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Abstract: Sustainability is a major contemporary issue that affects everyone. Many companies now
produce an annual sustainability report, mainly intended for their stakeholders and the public,
enumerating their goals and degrees of achievement regarding sustainable development. Although
sustainability reports are an important resource to understand a company’s sustainability strategies
and practices, the difficulty of extracting key information from dozens or hundreds of pages with
sustainability and business jargon has highlighted the need for metrics to effectively measure the
content of such reports. Accordingly, many researchers have attempted to analyze the concepts and
messages from sustainability reports using various natural language processing (NLP) methods. In
this study, we propose a novel approach that overcomes the shortcomings of previous studies. Using
the sentence similarity method and sentiment analysis, the study clearly shows thematic practices
and trends, as well as a significant difference in the balance of positive and negative information
in the reports across companies. The results of sentiment analysis prove that the new approach
of this study is very useful. It confirms that companies actively use the sustainability report to
improve their positive image when they experience a crisis. It confirms that companies actively use
the sustainability report to improve their positive image when they experience a crisis. The inferences
gained from this method will not only help companies produce better reports that can be utilized
effectively, but also provide researchers with ideas for further research. In the concluding section, we
summarize the implications of our approach and discuss limitations and future research areas.

Keywords: sustainability reports; sustainable development goals; natural language processing;
thematic analysis; sentiment analysis

1. Introduction

Serious discussion of sustainability dates back to the Brundtland Report of 1987 [1].
The Report states that the global commons are exploited and polluted due to technology
and industrial development. It calls for sustainable development that meets the needs
of the present without compromising the ability of future generations to meet their own
needs [2]. Subsequently, in 1989, after deliberation on the report findings in the General
Assembly, the UN decided to organize a UN Conference on Environment and Development
(UNCED). The UNCED convened in Rio de Janeiro in 1992, also known as the Earth
Summit, to promote economic development, reduce poverty, and preserve and protect the
earth’s ecological systems. One of the major outcomes of the Earth Summit is Agenda 21, a
comprehensive plan of action to be taken globally, nationally, and locally by organizations
of the United Nations, governments, and major groups in areas where humans affect the
environment. Since then, the UN’s efforts on sustainability have led to the Millennium
Development Goals (2000~2015) and 17 Sustainable Development Goals (2016~2030).

Nowadays, sustainability is a major issue that affects everyone. For instance, when
people purchase things or make investments, they consider the performance of the source
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companies in terms of sustainability. The coronavirus pandemic has further enhanced
people’s awareness of sustainability issues. There is a keener public interest in the actions
of companies because these have a great impact on the environment and society. In this
context, about 20 years ago, companies began to disclose their sustainability performances
in addition to their annual financial reports to provide transparency and accountability to
their stakeholders [3]. Many companies now produce an annual report, mainly intended
for their stakeholders and the public, enumerating their goals and degrees of achievement
regarding sustainable development. Thus, these reports have become an important resource
to understand a company’s sustainability strategies and practices [4].

Nevertheless, despite the increasing number of companies that publish sustainability
reports, these reports usually contain tens or hundreds of pages interspersed with jargon,
which makes it hard for people to understand their content and identify sustainability
trends and practices [5]. Moreover, as Ref. [6] pointed out, highly specialized knowledge
develops its own terminologies. This difficulty of extracting key relevant information from
corporate sustainability reporting has highlighted the need for metrics that are useful in
effectively measuring and evaluating the content of reports.

In this study, we point out the limitations of analyzing sustainability reports using
word frequency-based methods, which have been popularly used in previous studies, and
we propose a novel approach that overcomes them. In particular, to avoid the use of the
word frequency-based method that does not incorporate the context of the text, we used a
sentence similarity method that treats the sentence as the smallest unit and calculates the
similarity between sentences. For this purpose, we used a pre-trained language model to
analyze the contents of the sustainability reports more accurately.

Moreover, through the sentence similarity method, we made a quantitative measure-
ment of the contents according to the predefined theme structure. In other words, using the
SDG framework, we measured how similar the sentences in the reports are to each of the
17 SDGs. By measuring how much information the report includes on each of the 17 goals,
companies’ sustainability patterns over multiple periods can be identified. For comparison,
we used the guidance provided by SDG Compass [7] for companies to align their businesses
with the SDGs as representative sentences. The guidance includes the role of business, key
business themes, key business actions and solutions, and key business indicators, for each
of the 17 goals. Although the SDG framework that covers broad sustainability challenges
is used in this study, different frameworks can be adopted as a representative document,
depending on the purpose of the study.

In addition, we used sentiment analysis to examine the information balance in the
reports across 10-year time periods. The trend of the balance between positive and negative
information can be an important indicator to identify the tendency of selectively reporting
positive information.

The rest of the paper is organized as follows. The NLP methodology is described in
detail in Section 3. The results are presented and visualized in Section 4. In Section 5, we
summarize the implications of our approach and discuss limitations and future research areas.

2. Literature Review

Many researchers have made an effort to analyze corporate sustainability reports over
the past 20 years. For example, they attempted to analyze sustainability trends, key mes-
sages, and focus areas, because of a wide disparity between reports. Academics have also
used various tools to determine the presence of certain words, themes, or concepts within
the reports. The following is a summary of relevant studies that analyzed sustainability
reports using various text mining methods.

Ref. [8] used a data mining approach to evaluate corporate environmental reports
based on 10 sustainability criteria. They showed that reports differed depending on the
nature of business. Using text mining and multi-discriminatory analysis, Ref. [9] found
that disclosures made by the companies vary across industrial sectors. He also noted
that the environmental variable is a greater significant contributing factor in the reports.
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Ref. [10] developed an intelligent software system to automate the daunting manual scoring
process of sustainability reports using machine learning and text categorization. Ref. [11]
examined trends and practices in the process industries by text mining the frequent use
of sustainability-related terms in a company’s report. They identified the predominant
sustainability and sector-specific issues in the process industries. Ref. [12] noted that
these reports are a means of understanding corporate worldviews regarding the meaning
of sustainability. They revealed that the most dominant worldview was the business
case for sustainability. Ref. [13] attempted to quantify and display the conceptual and
thematic structure of sustainability reports using Leximancer, a content analysis tool.
They observed significant differences in the relative emphasis for three common themes
(business, employees, and energy/environment) across industries. Ref. [14] proposed a
unified framework that pointed to varied motives and levels of comprehensiveness of
the sustainability efforts by the maritime industry. In particular, they categorized the text
content of sustainability reports based on 17 sustainability development goals (SDGs).

Although previous studies have deepened our understanding of the various sustain-
ability efforts of companies, there are, however, shortcomings, as follows. First, the use of
word frequency-based text analysis such as topic modeling does not consider the semantic
context of sentences. It treats words independently, separate from their syntactic and
grammatical context of use [15]. Topic modeling is the most popularly used NLP method
to analyze the content of sustainability reports in previous studies. This statistical analysis
uses the frequency and patterns of co-occurrences of words within the original text to
automatically find important topics in a large set of documents [16]. To perform topic
modeling, open source programming languages such as Python [11] and R [12] are usually
used, but text mining software such as Leximancer [13,17,18], WordStat [19], LIWC [20],
and DICTION [18] are also commonly used.

Second, a statistical analysis that counts the frequency of words within a given text,
such as topic modeling, cannot perform quantitative measurements of the content according
to a predefined theme structure. Due to these technical limitations, Ref. [14] used manual
classification to assign each paragraph with one SDG. However, when analyzing hundreds
of thousands of reports at the same time, an automatic categorization technique, rather than
manual categorization, is required. Manual classification also requires caution because the
subjective opinion of researchers may be reflected. Ref. [17] pointed out that the labeling of
topics based on the subjective opinions of the researchers may create completely different
results. Although there are studies that automatically classified social media data according
to the 17 SDGs, some limitations still remain. Ref. [21] first performed sentiment analysis
on Twitter data with Python and then grouped them by 17 SDGs using the qualitative
analysis software NVivo Pro 12. However, when using software, it is not known how the
classification is performed, because the algorithms are hidden internally. Ref. [22] used the
keyword matching method by implementing an algorithm in the Python programming
language, but this method calculates frequency only when the words being compared
are exactly the same. When words that are semantically similar are indistinguishable, the
matching scores may be distributed near zero. To address such a limitation, it is better to
use a sentence similarity measurement method, an algorithm that numerically incorporates
similarities between sentences.

Third, a potential shortcoming of using sustainability reports was the tendency of
companies to communicate only the positive aspects of certain issues [11]. Based on the
positive association between CSR reports and CSR performance, some researchers argued
that companies’ motivation for issuing CSR reports is signaling, not greenwashing [23–25].
Meanwhile, Ref. [26] argued that companies that follow the GRI guidelines, companies that
publish sustainability reports, and companies in environmentally sensitive industries did
less greenwashing than those in other industries. Moreover, Ref. [4] warned that sustain-
ability reports include the risk of misleading communication for greenwashing purposes by
selectively reporting favorable information [27]. In fact, stakeholders already know of this
possibility [28], and companies are also aware that their communication can be criticized as
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‘mere PR’ or ‘greenwashing’ [29]. Further research on sustainability reporting by KPMG
also revealed that corporate reporting on the SDG particularly lacked transparency in nega-
tive impacts, focusing only on the positive aspects that companies contribute in achieving
their goals [30]. Considering the aforementioned findings, this study argues that corporate
sustainability reports require continuous monitoring in order to ensure their reliability as a
tool of communication between companies and stakeholders. Therefore, any metric that
can immediately detect signs of greenwashing in the sustainability report is required.

Fourth, previous studies have focused on just a snapshot of sustainability trends at a
particular time. Temporal analyses need to be performed to compare sustainability patterns
across different time periods.

To address the limitations discussed above, this study uses two natural language
processing methods: sentence similarity, to address the two technical limitations of the
word frequency-based method; and sentiment analysis, to detect anomalous changes in the
balance of positive and negative information in the reports over time.

3. Material and Methods

In this section, the technical steps of analyses, as shown in Figure 1, are described.
We performed two analyses—thematic analysis and sentiment analysis—for different
purposes. The thematic analysis was performed to identify the thematic structures and
trends of the sustainability reports, and the sentiment analysis examined the balance of
positive and negative information in the reports. For the thematic analysis, we compared
the performance of two different methods, one using word frequency and another using
sentence similarity.
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A variety of Python libraries were used throughout the analysis for text processing
and visual presentation of the results. We used Python because the latest NLP techniques
can be easily implemented with the libraries offered by the open-source community. The
source code and the data used for this analysis are available in PDF files at github.com/
llbtl/paper_ssm01 (accessed on 18 February 2022).

3.1. Data Collection

Every year, research consulting firms GlobeScan and the SustainAbility Institute
conduct online surveys to study the recognition of leadership in sustainability. Around
700 sustainability experts from the private sector, government, NGOs, and academic
and research sectors from over 70 countries participate in the survey [31]. We collected
sustainability reports from global sustainability leader companies that are listed in the top
10 rankings in the survey from 2011 to 2020. The list of the survey reports is summarized
in Appendix A. A total of 23 companies are included in the top 10 list, but only six
companies issued separate or integrated sustainability reports every year from 2011 to 2020.
Table 1 shows the names and rankings of the top 10 companies from 2011 to 2020. The six
companies covered in this study are numbered in the first column of the table.

Table 1. Summary of corporate sustainability leader rankings from 2011 to 2020.

Company Name Country 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Apple US 9
(1) BASF Germany 9 7 10

Coca Cola US 9
Co-operative (unknown) 10

Danone France 8 6 6
General Electric US 2 3 5 8 8 9 7

Google US 10
(2) IKEA Sweden 6 4 4 4 3 3
Interface US 3 2 3 3 3 3 3 3 4 4

(3) Marks & Spencer UK 5 6 6 4 4 8 5 5 8
Microsoft US 9

Natura Brazil 6 7 10 6 5 7 5 5 5
(4) Nestle Switzerland 5 7 6 6 7 7 8

NIKE US 8 8 7 10 7
Novo Nordisk Denmark 9 9

Orsted Denmark 10
Patagonia US 7 4 2 2 2 2 2 2 2 2

Puma Germany 7 10
Siemens Germany 10

Tesla US 5 5 6 9 7
(5) Toyota Japan 8
Unilever UK 1 1 1 1 1 1 1 1 1 1

(6) Walmart US 4 5 4 9 10

Sustainability reports for the six companies were downloaded in PDF files via their
websites or Google search. A total of 60 reports, 10 reports from each of the six companies,
were collected. The list of companies and their sustainability reports studied in this paper
are summarized in Appendix B. The PDF files typically contain not only text but also
tables and images. Since this study aims to analyze textual data only, we extracted text
blocks using PyMuPDF [32], one of the PDF-handling libraries in Python. We chose
PyMuPDF among many libraries because this library supports decryption of the document
and different text-extracting formats such as ‘text’, ‘block’, ‘words’, ‘html’, and ‘JSON’. In
addition, text blocks including less than 10 words were eliminated to exclude titles and a
bunch of single words that were not part of the sentences.

The description materials for the 17 SDGs were also downloaded in PDF files from the
SDG Compass website. To analyze sustainability reports in a larger framework, 17 SDGs

github.com/llbtl/paper_ssm01
github.com/llbtl/paper_ssm01
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were condensed into six categories that reflect different perspectives of human needs [33].
Table 2 shows the six condensed categories and the SGDs in each category.

Table 2. SGDs in six categories according to human needs.

Social

Equity Social Development

Goal 4
Goal 5
Goal 10

Quality education
Gender equality
Reduced inequalities

Goal 11
Goal 16
Goal 17

Sustainable cities and communities
Peace justice and strong institutions
Partnerships for the goals

Economic

Life Economic and Technological development

Goal 1
Goal 2
Goal 3

No poverty
Zero hunger
Good health and well-being

Goal 8
Goal 9

Decent work and economic growth
Industry, innovation, and infrastructure

Environmental

Resources Environments

Goal 6 Clean water and sanitation
Goal 7 Affordable and clean energy Goal 13 Climate action
Goal 12 Responsible consumption

and production Goal 15 Life on land

Goal 14 Life below water

3.2. Text Pre-Processing

Text pre-processing is an important step in Natural Language Processing (NLP),
because it may affect the final performance of the text mining [34]. Accordingly, textual
data obtained from PDF files were pre-processed in two steps: (1) splitting the text into
sentences, and (2) eliminating special characters that are not on keyboards. The text was
split into sentences using the ‘sent_toknize’ module in NLTK [35], one of the most popular
NLP libraries in Python. The tokenizer splits the text into a list of sentences by using
a pre-trained algorithm for English. It recognizes words that start sentences and words
that do not end sentences such as ‘Mr.’ and ‘PhD.’. This is then followed by replacing all
characters other than numbers, alphabets, and special characters that are on keyboards with
spaces. A total of 109,173 sentences from 60 sustainability reports and 641 representative
sentences from 17 SDGs were obtained for vectorization. Tables 3 and 4 show the first and
last five sentences of the sentence list that we obtained after pre-processing.

Table 3. Sentences obtained from sustainability reports of 6 companies.

No Doc ID File Name Sentence

0 0 BASF_2011.pdf The cover photo shows a Berlin subway during the . . .
1 0 BASF_2011.pdf The branding motifs shown in this report, taken from . . .
2 0 BASF_2011.pdf You can find this and other publications from BAS . . .
3 0 BASF_2011.pdf The cover photo shows a Berlin subway during the . . .
4 0 BASF_2011.pdf The branding motifs shown in this report, taken from . . .
. . . . . . . . . . . .

109168 59 Walmart_2020.pdf Additional methodology information can be found in
our . . .

109169 59 Walmart_2020.pdf 36 This metric has been adjusted to account for the . . .
109170 59 Walmart_2020.pdf In other words, Brazil s energy use and square footage . . .
109171 59 Walmart_2020.pdf The adjusted baseline result is 11.25% vs. 2010.
109172 59 Walmart_2020.pdf The unadjusted result (with Brazil still included in . . .
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Table 4. Sentences obtained from the 17 SDGs.

No Category Goal Sentence

0 Life Goal 1 End poverty in all its forms everywhere
1 Life Goal 1 Despite progress under the MDGs, approximately . . .
2 Life Goal 1 Over the past decade, markets in developing countries . . .
3 Life Goal 1 Certain groups are disproportionately represented . . .
4 Life Goal 1 These include women, persons with disabilities, . . .
. . . . . . . . . . . .

636 Social development Goal 17 17.16 Enhance the global partnership for sustainable . . .
637 Social development Goal 17 17.17 Encourage and promote effective public, . . .
638 Social development Goal 17 Data, monitoring and accountability
639 Social development Goal 17 17.18 By 2020, enhance capacity-building support to . . .
640 Social development Goal 17 17.19 By 2030, build on existing initiatives to develop . . .

3.3. Thematic Analysis

The term ‘thematic analysis’ is widely used in different contexts with different mean-
ings. It is also used interchangeably with ‘content analysis’, referring to a process of
identifying recurrent themes and patterns [36]. In this study, we used the term for quantita-
tively measuring the content of the sustainability reports according to the predefined theme
structure. The analysis was performed under the assumption that similarities between
sentences in a company’s sustainability reports and representative sentences in each SDG
reflect its main concern and emphasis. The more similar a certain sentence is to representa-
tive sentences in one of the 17 SDGs, the greater the emphasis that companies place on the
SDG and, hence, the more important the SDG is to the companies.

3.3.1. Method Selection

As pointed out earlier, one limitation of the word frequency-based topic modeling
method is its inability to analyze the reports according to the predefined theme structure.
Although there are studies that manually classified data or used text analysis software, in
this study, we compare the performance of two methods, the keyword matching method
and the sentence similarity method, that quantitatively analyze the content according to
a predefined theme structure and can also be implemented with Python. The keyword
matching method extracts keywords representing each of the 17 SDGs from the guidance
provided by SDG Compass. Then, it calculates the ratio of how frequently representative
words appeared in the sentences in the report. The sentence similarity method measures
the similarity between sentences without splitting sentences into words using the NLP
pre-trained model.

3.3.2. Text Vectorization

In order to perform quantitative analysis, a natural language that humans use must be
converted into numeric characteristics that a machine can read. To convert sentences into
vectors, we used the pre-trained model ‘MiniLM layer 6 version 2’. Using a pre-trained
model has become an essential part of the NLP system to improve the accuracy of the final
model [37]. The model MiniLM [38] is one of the distilled versions of BERT [39]. Among
the many models, we chose a fast and high-performance model that can be used in general
computer environments [40]. To import the model, we used the ‘sentence transformer’
library in Python [41].

3.3.3. Sentence Similarity Measurement

To uncover the conceptual and thematic patterns of the sustainability reports, it was
necessary to calculate the similarity between each sentence in a report and the representative
sentences of the SDG. For document-similarity measurement, cosine similarity is widely
used, because this metric is proven to be powerful in handling the rearrangement of words,
spelling errors, and other differences in strings [42]. The cosine similarity considers vector
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orientation independent of vector magnitude. Since converting a sentence into a vector
tends to produce a high-dimensional sparse matrix, using similarity metrics based on the
size of the vector for such sparse matrices results in poor accuracy. Therefore, the cosine
similarity is advantageous when measuring the degree of similarity, irrespective of the
document size. This study also used the cosine similarity, because with the SBERT model,
there are no significant differences with the results of Manhattan and Euclidean distances
in comparing the similarity between two sentence embeddings [41]. We used the cosine
similarity module from the Scikit-Learn library [43], and Equation (1) is the formula for
calculating cosine similarity:

Similarity score =
A·B

‖ A ‖ ‖ B ‖ =
∑n

i Ai × Bi√
∑n

i (Ai)
2 ×

√
∑n

i (Bi)
2

(1)

where A is a sentence vector from similarity reports, B is a representative sentence vector
from the SDG, and n is the dimension of vectors.

Moreover, we converted score numbers to 0–100 values by using min-max scaler. This
is to guarantee that all scores have the exact same scale. Equation (2) is the formula for
scaling the scores:

zi =
xi −min(x)

max(x)−min(x)
× 100 (2)

where x is the similarity score of a sentence and z is the scaled similarity score.
Similarity calculation was performed sequentially for each report. The procedure used

is as follows: Let n1 denote the number of sentences in Report 1 and nk the number of
representative sentences in kth SDG. Then, Sk

ij can be defined as follows:

Sk
ij = similarity scores between ith sentence in Report 1 and jth representative sentence

on kth SDG, where k = 1, 2, . . . , 17; i = 1, 2, . . . , n1 (n1 is the number of sentences in
Report 1); j = 1, 2, . . . , nk (nk is the number of representative sentences in kth SDG).

Each sentence therefore has 641 similarity measures because there are 641 repre-
sentative sentences across SDGs. The total number of similarity scores is 69,979,893
(109,173 × 641), with an average of 42.9 and standard deviation of 11.4. Therefore, about
95% of the similarity scores are between 20.1 and 65.7. To get the similarity measure of
each sentence for each SDG, we averaged the similarity with the representative sentences
belonging to each SDG as follows:

Sk
i = mean similarity scores for ith sentence in Report 1 and kth SDG = 1

nk
∑nk

j=1 Sk
ij;

where k = 1, 2, . . . , 17; i = 1, 2, . . . , n1; nk is the number of representative sentences in
kth SDG.

We computed a similarity score to the 17 SDGs for each sentence in the report. Then, we
calculated the similarity for each SDG throughout the report. Subsequently, the similarity
of all sentences was averaged for each SDG as follows:

Sk = similarity scores between Report 1 and kth SDG = 1
n1

∑n1
i=1 Sk

i ; where k = 1, 2,
. . . , 17.

In this way, the similarity scores for Report 1 across 17 SDGs were readily obtained.
Likewise, the score for Report 1 across six categories was computed by averaging the
corresponding SDG scores of Report 1 across six categories. Figure 2 is a diagram that
we drew to illustrate the overall process of calculating the similarity scores of a report for
six categories.

Thus, each report had similarity scores across six categories. Through visualization,
the similarity scores for each category were used to identify patterns across the companies
by year. These findings are found in Section 4.
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3.4. Sentiment Analysis

Sentiment analysis is a computational processing of the sentiments and subjectivity
of text [44]. This machine learning technique is still an ongoing research area, yet it is
popular in both research and business due to the increasing amount of text data from the
internet [45]. The purpose of sentiment analysis in this study is to examine the positive and
negative information balance in the reports in order to identify the tendency of companies
to selectively report positive information. For this purpose, we used the same sentences
obtained after text-preprocessing in Section 3.2 and the model ‘DistilBERT base uncased
fine-tuned SST-2′ to calculate the positive–negative sentiment ratio of the content. The
DistilBERT, a fine-tuned model with the Stanford Sentiment Treebank dataset, is a faster
and lighter version of the BERT that retains 97% of language understanding capabilities [46].
To import this model in Python, we once again made use of the ‘sentence transformer’
library [41]. As shown in Figure 3, the model returns sentiment scores of each sentence in
reports within the range of 0 to 1.
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We then divided the sentiment score into positive sentiment if it was 0.5 or more and
negative sentiment if it was less than 0.5. Table 5 shows examples of positive and negative
sentences that we obtained, in diverse scores, from each company’s 2020 sustainability
report. The closer the score is to 1, the more positive it is, and the closer it is to 0, the more
negative the score.

Table 5. Examples of sentiment analysis from each company’s 2020 sustainability report.

Company Country Sentence Label Score

BASF Germany

We develop innovative solutions for and with our customers to
expand our leading position. Positive 1.00

In the long term, we want to increase the share of this oil to cover
our total demand. Positive 0.60

In recent years, hot and dry summers often led to extended low
water levels on the Rhine River, temporarily impacting logistics. Negative 0.30

BASF was especially affected by the downturn in the
automotive sector. Negative 0.00

IKEA Sweden

The climate footprint of the IKEA value chain continued to decrease
during FY20, and we saw big improvements across the business. Positive 1.00

Risk assessments have been completed for the entire IKEA value
chain, to determine the main focus areas where we can have the
biggest impact based on our business.

Positive 0.70

For example, some minerals have specific qualities that are difficult
to substitute with alternatives, particularly in electronics. Negative 0.32

The world is experiencing a dramatic loss of species and ecosystems. Negative 0.00

Marks & Spencer UK

Over the past year, we have begun this transition, embedding
sustainability into our business operations. Positive 1.00

REPUTATION Growing stakeholder expectations of responsible
corporate behaviour. Positive 0.60

We will provide a more accurate figure for total food surplus
next year. Negative 0.13

Around a quarter of these international stores total footage uses
energy provided by the landlord and is outside our
operational control.

Negative 0.00

Nestle Switzerland

We have made significant progress on our journey to sustainable
packaging too. Positive 1.00

From this, we developed a new risk assessment tool to understand
child labor risks across all the priority commodities we buy. Positive 0.80

Of these, 464 cases were substantiated and related to issues such as
abuse of power and/or harassment/bullying, labor practices
and kickbacks.

Negative 0.31

This situation has only become more challenging as a result of the
COVID-19 pandemic. Negative 0.00

Toyota Japan

Toyota strives to be a good corporate citizen trusted by all
stakeholders and to contribute to Creating an Affluent Society
through all its business operations.

Positive 1.00

To this end, Toyota constantly seeks to enhance corporate
governance. Positive 0.87

We also recognize that human rights abuses such as child labor in
the procurement of cobalt etc. Negative 0.26

The invention of such batteries proved to be extremely difficult, and
none have yet been completed. Negative 0.00
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Table 5. Cont.

Company Country Sentence Label Score

Walmart US

We provide convenient access to high-quality, affordable food and
other essential products and services to millions of people
each week.

Positive 1.00

Walmart associates receive ethics training during onboarding and
regularly thereafter. Positive 0.74

In any given year, an increase or decrease in UPC volume weight
disclosures may impact reporting. Negative 0.39

No one organization can single-handedly transform supply
chain systems. Negative 0.00

After applying the sentiment analysis, each report had a percentage for the two
sentiment categories. We then visualized the ratio of positive sentiment and negative
sentiment for each report by year, to identify the tendency and the pattern of companies to
selectively report positive information across the companies.

4. Results and Discussion
4.1. Similarity Score Distribution Comparison

The keyword matching method and the sentence similarity method show a significant
difference in performance with regard to measuring similarity between two groups of
documents. For relative comparison, the scores obtained from both methods were scaled
together into a 0–100 range. The distribution of the similarity scores is shown in Table 6.

Table 6. Similarity score distribution comparison.

Mean Standard Deviation Minimum Maximum

Keyword matching 20.72 0.03 20.67 21.02
Sentence similarity 43.15 10.42 4.09 89.86

Table 6 is the comparison of the similarity score distributions that we obtained from
the keyword matching method and the similarity method. The table clearly shows that
there is a serious problem when using the keyword matching method to analyze thematic
structure. The scores of the keyword matching method are too densely packed between 20
and 21, with an average of 20.72 and a standard deviation of 0.03. The difference between
scores is too small to induce any meaningful comparisons in the analyses that follow after
the measurement. On the other hand, the scores of the sentence similarity method averaged
43.15, and the standard deviation was 10.42, which is widely distributed between 4 and 89.

Since the purpose of this analysis is to identify the theme structure in the sustainability
reports, a significant variation in calculated scores is needed for subsequent analysis after
measurement. Therefore, we present only the results derived by the sentence similarity
method in the next section.

4.2. Thematic Analysis

We have six similarity scores per report. Hence, the total number of similarity scores
for six companies over 10 years is 360. These similarity scores indicate how heavily each
report mentions each of the six categories. Since the scores were converted to 0–100 values
before averaging them into six categories, interpretation of the scores as to the relative
importance of the different theme is still valid.

To confirm the trend of the thematic structure of sustainability reports, we visualized
the similarity score data into charts. The visualization is effective in identifying changes
and patterns, especially within large data sets. In this chapter, we present the results of the



Appl. Sci. 2022, 12, 5614 12 of 20

thematic and sentiment analysis using line with markers charts. For visualization, the most
basic and popular Python chart library, Matplotlib [47], was used.

For this section, we first closely examined the thematic structure of the sustainability
reports and its trend or change for BASF. This is to check whether the sentence similarity
analysis result for BASF is consistent with the generally known characteristics of BASF.
This can also prove the significance and advantages of the sentence similarity analysis in
this study. In Figure 4, we used a line with markers chart to show the thematic structure of
BASF’s sustainability reports over a 10-year period.
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The number indicated at the bottom of Figure 4 is the length of each report in terms of
the number of sentences. Over the past decade, the length of reports has steadily increased
and almost doubled. However, except for some slight changes between 2017 and 2018, the
thematic structure of BASF’s sustainability reports hardly changed.

BASF is one of the world’s largest chemical production companies, and its business is
closely related to the environment. The category ‘Environments’ includes SDG goals 13
(Climate Action) and 15 (Life on Land). Therefore, the company is likely to include issues
about the impact and risks of business activities on the environment in their reports. As
shown in the figure, the similarity scores for the ‘Environments’ category are noticeably
high, while the similarity score for the ‘Resources’ category is the lowest. However, it is
very surprising that the thematic structure for 10 years shows a very monotonous pattern
with hardly any change.

To check whether a similar monotonous structure and pattern was being implemented
in companies belonging to completely different industries, we examined what happened
to Nestle, a typical B2C company. In Figure 5, we used a line chart with markers chart to
show the thematic structure of Nestle’s sustainability reports over a 10-year period.
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Figure 5. Thematic structure of sustainability reports: Nestle.

Nestle is the largest food company in the world, and its products include baby food,
bottled water, breakfast cereals, coffee and tea, confectionery, dairy products, ice cream,
frozen food, and so on. Nestle has 447 factories, operates in 189 countries, and employs
around 339,000 people. As shown in the figure, the similarity scores for the ‘Social Develop-
ment’ and ‘Life’ categories are noticeably high, whereas the similarity scores for the ‘Equity’
and ‘Resources’ categories are the lowest. This is consistent with the generally known
characteristics of Nestle, a typical B2C company. In terms of the number of sentences, the
length of the report fluctuates greatly over the past decade, from 407 in 2013 to 2380 in 2017,
and then 540 in 2020. However, it is also very surprising that the thematic structure and
pattern of Nestle’s sustainability reports for 10 years show a very monotonous pattern with
barely perceptible changes.

We also checked whether these monotonous patterns and trends also occurred in the
reports of companies other than Nestle and BASF. The line with markers charts that we
created with the sentence similarity scores in Figure 6 show the thematic structures of the
sustainability reports for all six companies. Although the ranking of similarity scores varies
across the six companies, it is significantly confirmed again that, except for some slight
changes in some years, the thematic structure and pattern of the sustainability reports
within individual companies are about the same.

Frequent use of category-related terms in a company’s sustainability report reflects
its predominant and specific concern on those issues. Figure 6 clearly shows thematic
practices, trends, and a significant difference in the content reported across companies.
It is noteworthy that each company has a different ranking of the six themes. This is
because companies generally have a focus area relating to industry and business strategies.
For example, BASF and IKEA have noticeably high scores on the ‘Environments’ theme
compared to other companies. Apparently, this is because BASF produces chemicals that
can directly affect the environment, and IKEA has critical environmental challenges such as
destroying forests for furniture mass-production. Although the ranking of the six themes
varies from company to company, the fact that thematic structure shows a monotonous
pattern also reveals that companies have a focus area of sustainability. Moreover, one
may also deduce from the chart the areas of sustainability that a company is focusing on
and how they change over time. Within one company, however, the sustainability reports
consistently show a monotonous pattern in terms of thematic structure. This result is
probably because companies just routinely prepare their reports based on the previous
report format. The fact that there is little difference in this pattern even when the number
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of sentences in the report greatly increases supports this conjecture. Considering the cost
and resources associated with their preparation, such passive reporting is not desirable.
Though most sustainability reports are subject to a sustainability audit that evaluates a
report’s consistency with the actual activities of the company, the audit does not evaluate
the monotony of thematic structure. So far, there has been no proper way to evaluate it.
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In addition, the changes in similarity scores can be an indicator that reflects whether
companies are communicating in consistent languages across years. For example, BASF
seems to be using consistent reporting language compared to other companies that show
fluctuation, since it only moves within a small range. This stable pattern can be understood
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to mean that a company is either delivering effective messages with consistent language, or
just passively and routinely preparing their reports based on the previous report format.
Further research is needed on how to interpret this finding. Nevertheless, our approach en-
ables evaluation of reporting-language consistency across multiple years and complements
the limitations of [12], which pointed out that annual analysis does not account for changes
in reporting language over time.

4.3. Sentiment Analysis

The purpose of sentiment analysis in this study is to identify the tendency of companies
to selectively report positive information and to analyze the pattern. After measuring
sentiment, each report yielded percentages for the positive and negative categories. The
total number of percentages for the six companies over 10 years is 120. Each percentage
represents the weight of positive and negative comments in a report. Since our goal is to
identify the balance between positive and negative information, we focused our subsequent
analysis on the ratio of positive and negative comments of each report. In Figure 7, we
used a line with markers chart to show how the ratio of each company has changed over
the past decade.
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As can be seen from the figure, the ratio of positive and negative comments differs
significantly by company. There are no signs of greenwashing in BASF’s sustainability
reporting. Not only is the ratio of positives and negatives so balanced, with an average of
1.1, but there has also been little change over the past decade. In B2C companies, positive
comments are more than twice as high as negative comments. Walmart, IKEA, and Marks
& Spencer maintain, on average, an almost doubling of their ratios. Meanwhile, Toyota
and Nestle show a large increase of 3.5 times.

Remarkably noticeable in this figure are two anomalous peaks, where the percentage
of positive comments is more than six times higher. These abnormal increases can be
suspected as evidence of greenwashing. For instance, Toyota’s positive rate is 6.5 times
higher in 2012. Why did this exceptionally high percentage appear? We may recall that
Toyota faced a very difficult crisis in the years before 2012. Toyota had a hard time with
a series of recalls and intense media coverage between 2009 and 2011. As a result, public
concerns about the quality and reliability of Toyota vehicles were very high. Under this
circumstance, it is presumed that Toyota greatly emphasized the positive comments in the
sustainability report to enhance its positive image.
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Nestle also has a very high positive rate of 4.1 in 2015 and 6.0 in 2016. Nestle’s
exceptionally high percentage was also due to a series of events in 2015–2016 that led to a
difficult crisis in terms of public relations. In India, the national food safety regulator had
banned the sale of Nestle’s Maggi after tests showed that it contained excessive lead. At
that time, Maggi was commanding an 80% share of India’s noodles market. However, its
shares plunged to zero in just a month, costing the company half a billion dollars. Moreover,
Nestle admitted to slavery and coercion in its seafood industry, in its supply chains in
Thailand. The company was also in the midst of fighting the alleged use of child slaves in
cocoa farming in the Ivory Coast. This put Nestle in an uncomfortable position of disclosing
slavery in one area of its operations, while also fighting to defend charges in another area
of its business.

The results of the sentiment analysis prove that the new approach of this study is very
useful. It confirms that companies actively use the sustainability report to improve their
positive image when they experience a crisis.

5. Conclusions

Today, sustainability is a major, sensitive issue that is all the more highlighted because
of the coronavirus pandemic. In response to this trend, many companies now produce
an annual sustainability report that has become an important resource to understand a
company’s sustainability strategies and practices. However, a large amount of information
full of sustainability and business jargon is a barrier for people to understand companies’
sustainability strategies and practices. Accordingly, many researchers attempted to analyze
the content of the sustainability reports to identify the concepts and themes using various
NLP methods.

In this study, we pointed out the limitations of analyzing sustainability reports using
the word frequency-based methods that were mainly used in previous studies, and we
proposed a novel approach that overcomes them. For the analysis, we collected 60 sus-
tainability reports from six global sustainability leader companies that are listed in the top
10 rankings in the survey from 2011 to 2020. Using the sentence similarity and the sentiment
analysis, the study clearly showed thematic practices, trends, and a significant difference
in the balance of positive and negative information in the reports across companies. In
particular, the quantitative measurement of the text information on the predefined theme
structure revealed the trend of sustainability over time. The ranking of the themes varied
from company to company, but we found that the theme structure and pattern of sustain-
ability reports within individual companies are almost identical, except for minor changes
over the years. This confirms that companies generally have a focus area of sustainability
relating to their industries and businesses. In sentiment analyses, by visualizing the trend
of the positive/negative ratio of the information, we were able to identify anomalous peaks
indicating presumptive signs of greenwashing, an active use of the sustainability report
to improve the company’s positive image in case of a crisis. This temporal analysis that
can immediately detect signs of greenwashing in the sustainability report is very useful for
continuous monitoring and evaluation.

The results proved that the new approach of this study is very useful in automatically
analyzing the thematic structure and the balance of positive and negative information
in the reports across companies and over time. Therefore, the insights gained using this
methodology will not only help companies actively accomplish more reliable, effective, and
useful sustainability reports, but also provide researchers with varied future research ideas.

This paper, however, has several limitations. For one thing, in order to show the
effectiveness of the new approach, the target companies were limited to only six. In future
research, it is necessary to greatly expand the target companies or to intensively study
several companies belonging to a specific industry. In a follow-up study, we are comparing
2019 sustainability reports with the 2021 reports to examine how the COVID-19 pandemic
has altered the contents of sustainability reports. Regarding sustainability reports, this
study analyzes not only changes across companies within a specific industry, but also the
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impact of the COVID-19 pandemic across industries. Additionally, the composite use of
different types of data sources such as news articles [48] or social media data [22] is another
future research topic to validate our findings.

Furthermore, in the sentiment analyses, we divided the sentiment score into positive
sentiment if it was 0.5 or more and negative sentiment if it was less than 0.5. If we
further subdivide positive sentiment and negative sentiment according to degree, for
example, extremely positive, very positive, positive, neutral, negative, very negative, and
extremely negative [49], we may see more interesting results. Since recent sentiment
analysis studies extend their methods by assuming that sentiments are expressed toward
specific aspects [50], we can therefore also adopt aspect-based sentiment analysis (ABSA)
to identify the sentiments of sentences according to specific themes.

The biggest limitation with this paper may be the lack of any kind of comparison with
other approaches that identified the thematic structure and sentiment of the sustainability
reports using the sentence similarity method. However, since only a few other comparable
techniques in automatic measuring of the content of reports according to the predefined
theme structure are currently available, we admit that this limitation is somewhat inevitable.
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Appendix A

Table A1. List of Sustainability Leaders Survey Reports from 2011 to 2020.

No Year Sustainability Leaders Report

1 2011 The Sustainability Survey 2011
2 2012 The 2012 Sustainability Leaders
3 2013 The 2013 Sustainability Leaders
4 2014 The 2014 Sustainability Leaders
5 2015 The 2015 Sustainability Leaders
6 2016 The 2016 Sustainability Leaders
7 2017 The 2017 Sustainability Leaders: Celebrating 20 Years of Leadership
8 2018 The 2018 Sustainability Leaders
9 2019 The 2019 Sustainability Leaders
10 2020 The 2020 Sustainability Leaders

Appendix B

Table A2. List of Corporate Sustainability Reports from 2011 to 2020.

No Company Name Sustainability Report

1 BASF BASF Report 2011 Economic, environmental and social performance
2 BASF Report 2012 Economic, environmental and social performance
3 BASF Report 2013 Economic, environmental and social performance
4 BASF Report 2014 Economic, environmental and social performance

github.com/llbtl/paper_ssm01
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Table A2. Cont.

No Company Name Sustainability Report

5 BASF Report 2015 Economic, environmental and social performance
6 BASF Report 2016 Economic, environmental and social performance
7 BASF Report 2017 Economic, environmental and social performance
8 BASF Report 2018 Economic, environmental and social performance
9 BASF Report 2019 Economic, environmental and social performance
10 BASF Report 2020 Economic, environmental and social performance
11 IKEA Sustainability Report 2011
12 Sustainability Report 2012
13 Sustainability Report 2013
14 Sustainability Report 2014
15 Sustainability Report 2015
16 Sustainability Report 2016
17 Sustainability Report 2017
18 Sustainability Report 2018
19 Sustainability Report 2019
20 Sustainability Report 2020
21 Marks & Spencer How We Do Business Report 2011
22 How We Do Business Report 2012
23 Plan A Report 2013
24 Plan A Report 2014
25 Plan A Report 2015
26 Plan A Report 2016
27 Plan A Report 2017
28 Plan A Report 2018
29 Plan A: Performance update 2019
30 Plan A Report 2020
31 Nestle Creating Shared Value Summary Report 2011
32 Creating Shared Value and meeting our commitments 2012
33 Creating Shared Value and meeting our commitments 2013
34 Creating Shared Value and meeting our commitments 2014
35 Creating Shared Value and meeting our commitments 2015
36 Creating Shared Value and meeting our commitments 2016
37 Creating Shared Value and meeting our commitments 2017
38 Creating Shared Value and meeting our commitments 2018
39 Creating Shared Value and meeting our commitments 2019
40 Creating Shared Value and Sustainability Report 2020
41 Toyota Sustainability Report 2011
42 Sustainability Report 2012
43 Sustainability Report 2013
44 Sustainability Report 2014
45 Sustainability Report 2015
46 Sustainability Data Book 2016
47 Sustainability Data Book 2017
48 Sustainability Data Book 2018
49 Sustainability Data Book 2019
50 Sustainability Data Book 2020
51 Walmart Global Responsibility Report 2011
52 Global Responsibility Report 2012
53 Global Responsibility Report 2013
54 Global Responsibility Report 2014
55 Global Responsibility Report 2015
56 Global Responsibility Report 2016
57 Global Responsibility Report 2017
58 Global Responsibility Report 2018
59 Environmental, Social & Governance Report 2019
60 Environmental, Social & Governance Report 2020
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