the output label would be 1 if the raw output
phrase is on the ERTP list, and 0 otherwise. Predicted labels are the labels of the CPT
model prediction: if the predicted probability is greater than 0.5, the prediction is
positive, and if it is less than 0.5, the prediction is negative. In the confusion matrix, a
True Positive (TP) instance is one in which the actual label matches the predicted
positive label; a False Positive (FP) instance is one in which the actual label does not
match the predicted positive label; a True Negative (TN) instance is one in which the
actual label matches the predicted negative label; and a False Negative (FN) instance is
one in which the actual label does not match the predicted negative label. In the
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confusion matrix, the counts for TP, FP, TN, and FN instances are TP, FP, TN, and FN,

respectively.

Accuracy is the percentage of instances correctly predicted out of the total
number of instances. It provides an overall performance measurement of the CPT model,

which is computed as follows:

TF; + TN, (1)
TP, + FP; + FN; + TN,

Accuracy; =

where Accuracy; represents the accuracy of the jth CPT model for the jth ERTP, TP
is the count of TP instances in the jth CPT model cross-validation, TN; is the count of
TN instances in the jth CPT model cross-validation, FP; is the count of FP instances in
the jth CPT model cross-validation, and FN; is the count of FN instances in the jth CPT

model cross-validation.
Precision is the proportion of correctly predicted positive instances relative to
the total number of positive instances predicted. It emphasizes the precision of the CPT

model’s positive predictions, which are estimated as follows:

TP; 2
Precisionj = W]FP] 2)

where Precision; represents the precision of the jth CPT model for the jth ERTP.

Recall measures the ratio of correctly predicted positive instances among the total

actual positive instances, which is calculated as follows:

o 3)

where Recall; represents the recall of the jth CPT model for the jth ERTP. Fl-score is

the harmonic mean of precision and recall, providing a balanced measure of the model’s
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performance. It considers both precision and recall and is especially effective when the
dataset is imbalanced. F1-score is calculated as:

2 X Precision; X Recall; (4)
(Precision; + Recall;)

F 1sc0rej =

where Flscore; represents the Fl-score of the jth CPT model for the jth ERTP.

ESG tendency analyses

After obtaining accurate CPT models, we analyze the available annual reports of
investors. The annual report should be streamlined, tokenized, and broken down into
discrete 60-word fragments. Each CPT model scans the datasets, which contain all the
information required for an annual report. The CPT models generate 13 probability
arrays for a single annual report. Each array is computed for a specific ERTP. We
average the array of probabilities for a single investor during a specific year. Each
word’s relatedness to a specific topic in its context could be estimated by assuming that
the probability of relatedness for each word in a fragment is the same as the probability
of the fragment itself. Importantly, because the fragment moves one word forward at a
time in the annual report and the fragment length is 60, the CPT models scan almost
every word 60 times. As a result, each word has a probability of 60. We could calculate
the relatedness probability of the word by averaging the 60 probabilities. The tendency
of the annual report could be calculated using the relatedness probabilities of each word.
In this article, the average probabilities are considered the ESG tendencies for each
ERTP, ranging from 0 to 1, and are expressed as a percentage. The following equations
use mathematical logic to estimate the tendency toward one topic in a single annual

report:
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Relatedness;; = CPT;(fragment;) (5)
where fragment; represents the i th fragment, Relatedness;; represents the
relatedness level between the ith fragment and the jth topic, and CPT; represents the

CPT model corresponding to the jth topic. The tendency of an annual report is

computed as follows:

. Relatedness; (6)
Tendency;, = z

i=0

ny

where Tendencyj, represents the kth annual report’s tendency toward the jth topic, ny
is the number of fragments that could be encoded from the kth annual report, and
Relatedness;j is the Relatedness;; using the kth annual report.

Importantly, the CPT method differs significantly from the word-counting
method. The word-counting method counts the words on a predetermined dictionary
and then calculates the word frequency in the entire annual report. First, the word-
counting method necessitates that the ERTP dictionary should be exact. The output of
the word-counting method is either 1 or 0; there is no intermediate state. When some
phrases are ambiguous, the word-counting method yields irrational results. The CPT
technique is more adaptable. The CPT method estimates the likelihood of a phrase
having a close relationship to an ERTP. Second, the output probability from the CPT
method represents the tendency of the 60-word input fragment rather than a single

phrase.

We also look at the annual trends in tendency changes, the differences between
investors from different sub-styles, and the disparity between investors from the six
major countries with the highest GDPs, namely China, France, Germany, Japan, the
United Kingdom, and the US. This study has a global scope and includes countries like

Switzerland, South Korea, Liechtenstein, and Canada. Due to space constraints, we
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chose the largest country as a representative sample. To highlight the differences

between different sub-styles and counties, we standardize all tendency values as follows:

Tendencyj, — MeanTendency; (7)

StanTendencyj, = StdTendency;
j

where StanTendencyj, represents the standardized value of the kth annual report’s
tendency toward the jth topic, MeanTendency; is the average value of all reports’
tendency toward the jth topic, and StdTendency; is the standard deviation of all

reports’ tendency toward the jth topic.

Results

Statistical indicators of CPT models

The statistical indicators of the CPT models for each ERTP are displayed in Table 2.
The CPT model for the ERPT, “governance risk has the lowest accuracy, 94.41%, and
the highest Fl-score, 92.28%. The ERPT “governance risk” has the most instances
labeled as 1 in the training dataset. According to relatively similar accuracy, precision,
recall, and F1-score values, the “governance risk” CPT model for the ERPT is the most
reliable among the 13 trained CPT models. The CPT model for the ERPT, “domestic
reflux rate,” has the highest degree of accuracy, 99.72%, and F1-score is also good,
91.99%. The number of synonym phrases in the ERPT synonym list affects the
performance of the model. The ERPT synonym lists contain 24 and 9 synonyms for
“governance risk” and “domestic reflux rate,” respectively. On the contrary, the CPT
model for the ERPT question “domestic job creation” has the poorest performance. The
accuracy, precision, recall, and F1-score are 98.10%, 42.44%, 70.78%, and 53.06%,

respectively. The number of records that contain positive label in its cross-validation
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dataset is 959, or 2.54%, but its ERPT synonym list contains 60 terms. In other words,
the entire dataset contains few phrases for each synonym. It is difficult for the CPT
model to precisely “remember” phrases that appear less than five times in the total
dataset, and the model’s profile learned from the dataset with relatively scattered
ERTPs is also vague. During cross-validation, some records that appear less frequently
in the training dataset are difficult to recognize, and many phrases that are not on the
ERTP list of “domestic job creation” are incorrectly predicted as positive instances. As
a result, the model’s precision decreases. The CPT model for ERPT, “work
environment,” is similar in that its precision is lower because the ERTP list for “work
environment” is also relatively large and sparse. On the basis of numerous experiments,
we balance training data, model construction, and training strategies. In conclusion, the

current model is the best option under current conditions.

Average ESG tendency of all annual reports

Table 3 shows the average ESG tendency across all annual reports in our database. Out
of 13 ESG-related topics, production cost, and governance risk have the highest
tendency, accounting for 10.95% and 10.02%, respectively. These annual reports pay
least attention to the domestic reflux rate, which is 0.68%. Investors place a higher
value on water consumption, accounting for 2.53%, while safety and health receive the
highest priority, accounting for 4.72%. The average trends for environmental, social,
and economic factors are 2.19%, 2.74%, and 8.51%, respectively. For these investors,
the economic aspect is of the utmost importance, whereas the environmental, and social

aspects receive equal attention.
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Temporal variation in ESG tendency

Table 4 summarizes the ESG tendencies by year. There are approximately 200 annual
reports per year, a number that remains stable over time. According to the mean values
of ESG tendencies in all available annual reports, among 13 ERTPs, the majority of
investors’ language in the annual reports relates to “production cost” and “governance
risk” annually. These two subjects consistently stand out as pivotal components of
investors’ annual reports. Conversely, the “domestic reflux rate” has consistently
garnered less emphasis. Fig. 2 depicts the changes in ESG trends for each ERTP
throughout the year. Investors gradually increase the weights of ESG tendencies of
ERTPs, including “greenhouse gas” (Fig. 2b), “work environment” (Fig. 2e), “safety
and health” (Fig. 2g), “community” (Fig. 2f), “human rights” (Fig. 2h), “domestic job
creation” (Fig. 2i), “domestic reflux rate” (Fig. 2j) and “governance risk” (Fig. 2Kk).

According to Figs 2a, 2¢, 2d, 21, and 2m, the ESG trend of other ERTPs, including “air

2 6 e TY 2 ¢

pollution,” “water consumption,” “mining consumption,” “production cost,” and

“economic ripple effect,” is decreasing over time.

Differences in ESG tendency among sub-styles

We divide the investors into eight sub-styles based on the GICS (MSCI, 2023b), which

99 Ces

are “bank and trust,” “corporation,” “hedge fund,” “holding company,” “insurance
company,” “investment advisor,” “investment advisor/hedge fund,” and “research firm.”
Specifically, the GICS divides all investors into three styles--investment managers,
strategic entities, and brokerage firms--and then into eight sub-styles. We prefer the
sub-style category because it is more intuitive and clear. Table 5 shows the tendency

for each sub-ESG style. To make the distinction between the sub-style investors clear,

Fig. 3 shows the average standardized values for each topic, organized by sub-styles.
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Table 5 shows that almost all investors place great importance on governance risk and
production cost. Compared to other sub-styles, “bank and trust” investors most

2 <6

frequently mention the content related to “community,” “economic ripple effect,” and
“domestic reflux rate,” which are 0.27, 0.31, and 0.12 standard deviations above the

averaged values, respectively (Fig. 3a). The corporation investors, focusing on entities,

2 <6 2 ¢

express the most attention to “air pollution,” “greenhouse gas,” “water consumption,”

29 ¢6

“mining consumption,” “work environment,” and “human rights,” which are 0.30, 0.30,
0.32, 0.24, 0.22, and 0.11 standard deviations higher than the average values,
respectively (Fig. 3b). However, “corporation” investors notice risk governance the
least. The ESG tendencies of “hedge fund,” “investment advisor,” and “investment
advisor/hedge fund” investors are similar, except for “economic ripple effect” and
“governance risk,” as their tendencies toward other topics are lower than the average
levels (Figs. 3¢, 3f, and 3g). Interestingly, “holding company” investors are the most
interested in safety and health, roughly 0.91 standard deviations higher than the average
value, followed by “insurance company” investors approximately 0.34 standard
deviations higher than the average level (Figs. 3d and 3e). Except for “research firm”
investors (6.27%), the production cost tendencies of all other investors are roughly 10%
as shown in Table 5. “Insurance company” and “corporation” investors focus the most
on production cost, around 0.16 and 0.12 standard deviations higher than the average
values, respectively (Figs. 3e and 3b). Compared with other investors, “research firm”
investors focus on governance risk and domestic job creation the most, compared with

other investors, which are 1.33 and 0.35 standard deviations over the average levels,

respectively (Fig. 3h).
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ESG tendency temporal variation in different classes

The sub-style is further divided into two classes: the financial class and the nonfinancial
class. The nonfinancial class consists primarily of corporation and holding company
investors, whereas the financial class includes all other investors. The nonfinancial class
pays more attention to environmental and human-related issues, such as air pollution,
greenhouse gases, water consumption, mining consumption, work environments, safety,

and health, and human rights, than the financial class.

Fig. 4 displays the ESG tendency temporal variation in different classes from
2010 to 2021. The trends of temporal variation of greenhouse gas (Fig. 4b), work
environments (Fig. 4e), community (Fig. 4f), safety, and health (Fig. 4g), human rights
(Fig. 4h), domestic job creation (Fig. 4i), and economic ripple effect (Fig. 4j) in the
financial and nonfinancial classes are roughly the same, although the degrees vary.
Nonfinancial investors are more concerned with environmental issues, such as air
pollution, water consumption, and mining consumption (Fig. 4a, 4¢, and 4d). However,
it appears that the attention paid to these issues is gradually diminishing. The investors
in the financial class continue to hold a relatively stable and subdued view of these
topics. In recent years, financial investors have increased their emphasis on governance
risk, while nonfinancial investors have become less concerned (Fig. 4k). Both financial
and nonfinancial investors gradually mention a decline in production costs, but in 2021,
only nonfinancial investors increase to emphasize it (Fig. 41). Beginning in 2018,
nonfinancial investors are more aware of the domestic reflux rate, whereas financial

investors are less aware (Fig. 4j).
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Differences in ESG tendency among major countries

Fig. 5 shows the standardized ESG orientation of investors in the six countries with the
highest GDPs, excluding India. Importantly, the top 350 investors come from all over
the world and not just these six countries. There are no Indian investors among the top
350 investors with the highest investment ownership. Investors in China are most
concerned with production costs. The least attention is paid to air pollution, greenhouse
gas countries, water consumption, mining consumption, and economic ripple effects
compared to foreign investors (Fig. 5a). Investors in France are more concerned with
human rights than investors in other countries, while they rarely focus production cost
and domestic reflux rate (Fig. Sb). Investors in Germany pay the most attention to
safety and health and economic ripple effect, while they pay the least attention to
community (Fig. Sc¢). The Japanese investors emphasize community, air pollution,
greenhouse gas, water consumption, work environment, domestic job creation, and
domestic reflux rate, but governance risk is mentioned the least (Fig. Sd). Investors in
the United Kingdom are more concerned with governance risk than they are with safety
and health (Fig. Se). United States investors emphasize mining consumption the most.
In contrast, they make the fewest references to work environment, human rights, and

domestic job creation (Fig. 5f).

In terms of ESG tendency patterns, the United States and China are comparable
(Fig. 5a and 5f). They pay relatively little attention to environmental issues such as
water consumption, greenhouse gas emissions, and air pollution. Although these topics’
ESG tendencies are the lowest among Chinese investors, their ESG tendencies among
American investors closely follow those of Chinese investors. The three European
countries’ patterns are similar (Fig. Sb, Se¢, and Se). Japan shows the most prominent

trend in both environmental and social issues (Fig. 5d).
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ESG tendency temporal variation in major countries

From 2010 to 2021, Fig. 6 depicts the ESG trend of investors in the six largest countries.
Clearly, we add linear fitting lines to show the changing trend. Japan’s investors are
keenly interested in the majority of ESG-related topics. However, attention to air
pollution, water consumption, and mining consumption decreased over time (Figs. 6a,
6¢c, and 6d), despite the current value being the highest among the six counties.
Investors in the United Kingdom are discussing all ESG-related topics with the
exception of production cost more frequently. The situation is comparable to that of
German and French investors. Investors in the United States are gradually emphasizing
mining consumption and governance risk, while remaining relatively stable on other
issues. Investors in China are gradually increasing their focus on safety and health,

human rights, governance risk, and greenhouse gas emissions.

Discussion

This study is a significant step forward in research because it pioneers the use of NLP
and machine learning to uncover trends on the 13 ESG-related topics from unstructured
data, specifically investor annual reports. We meticulously analyzed 2,533 annual
reports from 2010 to 2021, sourced from the top 350 investors with the highest ESG
ownership. We processed over 102 million valid words using our computational models,
which would have been extremely difficult for human analysts to do on their own. Our
findings show that investor attention has shifted away from purely economic metrics
toward environmental and social considerations since 2010, though the economic

aspect remains the most important. We observed that investors’ preferences tend to
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align with their respective investor types’ preferences. Furthermore, our findings show
a consistent evolution of ESG tendencies in financial and nonfinancial investors over
time. We also discovered differences in investor tendencies by country, as well as
variations in trends across countries. To facilitate this research, we present CPT, a novel
textual analysis methodology that effectively and objectively analyzes the language of
the annual report on ESG topics. Overall, this study provides valuable insights into
investors’ changing priorities and emphasizes the importance of using advanced
computational methods to extract meaningful information from large amounts of

textual data.

In terms of overall tendency composition, investors continue to prioritize
economic aspects; however, they are gradually shifting their focus to social and
environmental aspects globally, consistent with single-country studies (Park & Jang,
2021; Sood et al., 2023; Tang et al., 2024). The reasons for this change and pattern are
numerous. First, governments and organizations develop and mandatorily implement
more environmental and social regulations (Baumiiller & Sopp, 2022; Gustafsson et al.,
2023; Linsley, Abdelbadie, & Abdelbadie, 2023). For example, the United States
Greenhouse Gas Reporting Program, which began in 2010, required firms to disclose
their GHG emissions and affected 6200 facilities, whose emissions roughly accounted
for half of total US emissions in that year (Tomar, 2023). Furthermore, as a result of
the criminalization of human rights violations under the French Duty of Vigilance law,
companies, particularly transnational companies, are paying more attention to human
rights as a result of the criminalization of human rights violations (Gustafsson et al.,
2023; Schilling-Vacaflor, 2021). The Non-Financial Reporting Directive has
institutionalized and standardized ESG-related information disclosure (Baumiiller &

Sopp, 2022) in the European Union. Second, the investors generally avoid
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environmental and social risks (Bolton & Kacperczyk, 2021; Cornell, 2021). In other
words, investors focus more on these risk factors. In relation to our results, the
significance of the GHG emissions gradually increases; for example, Han, Lee, and
Wang (2023) show that foreign investors avoid investing in Korean firms with high
GHG emissions. Third, in terms of the importance, the economic aspect always receives
the most attention, which makes sense as our materials are the annual reports. Annual
reports are financial reports that primarily disclose information about business
conditions and strategies (Ramzan et al., 2021; Stanton & Stanton, 2002). To pursue
greater profitability and efficacy, companies inevitably emphasize production cost,
governance risk, and economic ripple effect. Our results are consistent with this

fundamental premise.

Several factors influence the variation in ESG tendencies among investors’ sub-
style businesses. On the one hand, nonfinancial investors, specifically corporations and
holding company, are closer to the production, indicating that there will be more laws
and regulations that will directly impact them. For example, China’s mandatory
disclosure regulation requires the heavily polluted firms to disclose their environmental
impacts (Z. Zhang, Su, Wang, & Zhang, 2022), despite the fact that all of these firms
are nonfinancial sectors. Nonfinancial investors are more likely to disclose information
about their environmental and social impacts to reduce their systematic risk and cost of
equity as governments focus more on the commodity and supply chain (Cuomo, Gaia,
Girardone, & Pisera, 2022). Our results indicate that “corporation” investors are
significantly prone to disclosure more likely to disclose environmental and social
information, consistent with the context and logic of previous literature (Cuomo et al.,
2022; Z. Zhang et al., 2022). Financial investors, on the other hand, tend to reduce

governance risk because of their critical role in maintaining the integrity, stability, and
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compliance of financial institutions (Aevoae, Andries, Ongena, & Sprincean, 2023; Di
Tommaso & Thornton, 2020), and they have fewer less direct impacts on environmental
and social aspects and indirectly mediate them through green financing (X. Zhang,
Wang, Zhong, Yang, & Siddik, 2022). Consequently, there is a substantial difference
in sub-styles between financial and nonfinancial investors. Furthermore, recently, both
financial and nonfinancial investors have been gradually increasing their emphasis on
key topics such as GHG, human rights, and the work environment (Bolton &
Kacperczyk, 2021; Han et al., 2023). Nonfinancial investors are primarily responsible
for variations in overall tendencies toward air pollution, water consumption, and mining
consumption because they are most impacted and supervised the most in these areas by
governments and society. Regarding the time-series changes in the trend toward ESG
in various countries, only on the topic of GHG do all of the changes point in the same

direction.

Several factors contribute to the variation at the country level. It is important to
note that our scope is global, encompassing more than 20 countries and regions, and we
only discuss the six countries with the highest GDP. Voluntary ESG reporting is a major
reason why Japanese investors’ ESG tendencies differ significantly from those of other
countries (Nakajima & Inaba, 2022). Around 2015, Japanese investors and firms began
replacing traditional annual reports with integrated reports (Oshika & Saka, 2017).
According to the reports in our dataset, investors from other countries do not use
integrated reports as widely and extensively, and instead conduct nonfinancial
disclosure through separate nonfinancial reports. Although the patterns of the United
States and China are comparable, their characteristics are distinct. The majority of
financial investors in the United States prefer to pay greater attention to governance

risk and production cost. As the largest developing country, China’s investors are
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expanding, and seeking a larger market share and better financial performance;
therefore, economic factors are the most important consideration. Japan lacks both
natural and human resources, and corporations account for the majority of its investors.
Because they are closer to the production line, they naturally prioritize environmental
and social concerns. Prior to Brexit, German, French, and UK investors were primarily
governed by various EU agreements and mandatory disclosure regulations, such as the
Non-Financial Reporting Directive (Baumiiller & Sopp, 2022; Caputo, Pizzi, Ligorio,
& Leopizzi, 2021). Moreover, these three countries have similar levels of economic
development. Therefore, they represent a new paradigm. Another factor that may
contribute to country-level variation is the disparity in accounting standards between
nations. Although these standards may influence textual content, there are currently no
methods to address this disparity. However, many countries worldwide are in the
process of adopting new standards proposed by the Sustainability Accounting
Standards Board, which will go into effect between 2023 and 2025. This could be a

critical step toward resolving the issue.

Multiple potential stakeholders, including governments, companies, investors,
and consumers, can derive valuable insights and implications from our research.
Governments can leverage our findings to comprehend the average level of investor
tendencies on various ESG topics across several major countries. Additionally, by
understanding the average tendencies of different investor sub-styles, governments can
formulate more targeted policies to guide these diverse investor groups (Liu, Cifuentes-
Faura, Zhao, & Wang, 2024). For companies, a deeper understanding of investor
preferences can enhance their prospects of attracting investment. This insight may
encourage companies to adopt ESG-related strategies more proactively and to disclose

ESG-related information more transparently (Chen & Xie, 2022; Van Duuren,
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Plantinga, & Scholtens, 2016). Our study highlights the ESG tendencies of the largest
investors, indicating that other investors may need to adjust their strategies to remain
competitive (Assaf, Monne, Harriet, & Meunier, 2024). Investors often play a pivotal
role in market activities, and their emphasis on ESG considerations will eventually
influence consumers through the products and services offered by the invested
companies. Consumers can thus gain an understanding of market trends by analyzing

investor behavior and take informed actions to safeguard their interests.

Our CPT models substantially improve textual analyses of annual reports.
Textual analyses are essential in ESG evaluations (Baier et al., 2020; Giles & Murphy,
2016; Lokuwaduge & Heenetigala, 2017; Loughran & McDonald, 2016). The methods
in previous studies can be roughly divided into two categories: the first way is to define
a dictionary of ESG and then count the occurrences of each element of the materials,
e.g., Baier et al. (2020), Jiang, Gu, and Dai (2023) and Loughran, McDonald, and
Otteson (2023); the second approach is to manually classify the content through human
reviews of the reports and based on the researchers’ knowledge, e.g., D'Augusta,
Grossetti, and Imperatore (2023), Giles and Murphy (2016), and Lokuwaduge and
Heenetigala (2017). The fundamental premise of the appearance-counting method is
that documents will mention a subject more frequently if their authors have a vested
interest in it. The first approach requires fewer resources and is more objective, but it
ignores semantic context. Furthermore, deciding whether a word or a phrase should be
included in the dictionary is difficult because some phrases are only partially related to
a topic. The second approach focuses on human resources as the critical bottleneck, but
the analyses of each sentence are more thorough. Furthermore, this method has a
significant degree of bias and subjectivity. Previous studies, such as Giles and Murphy

(2016) and Tilling and Tilt (2010), have used a second-order analysis scale of less than
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1000 reports. The CPT models consider the benefits of both methods at the cost of
computing resources. Our method decreases reliance on the predefined word lists,
specifically ERTPs in this study, and broadens the relatedness output scale from a
binary 0 or 1 to a continuous range of 0 to 1. For instance, “sulfur dioxide” appears
infrequently mentioned in our training dataset and is associated with air pollution, but
it is not included in the ERTP. Thus, on the basis of preceding 60-word fragment, it
should not be considered relevant. Nonetheless, our trained CPT model predicts a
0.8677 output in an experimental instance, which contradicts human judgment, because
the prediction is based on the semantic context of the input 60-word segment. This
shows how the CPT models correct human inaccuracies. Unlike previous studies, our
dictionary’s purpose is to assist models in determining which fragments are relevant to
the topics of interest. Due to probability-based correction, we can use reasonably sized
dictionaries while ensuring that focus is not missed, which is an improvement over
previous studies (Baier et al., 2020; Bodnaruk et al., 2015). In other words, we only
need to add common and frequently used terms to the dictionary of CPT models, which
significantly reduces the difficulty of creating it. Because we use CPT models to
compute the relatedness probabilities of fragments, the results of this method differ
from appearance-counting statistics performed directly on the dictionary. Although
they primarily digest sentences from reports, the 60-word fragments may retain the
semantic contexts as seen in previous studies. We do not analyze sentences directly
because it is difficult to accurately extract sentences from PDF files. Furthermore,
models based on the transformer block require fixed input lengths (Vaswani et al.,
2017). Although we could use the padding and punctuation technology to manipulate
the sentences, a 60-word fragment may be more efficient and effective. This allowed

our models to objectively analyze large-scale datasets with high accuracy and low cost.
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FinBERT (Huang et al., 2023), KoBERT (Bang et al., 2023), and ESGBERT
(Mehra et al., 2022) are examples of Al models developed for report sentiment analysis
and ESG content classification. The tasks of the CPT models are not the same as those
in previous studies, that is, the CPT models are to estimate the relatedness between each
fragment in a report and a specific topic related to ESG; FinBERT is to analyze the
sentiment of the report sentences (Huang et al., 2023); KoBERT is to judge whether
Korean content is related to ESG (Bang et al., 2023); and ESGBERT is to probe the
change in environmental risk score change or not and the direction of change (Huang
et al., 2023; Mehra et al., 2022). Furthermore, in terms of accuracy, the CPT models
outperform FinBERT’s 88.2% and ESGBERT’s 67.09% for the change classification
task and 79.30% for the change direction classification. However, zero-shot learning is
gradually gaining popularity. For example, a previous study showed that the fine-tuned
GPT-2 model could achieve an average 94% accuracy in multilabel classification tasks
(Puri & Catanzaro, 2019). Additionally, fine-tuning more advanced models, such as
ChatGPT 4.0, Meta Llama 2, and Google PalLM, among many others, may improve
performance even further. However, for specific problems and topics, CPT models
should perform better than large models because they can handle such tasks with fewer

resources, specifically fewer GPUs and lower electricity consumption.

This study has several limitations. First, due to our current computing
limitations, we only cover 350 investor annual reports from 2010 to 2021, despite the
fact that the size of the investigated data totals 102 million. A larger data set could
improve the CPT model’s precision and adaptability and investigate for a more
thorough examination of country-level differences. In the words, more investors should
be included in the analysis. According to annual reports, there is a certain amount of

delay. The majority of annual reports become available the following year. Whether
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other official resources could be utilized is still up for debate. Third, despite the
impressive performance of the current CPT models, additional fine-tuning, and training
are necessary to improve their performance. Moreover, a certain level of sampling bias
problem exists in our study. Since LLM is expensive to train and use, we could not
analyze thousands of investors. Therefore, we selected 350 investors based on previous
research. These 350 investors have the largest ESG ownership, and they also have
relatively large capitalization. In this way, their tendency variation would cause a ripple
effect in leading responsible investments. All of them are large and relatively more
transparent and have thousands of investments either green or brown. However, our
research has relatively neglected small investors and investors who mainly invest in
non-listed companies. In future research, more unstructured data will be collected and
analyzed to examine the temporal variation of ESG studies in greater detail. More
investors could be considered to reduce sampling bias. Furthermore, over time,
language evolves, and popular terms undergo changes. It is crucial to delve deeper into
the fluctuations in the usage of specific words to depict shifts in institutional language
and societal trends. Improvements to the CPT models would be considered with a larger
data set and better architecture. Unknown is whether the ESG trend impacts companies’
decision-making and allows them to act. Consequently, it is necessary to investigate the
connection between their tendencies and actions. Finally, while multicollinearity can
occur in deep learning models, its impact is managed through the inherent capabilities
of neural networks to learn complex patterns, the use of regularization techniques, and
dimensionality reduction methods. However, it remains important to be aware of

multicollinearity.
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Conclusion

Based on a textual analysis of more than 3,000 annual reports released between 2010
and 2021, the general tendencies of investors toward diverse ESG-related topics, their
temporally evolving pattern, the difference between investors from various sub-style
businesses, and the potential variation of the composition of investor inclinations across
major countries are investigated in this study. This study shows that investors are most
concerned with the economic aspects of ESG, specifically governance risk, and
production cost. However, their emphasis on production costs diminishes over time. In
addition, investors are increasing a greater importance on ESG factors. Environmental
and social factors are mentioned more frequently by nonfinancial investors than by
financial investors. Japan’s investors place a greater emphasis on the environmental
and social aspects of ESG compared to investors from China and the United States,
whose annual reports focus less mention of these countries. Our results suggest that
investors are increasingly recognizing the importance of sustainability considerations
in their decision-making process. Investors in various businesses may face different
ESG challenges and opportunities, necessitating targeted approaches to address them
effectively. Companies may need to improve their ESG disclosures to align with
changing investor preferences and increasing transparency and accountability as
investors increasingly focus on environmental and social factors. In terms of rules and
regulations, mandatory ESG-related disclosure regulations should require firms to
disclose not only the amount of environmental and social impacts but also the
implementation of the discloser, such as ways to reduce the negative impacts and future
strategies. Recognizing the differences in ESG challenges and opportunities across
industries, regulators can develop sector-specific reporting standards tailored to the

distinct characteristics and needs of various business sectors. Given the global nature
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of capital markets and the differences in ESG reporting practices across countries,
regulators may work with international organizations and standard-setting bodies to

harmonize ESG reporting standards and frameworks.
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914 Tables

Table 1. Confusion Matrix

Actual Label
1: Positive 0: Negative
Predicted Label I Positive TP FP
0: Negative FN TN
Note: The label is for ERTP.
915
916
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Table 2. Statistical Indicators of CPT Models

Accuracy  Precision Recall Fl-score
ERTP (%) (%) (%) (%) TP TN FP__EN
Air Pollution 98.50 61.41 79.78 69.40 643 36620 404 163
Greenhouse Gas 97.61 89.37 87.29 88.32 3421 33504 407 498
Water Consumption 98.35 68.81 82.78 75.15 942 36265 427 196
Mining Consumption 98.93 78.04 87.06 82.31 942 36483 265 140
Community 98.37 77.14 79.30 78.21 1107 36106 328 289
Work Environment 97.60 59.66 66.26 62.79 766 36156 518 390
Safety and Health 96.31 81.77 73.10 77.19 2364 34069 527 870
Human Rights 98.14 78.04 78.71 78.37 1272 35856 358 344
Domestic Job
Creation 98.10 42 .44 70.78 53.06 407 36703 552 168
Domestic Reflux
Rate 99.72 87.90 96.48 91.99 603 37122 83 22
Governance Risk 94 41 95.70 89.09 92.28 12632 23083 568 1547
Production Cost 97.85 84.46 87.76 86.08 2517 34499 463 351
Economic Ripple
Effect 98.27 69.11 87.17 77.10 1101 36075 492 162
917
918

41



Table 3. Average ESG Tendency of All Annual Reports

Aspect ESG-related Topic ESG Tendency (%) Aspect Average (%)
Air Pollution 1.79
Environmental Aspect Greenhouse Ga.s 220 2.19
Water Consumption 2.53
Mining Consumption 2.23
Work Environment 2.73
Community 2.85
) Safety and Health 4.72
Social Aspect ] 2.74
Human Rights 2.00
Domestic Job Creation 3.44
Domestic Reflux Rate 0.68
Governance Risk 10.02
Economic Aspect Production Cost 10.95 8.51
Economic Ripple Effect 4.55
919
920
921
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Table 4. ESG Tendency Summary by Year

Air. Greenhouse Water . Mining_ Community Work SZlflilty
Year Pollution Gas (%) Consumptio  Consumption %) Environmen Health
(%) ’ n (%) (%) ° t(%) 0
(%)
2010 222 2.29 2.68 2.71 2.14 2.28 4.55
2011 2.02 2.11 2.97 2.66 2.79 2.48 4.52
2012 1.99 2.05 2.97 2.61 2.65 2.38 498
2013 1.45 1.83 2.33 2.35 2.28 227 4.12
2014 1.86 1.85 2.59 2.02 2.25 2.16 4.49
2015 1.58 1.89 2.15 2.55 2.99 2.67 4.54
2016 2.29 1.90 3.09 2.33 2.86 2.67 4.63
2017 1.71 1.86 2.31 1.84 3.10 2.96 4.65
2018 1.95 2.12 2.72 2.23 3.16 3.05 4.78
2019 1.70 2.23 2.55 232 3.17 2.93 4.75
2020 1.51 2.69 222 1.67 3.52 3.50 5.35
2021 1.28 3.49 1.94 1.52 3.28 3.41 5.27
Total 1.79 2.20 2.53 2.23 2.85 2.73 4.72
Domestic . .
Year Human Job Rlzgﬁfilacte Governance Production E%;;?:C léi%?lrtt
1 0, 1 1 0, 0,
Rights (%) Cr(e(;gon %) Risk (%) Cost (%) Effect (%) (%)
2010 1.33 2.87 0.91 9.10 11.53 5.16 212
2011 1.46 3.48 0.15 9.24 11.55 5.49 198
2012 1.55 3.19 0.39 9.35 11.72 4.84 206
2013 1.41 2.96 0.60 9.79 12.00 441 217
2014 1.63 3.07 1.27 9.81 11.76 4.14 218
2015 2.05 3.62 0.40 10.09 11.23 4.57 211
2016 1.92 3.54 0.49 9.48 11.54 4.58 202
2017 2.03 3.69 0.65 10.37 10.57 4.61 219
2018 2.39 3.70 0.81 10.23 10.63 3.88 194
2019 2.23 3.59 0.56 10.56 10.18 4.09 222
2020 2.99 3.80 1.01 10.99 8.96 4.53 203
2021 2.96 3.83 0.89 11.11 9.77 4.30 231
Total 2.00 3.44 0.68 10.02 10.95 4.55 2533
922
923
924
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Table 5: The Average Tendency of Each Sub-Style

Bank Investment
and Hedge Holding Insurance  Investment Advisor/Hedge  Research
Trust  Corporation  Fund Company Company  Advisor Fund Firm
Air Pollution
(%) 0.44 3.13 1.10 1.36 0.36 0.59 0.47 0.29
Greenhouse
Gas (%) 1.23 3.10 0.77 2.24 0.75 1.39 1.53 1.50
Water
Consumption
(%) 0.64 423 1.30 2.38 0.39 1.10 0.95 0.50
Mining
Consumption
(%) 0.98 3.40 1.78 0.95 0.88 1.21 1.48 0.64
Work
Environment
(%) 1.97 3.29 1.39 2.66 1.94 2.36 2.18 1.97
Community 3.82 3.01 1.68 1.95 1.70 2.51 1.62 1.95
Safety and
Health (%) 1.88 6.09 3.10 9.25 6.43 3.84 3.13 1.34
Human Rights
(%) 1.40 2.26 0.99 2.12 1.44 1.90 1.96 1.65
Domestic Job
Creation (%) 3.75 3.86 2.89 4.44 2.59 2.78 2.09 4.47
Domestic
Reflux Rate
(%) 1.21 0.83 0.06 0.36 0.06 0.20 0.59 1.09
Governance
Risk (%) 16.08 6.39 11.47 7.30 10.61 12.34 13.33 19.42
Production Cost
(%) 9.87 11.78 10.86 10.31 12.03 10.34 10.31 6.27
Economic
Ripple Effect
(%) 5.88 3.76 4.43 4.56 3.04 5.23 4.74 4.98
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928 Figures

Input Layer

@ 60 BERT word IDs

Embedding Layer: BERT

@ 60x768 Tensor

Transformer Block Layer

@ 60x768 Tensor

Global Average Pooling to One Dimension Layer

@ 768 Tensor

Dropout Layer: dropout ratio 0.1

‘ 768 Tensor

Dense Layer: 64 nodes; RELU

‘ 64 Tensor

Dropout Layer: dropout ratio 0.1

‘ 64 Tensor

Dense Layer: 1 node; sogmoid

929 @ 1 Tensor: from 0 to 1
930 Fig. 1. Network Structure of CPT
931
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Fig. 2. The Variation in ESG Tendency across Years
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