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Abstract

This paper examines issues associated with the development
of bags of words that can be used to analyze the extent to
which descriptors of a concept are related to some dependent
variable and as an approach to continuously monitor the oc-
currence of those concepts in text. We focus on generating
bags of words using Word2Vec, using two key sources of
business text, Form 10-Ks and “earnings calls,” to support
issues of concern in social good. As an experiment, we drill
down on building bags of words, that describe independent
variables, descriptive of the concept of “sustainability,”
which could be related issues such as firm value measures
(profitability), events (release of new products or mergers) or
other dependent variables.

Introduction

One approach to analyzing and continuously monitoring in-
formation in the world for social good is using a bag of
words approach. By analyzing text streams, we can gather
the information that includes words in our bag of words of
interest. As one example, O’Leary and Spangler (2016) ex-
amine a system used to find text information related to choc-
olate and chocolate companies for purposes of finding issues
relating chocolate to health, such as choking incidents or
concerns about diabetes or allergies. This approach has ap-
plications in many domains, including generating taxono-
mies and ontologies for information search about employ-
ment, individual histories or social media.

Another approach is to use bags of words to understand
what variables in some text are related to a dependent vari-
able. In that approach, statistical models are developed try-
ing to map relationships between occurrences of particular
types of text and some outcomes. In those settings, there is
interest in relating a dependent variable (financial return,
stock price, fraud, merger, etc.) to some text. As an exam-
ple, Allen et al. (2021) built a word list to study the potential
impact of information captured in text on effective tax rates.
In order to structure and analyze some text, we generate a
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bag of words designed to measure the extent some concept
(say about social good) is found in that text. We count oc-
currences of each of the words and perform a statistical anal-
ysis of some dependent variable, based on the number of oc-
currences of those words in the bag of words, as independent
variables. This provides a statistical model of the dependent
variable that can be used to better understand the relation-
ship with the information in some text.

Still another approach is to use generative Al to help an-
alyze information. Unfortunately, generative Al systems
are periodically developed, leaving them periodically infor-
mationally out of date. One approach to ensuring that they
have updated information is to provide them with additional
information using so-called retrieval augmented generation
(Lewis et al. 2020). However, in some cases chosing the
information to include is not easy and also must be up-to-
date. A bag of words could provide a targeted list of con-
cepts, taxonomies or ontologies to facilitate search.

In these three and other settings, we use a bag of words,
to find words that would signal or identify a concept, both
individually and as a portfolio or group using contemporary
information. This bag of words approach is well-known and
used in psychology-based systems, such as LIWC — Lan-
guage Inquiry and Word Count (Boyd et al. 2022) — where
different psychology concepts, such as “power,” are charac-
terized by a set of words. However, we are interested in
analyzing text for issues different than psychological con-
cepts and concerned more with issues such as sustainability
or environmental concerns or other issues of social good.

In order to determine a relevant bag of words, we identify
a concept of interest, as captured in a “seed word,” and we
use Word2Vec, to analyze multiple corpora, generating
words that are “similar” to the seed word. This approach
provides an explicit specification of that seed word, charac-
terized by a list of words that are “similar” to it from a spe-
cific corpus or set of corpora. The resulting list is referred
to as a bag of words.



This Paper

Thus, the purpose of this paper is to examine an approach
for generating a bag of words for use in the analysis of issues
related to sustainability. This paper approaches that purpose
in the following manner. The following section reviews our
approach that is based on Word2Vec, while the subsequent
section summarizes our findings. We then describe an alter-
native approach. In the final section, we summarize the pa-
per and its contributions.

Background

This section provides a brief overview of some key concepts
used in this paper.

Word2Vec

Word2Vec is an approach that allows representation of
words as vectors. The approach allows development of re-
lationships between words, measured in a vector space. This
research uses Word2Vec, starting with the conceptual seed
word of interest, to generate a set of “similar” words, based
on a particular set of text corpora. The seed word(s) is cho-
sen to capture a particular concept of interest, as related to
“social good.”

In the original uses of Word2Vec, Mikolov et al. (2013a),
used a Google news corpus to find several types of semantic
and syntactic “similarities” in their analysis. For example,
they found country currencies (kwanza in Angola), cities in
states (Chicago in Illinois), man-woman relationships
(brother-sister), opposites (ethical and unethical) and sev-
eral other relationships. This research extends that analysis
from the Google News corpora to two different sets of text
from a business environment and to the environment of so-
cial good, and in so doing finds several other similarities.

Ontology

Historically, an ontology was elegantly defined as “an ex-
plicit specification of a conceptualization” (Gruber 1993, p.
199). That definition later was extended to stress the im-
portance of a “shared conceptualization,” e.g., Guardino et
al. (2009). In addition, as part of a discussion, Guardino et
al. (2009) noted, “an ontology is a special kind of infor-
mation object or computational artifact.” We will be devel-
oping word lists that describe a concept, based on the par-
ticular seed word chosen, providing us with an artifact that
has the ability to model the semantic meaning or structure
of the concept of concern. Our word lists provide a set of
signals that can be used to identify occurrences of a shared
conceptualization of a seed word in a corpus.
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Human in the Loop

To-date, artificial intelligence is well-known to provide in-
complete, ambiguous or even incorrect information. As a
result, it typically is necessary to have a human in the loop
(HITL) to choose between potential answers, confirm an-
swers and guide the development of a solution that a system
can use, and that is sensible to other users. There has been
substantial research on HITL (e.g. Holzinger 2016 and oth-
ers) and experts (O’Leary 1993a), and we use a HITL as an
important part of our approach. For example, the HITL pro-
vides expertise that allows us to ensure that the words are
consistent with seed word and our intent to study sustaina-
bility.

Equivocality and Unigrams vs Bigrams

As noted by previous researchers, it takes uncertainty to de-
stroy uncertainty. For example, Ashby’s Law of requisite
variety (1956) states, “it takes variety to destroy variety.”
Also, as noted by Karl Weick (1969), “it takes equivocality
to remove equivocality.” The implication is that when we
build word lists, even if the seed word is a unigram, it may
take an n-gram to effectively capture the ontological mean-
ing of the seed word of concern. Our implementation of
Word2Vec allows us to generate both unigrams and bigrams
in our bags of words. As a result, we also take the bag of
words approach beyond the typical unigram approach that is
generally used (e.g., Boyd et al. 2022).

Social Good

In this paper we are concerned with using this approach in
issues associated with “social good.” However, as discussed
in O’Leary (2025) it is not clear that there is a universal un-
derstanding of what is “Al for Good” or when something is
for social good. For example, Arrow’s (1970) well-known
theorem indicates that for some decisions there is no solu-
tion that is preferred by all. Accordingly, there is not nec-
essarily one choice that is good for all. This theorem has
also been used to note that there is not likely to be a single
ontology or list of words that is optimal for all applications
(O’Leary 2003).

Although there is ambiguity, as to what is “good,” there
has been substantial research pursuing Al for Social Good.
For the issue addressed in this paper, a Google search for “is
sustainability an important issue” generated 1.33 billion
Google results, suggesting its importance.

Implementation

Mikolov et al. (2013a, 2013b) use two different algorithmic
approaches as part of their work on Word2Vec, CBOW
(continuous bag of words) and Skip-gram. Those algo-
rithms were used on different datasets, with both unigrams



and bigrams as the basis of the search for one of the datasets.
We used multiple sets of text data: 10-K for 2020 and 2021,
separately and combined and two sets of “earnings call”
data.

Form 10-Ks contain text and numeric information about
firms that are required by the United States government’s
Securities and Exchange Commission. Our dataset included
more than 8000 different Form 10-Ks. Earnings calls are
text data that derives from management’s periodic discus-
sions in public forums about different issues related to cor-
porate earnings. Finally, for the combined set of 2020 and
2021 form 10-Ks we used two different approaches, one us-
ing unigrams and the other using bigrams. Taken together,
this gave us twelve word sets, for which we gathered 30
words in each set. Those words were then edited for reason-
ableness and duplications.

Approach

Our research objective was to use an implementation of
Word2Vec to generate a list of words based on some key
“social good” concepts of concern, with a particular focus
on business use and effects of social good on those firms.
Because we are interested in tracking business related sus-
tainability concerns, our analysis used text from corporate
disclosure information that is publicly available, Form 10-K
submissions to the Security and Exchange Commission, and
Earnings Calls, where management discusses company
earnings in an open forum.

In our research, we examine the seed word, “sustainabil-
ity,” using different financial corpora, we find additional
types of relationships beyond the work of Mikolov et al.
(2013a).

Equivocality and Unigrams vs Bigrams

We used a seed word in Word2Vec to generate words “sim-
ilar” to that seed word. Unfortunately, not all words gener-
ated using Word2Vec are of general interest in monitoring
and analyzing issues concerned with the seed word. We
used multiple “filters” to choose the words for our resulting
dictionary. First, we used a human in the loop to review the
words and exclude words that they considered not similar to
the concept. Typically, this meant that the word generated
by Word2Vec were too general and not specifically related
to our seed word, e.g., “improving” and “excellence.” In
addition, Word2Vec found some “inclusiveness” terms, as
descriptive of sustainability. Our HITL choose not to in-
clude those terms. Second, for each word that the HITL
thought was appropriate, we used Google’s Search Al to as-
certain “if x is related to sustainability.” We included the
word on our list if Google’s Al indicated “yes.” Third, the
relative number of appearances of a word within the differ-
ent approaches provides another way of determining if a
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word in question could be used on our list. For example, no
words that appeared only a single time, among the twelve
data sets, were included on the list.

Findings — Seed Word “Sustainability”

Using Word2Vec generated unigrams, bigrams and abbre-
viations. In this section we summarize our findings.

Word List

Using the approach outlined in this paper, Tables 1a and 1b
summarize our sixteen unigrams and our seven bigrams gen-
erated by Word2Vec. The word list include word, the type
(unigram or bigram) and the number of occurrences in our
word lists.

Based on this dictionary, a holistic overview using this set
of words provides a view that “sustainability” relates to the
“environment,” with a role of “stewardship” and “govern-
ance,” a responsibility of “accountability,” with goals of
“survivability” and “safety.”

The bigrams we chose includes one of the words, “envi-
ronmental,” “corporate,” and “sustainability,” and one of the
words “goals,” “initiatives,” “social,” “responsibility,” “sus-
tainability,” and “stewardship.” As part of “fleshing out”
this word set we could add those other combinations not
listed, such as “environmental goals,” but we already cap-
ture the unigram sustainability.

t2]
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Abbreviations Found

Interestingly, our use of Word2Vec found several abbrevia-
tions “similar” to sustainability, as seen in table 2. The most
frequently appearing abbreviations were related to acro-
nyms that included “environment,” or “sustainable.” In ad-
dition, they capture issues such as regulation, with the term
“Global Reporting Initiative.”

Number Bigrams

2 Environmental Stewardship
Environmental Responsibility
Corporate Responsibility
Environmental Sustainability
Environmental Social

Sustainability Goals

(NS S I (S B S B (S I S )

Sustainability Initiatives

Table 1a: Bigrams in Word List.



Number Unigrams

Stewardship

—_
[e)

Resilience
Governance
Safety
Resiliency
Climate
Decarbonization
Sustainable
Accountability
Survivability
Cybersecurity
Survivability
Readiness

Vigilance

N B S B S S S % IV, TV, IRV, BN e ) SN e o]

Environmental

Sustainability
Table 1b: Unigrams in Word List.

ESG — “Environment, Social and Governance” was found
by each of the 12 different corpora/approach combinations
and was either the first or second rated word in 10 of the 12.
After ESG, GRI (Global Reporting Initiative), EHS (Envi-
ronment, Health and Safety) and HSE (Health, Safety, En-
vironment) were the highest rank. Three of those four in-
clude “Environment,” and two of those four include
“Safety,” illustrating the concepts that are appearing parallel
to sustainability. In addition, using sustainability as a seed
word also generated four different abbreviations related to
diversity, suggesting some similarities between sustainabil-
ity and diversity. It is interesting to speculate that the simi-
larities may be driven by being areas of change or areas of
corporate disclosure requirements.

In any case, the choice of which abbreviations to include
would likely depend on the type of sustainability of concern.
If we were concerned about “environment,” it is likely that
we would include the top seven (most frequently occurring)
in our table 2.

Types of Semantic and Syntactic Relationships

Mikolov et al. (2013a) noted that Word2Vec generated sev-
eral types of similarity, using their Google text database. As
we examine relationships found using Word2Vec on our
data we find several different types of semantic and syntac-
tic relationships, extending those found in Google’s word
set, in our search using the seed word “sustainability,” as
summarized in Table 3.

No. Abbrevia- Extended Meaning of Abbrevia-

tion tion

14  ESG Environment, Social, Governance

6 GRI Global Reporting Initiative

5 EHS Environment, Health, Safety

5 HSE Health, Safety, Environment

4 SDGS Sustainable Development Goals

3 QHSE Quality, Health, Safety, Environ-
ment

3 TCFD Task Force Climate-related Finan-
cial Disclosures

3 DEI Diversity, Equity and Inclusion

2 LGBTQ Lesbian, Gay, Bi, Trans and Queer

1 DIB Diversity, Inclusion, Belonging

1 IWD International Women’s Day

1 HDARS Healthcare Data and Relationship

Set

Table 2: Abbreviations.

Types of Semantic and Syntactic Relationships

Mikolov et al. (2013a) noted that Word2Vec generated sev-
eral types of similarity, using their Google text database. As
we examine relationships found using Word2Vec on our
data we find several different types of semantic and syntac-
tic relationships, extending those found in Google’s word
set, in our search using the seed word “sustainability,” as
summarized in Table 3.

Relationship Example

Types of Sustainability Social Responsibility
SDGS — Sustainable Devel-
opment Goal

Sustainable

Acronyms

Word Variations

Things Created to Imple- Sustainable Initiatives

ment

Blgram and" Relation- And governance
ship

Bigram Type of Safety Workplace Safety

Bigram Linking Word
and Acronym
Descriptors to Environ-
mental

Governance ESG

Environmental Stewardship

Table 3: Relationships.



Each of these types of relationships is different than those
in Mikolov et al. (2013a), suggesting the importance of the
particular corpora (data) driving the types of relationships
that are found with Word2Vec.

Alternative Approach

Because Word2Vec uses a specific corpus or corpora, an
analysis of these results suggest that it is possible to omit
some related concepts that can be found in other settings or
corpora. For example, in our analysis of our text of the seed
word “sustainability” we did not find any relationships to
renewable energy, green or green energy or intergenera-
tional equity. If we were to use our resulting dictionary in
other settings, that might lead to limitations. However, if
we were using our dictionary for analysis of these corpora
that we did use, then it is unlikely that those omissions
would affect analysis, because Word2Vec did not find the
concepts adjacent to our seed word.

Google Search List

An alternative approach to generating word lists is to use
one of the available generative Al tools, including ChatGPT,
Claude or others. We used “Google Search,” we asked, “can
you give me a list of words that indicate that something is
sustainable?” That list is summarized in Table 4. As seen
in the list, there are four bigrams and four unigrams.

It is interesting that other than the terms “sustainable” and
“sustainability” there are no overlaps with the word lists
generated from Word2Vec and our corpora in Tables 1-3.
Accordingly, such a word list, generated outside of the busi-
ness 10-K disclosures and earnings calls would likely not be
helpful at finding information related to sustainability in
those documents. As a result, this finding suggests building
dictionaries for the corpora of interest.

A large language model (LLM), such as ChatGPT, also
can be used to further validate the words generated by this
approach. In addition, a LLM can be asked if a word is
“similar” to the a seed word to confirm the results, from a
different perspective.

Bigrams Unigrams
Carbon Neutral Sustainable
Carbon Negative Sustainability

Circular Economy
Environmentally Con-
scious

Eco-friendly

Green

Table 4: Google Search Response List.
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A Big Beautiful List

These findings also suggest that perhaps there are multiple
uses of what the word sustainability even means (e.g.,
Leamon 2018). Accordingly, if we wish to build an all-en-
compassing dictionary, with multiple uses and purposes,
then we would need to include multiple sources beyond
those here. Unfortunately, that also could lead to mis-iden-
tification of sustainability text, with both type I and II errors.
As a result, perhaps an approach such as using Word2Vec is
likely to provide the greatest domain specific and corpora-
specific accuracy.

Summary, Contributions and Extensions

This paper illustrates the development of a bags of word for
a concept designed for social good, with a particular focus
on sustainability. The paper noted two rationales for finding
word lists include using the counts of the words as independ-
ent variables used to estimate some dependent variable (Al-
len et al. 2021) and as a basis for monitoring a stream of text,
say for a real time organization (O’Leary and Spangler
2016, O’Leary 2008).

The approach used a seed word concept, “sustainability”
in Word2Vec, to generate a set of similar words from Form
10-Ks and earnings calls. Our implementation employed
both unigrams and bigrams. Although we focused on
Word2Vec, we also considered one of the many emerging
generative Al approaches currently available and found lim-
ited overlap with our approach. Our findings suggest the
importance of using an appropriate corpus for development
of the word list.

Appendix: Word2Vec Implementation

This paper employs the Word2Vec method to investigate the
meanings and relationships between words in a business
context. In order to reflect the usage of words in this context,
we use Form 10-K filings and earnings call transcripts. Form
10-K is the official and statutory filing that public compa-
nies are required to disclose annually. It provides both finan-
cial and non-financial information, including management
discussions and risk factors. Earnings calls, on the other
hand, are voluntary communications through which compa-
nies share their past performance and future plans with in-
vestors and stock market analysts. We believe these docu-
ments are among the most widely used and carefully pre-
pared by companies. Form 10-K filings are retrieved from
the SEC’s EDGAR website, while earnings call transcripts
are collected from the Seeking Alpha website.

Based on these corpora, each word was converted into a
100-dimensional vector using the Word2Vec method. This
paper employed the Gensim Python package to implement
Word2Vec, as proposed by Mikolov et al. (2013a).



Word2Vec assumes that the meaning of a word can be iden-
tified from its neighboring words and co-occurrence pat-
terns in sentences. To implement this assumption, Mikolov
et al. (2013a) proposed models that either (1) predict a cen-
ter word given its surrounding words (CBOW), or (2) pre-
dict surrounding words by using a given word (Skip-gram).
This paper adopts the same modeling approaches. We
parsed the corpora into sentences and trained the models ac-
cordingly. From the trained models, we obtained vector rep-
resentations for each word. Once word vectors are obtained
from the models, we can get a list of words based on a seed
word by selecting those located near the seed word in the
vector space.
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