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ABSTRACT

In this paper, we examine the relationship between the discussion
of Environmental, Social and Governance (ESG) in companies’
annual financial reports and their financial performance. Specifi-
cally, we analyse the companies’ use of specific ESG terms along-
side the performance metric, sector-normalized Return on Assets
(ROA). Our motivation is to determine whether companies fre-
quently mentioning terms such as “gender”, “equality”, “talent”,
and “innovation” in their reports demonstrate a higher annual
ROA compared to those that rarely used these terms. To explore
this, we used existing datasets with reports and performance met-
rics from 348 companies, covering the years from 2009 to 2021. In
order to better examine differences, we then selected companies
whose ROA significantly differed from the average (either higher
or lower), allowing for a more pronounced examination of the
impact of ESG term usage on financial performance. The filtered
dataset consisted of 107 companies, with a total of 427 reports;
split into two sections representing higher and lower performing
companies. We then used an existing list of ESG terms derived
from a range of separate data sources, and applied a basic sta-
tistical n-gram language model to extract the probabilities of
each ESG term’s occurrence in each of the higher- and lower-
performing dataset sections. Results show that while certain sets
of ESG concepts correlate with higher financial performance,
others do the opposite, and give some initial interpretation into
the light this sheds on company reporting behaviour.
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1 INTRODUCTION & RELATED WORK

There is increasing interest in the behaviour of companies in
the area of Environmental, Social and Governance (ESG) criteria,
including a company’s environmental impact (Environmental),
relationships with the community including employees, suppliers
and customers (Social), and leadership structures including exec-
utive pay and shareholder rights (Governance). Although until
recently, ESG analyses were almost entirely performed manually
by experts (see e.g. [10]), there has been a large amount of work
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in the last few years on applying computational machine learning
and statistical methods to ESG analysis (see e.g. the recent review
by Lim [9]).

However, much of this analysis examines numerical company
performance data and categorical metadata; our interest is in
developing and applying natural language processing (NLP) tech-
nologies to not only help automate analyses, but allow under-
standing of how human actors discuss and understand the im-
portant and meaning of ESG aspects.

Application of NLP in finance is not new: for example, topic
modelling has been used to predict company performance and
investigate strategies [14, 7]. Recent work also includes applica-
tion to ESG aspects: Nugent et al. [12] automatically extract news
about ESG controversies, and Lee et al. [8] analyse sentiment
on ESG issues. Closer to our interests, Purver et al. [13] investi-
gated how the use of ESG terms by companies has changed over
time. By analysing and annotating a set of existing resources,
they defined a set of 93 ESG terms categorised into 5 core ESG
areas. They then showed how these terms can be used to anal-
yse changes in reporting, by analysing a collection of company
annual reports, collated over a period of 8 years, using language
modelling and distributional methods to reveal changes in the
frequency and in the usage of the ESG terms.

Here, we are interested not in changes in ESG discussion over
time, but in whether and how the reporting of ESG aspects is
connected to financial performance. We take Purver et al. [13]’s
resources and methods as a starting point, but augment the fi-
nancial report text data with available metadata on financial
performance, allowing us to compare how ESG reporting varies
between more and less well-performing companies.

2 DATA AND METHODS
2.1 Hypotheses

In general, we expect increased probability of appearance of ESG
terms in the annual reports from the more profitable firms, based
on a number of factors. In general, overall high ESG performing
companies exhibit high financial performance [1, 5]; although we
note that the link between high ESG score performance and men-
tion of ESG terms is not guaranteed to be straightforward. More
specifically, during the period between 2010-2020 analysed here,
there was a growing emphasis on corporate social responsibility
(CSR) and sustainability. Investors, consumers, and other stake-
holders increasingly prioritised companies that demonstrated a
commitment to innovation, diversity, and environmental sustain-
ability [11, 2]. Busru and Shanmugasundaram [3] find that firms
closely engaging in fostering innovation, attracting top talent,
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Year | # Reports | # Words
2012 178 12.5M
2013 181 14.0M
2014 184 15.0M
2015 196 16.3M
2016 198 17.5M
2017 200 18.4M
2018 200 19.6M
2019 202 21.2M
total 1539 134.6M

Table 1: Number of annual reports available by year

promoting gender and diversity initiatives, could confer a com-
petitive advantage over the industry peers. Furthermore, some
policy and regulatory changes (e.g. the 2018 UK Corporate Gov-
ernance Code, the 2014 EU Directive on Non-Financial Reporting,
Carbon Disclosure Project (CDP)) directly or indirectly encour-
aged companies to address issues related to diversity, gender
equality, and environmental sustainability.

2.2 Data and pre-processing

To test this hypothesis, we build on the resources and methods
of Purver et al. [13], who provide a dataset of annual reports
from FTSE350 companies over the years 2012-2019, based on the
FTSE350 list as of 25th April 2020 and obtained from the publicly
accessible collection at www.annualreports.com. The reports are
already converted to plain text, and we use their publicly avail-
able tools to tokenize the collection into words and build ngrams
of length 1-4 padded with sentence start and end symbols; the
dataset size is reported in Table 1 below (taken from [13]). We
use their set of ESG terms, defined via a process of extracting
candidate terms from a set of public ESG definitions and tax-
onomies, asking financial expert annotators to label them as to
their representativeness as ESG terms and their ESG subcategory,
and keeping the terms with high inter-annotator agreement (see
[13] for details).

2.3 Financial performance analysis

The reports were then linked to financial indicators for the re-
spective year and company. The data on company fundamentals
was obtained from the Refinitiv EIKON Datastream.! Each entry
contained annual financial indicators, as well as the companies’
industry and sector codes. The main variable of interest was
normalized, averaged return on assets (ROA) as defined below:?

NetIncome — BottomLine
+((InterestExpenseOnDebt — InterestCapitalized)
X(1 — TaxRate))

AverageOfLastYear’sAndCurrentYear’sTotal Assets

After extracting financial reports with available ROA data, we
categorized the financial reports into two groups, in order to
examine differences in the associated reports’ use of ESG terms.
The distribution of ROA shows a heavy concentration around
the mean, so in order to derive two distinctive groups we took
the two extremes and excluded the central group around the
mean. The ‘negative’ group comprised reports with a yearly ROA
less than -0.2, indicating very poor performance. Conversely, the

Uhttps://www.refinitiv.com
2We use this normalization and averaging to smooth and remove one-off effects.
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‘positive’ group included reports with an ROA of at least 0.2,
reflecting very good yearly performance.

Subsequently, we employed a statistical n-gram language model
(using NLTK?) to analyze the occurrence of each ESG term. For
each term, we calculated the probability of its occurrence in pos-
itive reports (p+) and in negative reports (p—), and the difference
(p+ — p-). Terms with a large difference in these probabilities are
more strongly associated with positive reports than with nega-
tive ones, and vice versa: terms with a large negative difference
are common in negative reports but rare in positive ones. We
conducted this analysis for both unigrams and bigrams.

3 RESULTS AND DISCUSSION

The results for 1- and 2-grams are shown in Figures 1 and 2 below
(3- and 4-grams showed no clear interpretable associations).* As
hypothesized, many ESG terms show a strong association with
positive performance, with many of these being core terms as-
sociated with human resources (innovation, talent), with social
aspects (gender, diversity), environmental aspects (renewable, car-
bon footprint, environmental impact) and overall ESG descriptors
(ethical). However, many terms are conversely (and contrary to
our general hypothesis) associated with negative performance,
including, again, terms across various ESG categories including
environmental (carbon emissions, energy efficiency, greehouse),
human resources (mental health, wellbeing) and general ESG
descriptors (governance).

However, by combining these terms with recent work in clus-
tering and describing ESG terms [4], we can shed more light
on which categories seem to be more positive and which more
negative. Ferjancic et al. [4], using the same dataset and ESG
term list [13], perform a further topic analysis using BERTopic
[6], in which they derive 30 ESG-related topics and 6 higher-level
clusters of ESG concepts; they then examine the correlations
between these ESG topics and company ESG scores as obtained
from external analysts. We align our ESG terms with Ferjancic
et al. [4]’s 30 topics by matching against the words most asso-
ciated with each topic (if a term appears in the top 10 words
associated with a topic, we take the term and topic as aligned);
we can then compare our positive/negative associations with Fer-
jancic et al. [4]’s correlations with company ESG scores. Table 2
shows this alignment for our most positive and negative bigram
terms here, with the topic labels and an indication of the strength
and direction of correlation with overall company ESG scores, as
given by [4].

Given this, we see some systematic groupings. Climate change,
as part of the ‘climate risk and policy’ topic, as well as supply
chain and human trafficking as part of the ‘human rights’ topic,
represent the themes that appear to be, across different industries,
related to high company ESG scores. A similar observation holds
for gender balance, gender pay and environmental impact, which
all fall in a group of topics which are strongly and significantly
correlated with high ESG scores throughout different industries.
Overall high ESG performing companies exhibit high financial
performance [1, 5], therefore our results for terms such as climate
change, supply chain and human trafficking are not surprising: as
indicators of topics associated with high ESG, they are good terms
for tracking these ESG aspects associated with high financial
performance.

Shttps://www.nltk.org/
“Note that these figures show differences in absolute probabilities: magnitudes are
comparable within 1-grams, and within 2-grams, but not between 1- and 2-grams.
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Figure 1: Difference in probability between positive and negative reports p, — p_ for the most positive and negative unigram

ESG terms.
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Figure 2: Difference in probability between positive and negative reports p, — p_ for the most positive and negative bigram

ESG terms.

Looking at the terms with low values which are associated
with low RoA, waste management and corporate responsibility are
associated with topics, for which in some industries proportion
of these correlate with ESG scores significantly positively and in
other industries this correlation is significantly negative. Based
on overall correlation between ESG scores and topic proportions
across different industries, these two topics are among the third
of the topics for which negative correlation between the topic
proportion and ESG score prevails. Due to the aforementioned
correlation between ESG and financial performance it is therefore
understandable that these terms are associated with mention in
annual reports of companies with low RoA. Overly extensive
discussion on specific topics (such as ‘waste management’ and
‘corporate responsibility’) can negatively impact ESG score (see
[4]) which can by analogy of ESG and financial performance [1,
5] hold for companies with low RoA.

There is a surprising number of bigrams in both the high RoA
and low RoA groups which seem to be associated with the same
topic, namely ‘climate footprint and energy management’. For
companies with high RoA, these terms are carbon footprint and
renewable energy, and for companies with low RoA, the terms are
fossil fuels, carbon emissions, energy use, air quality and energy

efficiency. It seems that better performing companies use carbon
footprint instead of carbon emissions, and discuss more on the
use of renewable energy than on energy use, energy efficiency
and/or fossil fuels. In future work, we plan to analyse the use of
these terms in more depth, including analysis of the lexical and
topical contexts in which they appear, and adding techniques
such as sentiment and topic analysis to shed more light on these
distinctions.
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