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Abstract

We present a simple and effective methodol-
ogy for the generation of lexicons (word lists)
that may be used in natural language scoring
applications. In particular, in the finance in-
dustry, word lists have become ubiquitous for
sentiment scoring. These have been derived
from dictionaries such as the Harvard Inquirer
and require manual curation. Here, we present
an automated approach to the curation of lex-
icons, which makes automatic preparation of
any initial word list immediate, which can then
be further curated. We show that our automated
word lists deliver comparable performance to
traditional lexicons on machine learning classi-
fication tasks. This new approach will enable
finance academics and practitioners to create
and deploy new word lists in addition to the
few traditional ones in a facile manner.

1 Introduction

Text-based numerical scores and features such as
sentiment, readability, positivity, negativity, risk-
iness, and litigiousness play an important role in
many financial research and practical applications
(see Loughran and McDonald (2020) for a com-
prehensive review). The existing practice is to de-
rive word-based features from the input text by
applying finance-specific dictionaries such as the
Loughran-McDonald (LM) word lists.1 Word scor-
ing based numerical features are widely used in
regression analysis of regulatory filings, news ar-
ticles, tweets, etc. It is a testament to the success
of this approach that a vast literature in account-
ing, economics, and finance has exploited these
variables, amounting to hundreds of papers in the
last two decades. Gentzkow et al. (2019) provide
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1https://sraf.nd.edu/textual-analysis/
resources/

a survey of applications and the motivation for the
use of text and scoring methods. Other comprehen-
sive surveys of textual analysis in finance include:
Li (2010); Das (2014); Kearney and Liu (2014);
Loughran and Mcdonald (2016). These papers
all make the point that lexicons are effective in
representing various financial concepts and the nu-
merical scores of documents are related to financial
outcomes and corporate performance, justifying the
original ideas in (Loughran and Mcdonald, 2011).
We complement the hand-curated lexicons with an
automated approach.

Several applications benefit from the use of word
lists in natural language processing (NLP). NLP
helps in credit analysis of firms using SEC filings
and news (Bodnaruk et al., 2015; Bonsall et al.,
2017; Ertugrul et al., 2017). Routledge (2019)
presents an example of NLP in asset management.
Corporate performance is related to textual fea-
tures such as sentiment, readability, tone, size, risk,
and uncertainty (see Antweiler and Frank (2004);
Das and Chen (2007); Hoberg and Phillips (2016);
Bach et al. (2019) and the references there-in). Dif-
ferences in the text of filings across quarters and
years contains predictive value as shown in Co-
hen et al. (2020). Several academic studies and
industry whitepapers have shown the value of sen-
timent scoring and text variables (e.g., Hafez et al.
(2020b,a); Cong et al. (2019b,a); Chebonenko et al.
(2018)). Recently Twitter feeds have become im-
portant sources of text that may be related to finan-
cial outcomes, as discussed in (Blankespoor et al.,
2014; Elliott et al., 2018). Bartov et al. (2017) show
that the aggregate opinion from individual tweets
predicts firms’ forthcoming quarterly earnings and
announcement returns. Chen et al. (2019) construct
a crypto-specific lexicon and find a relation to cryp-
tocurrency returns. Thus, it is clear that bags of
words may be constructed for special purpose finan-
cial concepts, various markets, and media sources
(chat rooms, discussion boards, SEC filings, tweets,
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news, etc.).

The key is where the bag of words comes from.
The approach in the extant literature has been to
rely on experts to create these bags. But this in-
troduces a degree of subjectivity and a lack of ro-
bustness. Moreover, as the number of concepts
increase, and are represented differently over time
– perhaps due to evolution of language, economics
(e.g., rules may change what is subject to litiga-
tion), and as expertise on different topics or even
the same ones spread, the need arises for discipline
and replicability in how the bags of words are con-
structed. This paper’s purpose can be viewed as
bringing discipline to the process of creating bags
of words for different concepts. First, the approach
replaces subjective choices of humans with a repli-
cable algorithm. Since the algorithm is completely
described and is easy to implement, it is replica-
ble. Second, it can be refined by future modelers
and is therefore more easily developed and adapted.
Third, it does not do away with the domain experts–
it simply gives them a superior baseline on which
their expertise can be used to refine the results. Fi-
nally, the role of experts is also more objective
as what experts impose their views on becomes
transparent. This makes the entire bag of word list
generation transparent in ways that it has not been
before.

Motivated by the need for automatic creation of
word lists suitable for different financial applica-
tions, we present FinLex, a simple and scalable
approach to generate financial word lists using pre-
trained word embeddings, requiring no manual cu-
ration whatsoever. Our approach facilitates generat-
ing word lists that provide support both for as well
as against a concept. A similar approach was used
recently to create a corporate culture lexicon in (Li
et al., 2020). In our approach, the user simply pro-
vides a pair of words that are either synonyms or
antonyms. If the words are synonyms, we generate
two word lists with embeddings that are closest to
the two words, intersect these lists with a dictionary
to keep only the ones that are valid words, and then
return the union set of both word lists. Using the
intersecting dictionary is an additional approach to
triage the word lists before manual curation as it
catches spelling errors, non-English words, etc. If
the words are antonyms, we generate two word lists
with embeddings that are closest to the two words,
intersect these lists with a dictionary to keep only
the ones that are valid words, and then return two

separate word lists. If a word appears in both lists,
then we keep the word only in the list in which
it has highest similarity. In short, with synonyms,
the algorithm returns a single list (support for the
concept) and with antonyms, it generates two lists
(support for, as well as against against, the con-
cept).

We demonstrate that these automated word lists
(denoted as financial lexicons) are remarkably good
at generating words related to the concepts in the
synonym or antonym pairs. We note that there are
only seven Loughran-McDonald (LM) word lists,
for the following word concepts: negative, positive,
uncertain, litigious, strong modal, weak modal, and
constraining. In contrast, our approach enables the
creation of lexicons for financial concepts beyond
those currently supported by the LM word lists,
and thus addresses a practical need for the finan-
cial services industry. We illustrate this benefit by
developing word lists for additional concepts such
as fraud, negligence, riskiness, and safety. We also
ran classification tasks using our automated lexi-
cons and compared the results for the same task
undertaken with the current state of the art LM
word lists. We find comparable classification re-
sults, thereby supporting the value of the LM word
lists as well as that of the algorithmically generated
financial lexicons.

The rest of this paper proceeds as follows. Sec-
tion 2 presents the algorithm and its output. Section
3 compares the automated financial lexicons with
the hand-curated LM word lists on classification
tasks. Concluding discussion is presented in Sec-
tion 4.

2 Methodology

2.1 Historical perspective
The Loughran-McDonald (LM) word lists were de-
rived from the Harvard Inquirer (Stone et al., 1966;
Kelly and Stone, 1975) word lists.2 These word
lists (lexicons) are described in Loughran and Mc-
donald (2011); Bodnaruk et al. (2015); Loughran
and Mcdonald (2016); Loughran and McDonald
(2020). These authors painstakingly adapted these
word lists to finance applications by specifically
removing words that were ordinarily positive or
negative in the English language but not so in fi-
nance. For example, the word “liability” has a
negative connotation in normal language, but is
neutral in finance, as a liability is an accounting

2http://www.wjh.harvard.edu/~inquirer/
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term. Loughran and Mcdonald (2011) point out
that almost 3/4 of the words in the Inquirer nega-
tive word list were not deemed as such in finance.
Indeed, while financial returns have no relation to
the Harvard IV-TagNeg (negative words) list, they
do have a relation to the recast LM negative word
list. LM further developed seven canonical lists for
text “tone”—the 2018 file has 2355 negative, 354
positive, 297 uncertainty, 904 litigious, 19 strong
modal, and 27 weak modal words. Recently, an-
other category was added, for 184 constraining
words.3 The quality of these word lists is high
and extensive validation of these lists has been un-
dertaken by establishing correlations to economic
phenomena in the literature, as cited above. Corre-
lations with text scores from SEC filings are related
to financial returns, seasoned equity offerings, news
articles, etc.

The approach in this paper offers an automated
alternative to curated word lists, enabling the cre-
ation of word lists for machine learning and econo-
metric analysis with no manual intervention what-
soever. This enables generation of word lists for
categories beyond the ones currently used in prac-
tice. For example, we may wish to score documents
for words related to the concepts of “fraud” and
“negligence”. Another example is to create a list of
“safe” words as a counterpoint to “uncertainty/risk”
words.

Because we stipulate no manual intervention,
these word lists will surely include errors. However,
we note two important considerations in this regard:
(i) these word lists can be further curated manually
to remove any irrelevant words. Such filtering steps
are likely to involve much smaller manual effort
than constructing the lists from scratch; (ii) if the
word lists provide strong predictive performance,
they will arguably serve their purpose. As shown
in Section 3, these automated word lists deliver
comparable performance to the LM word lists on
example classification tasks, even without manual
curation.

2.2 Algorithm
The approach (denoted as FinLex) is as follows.
It takes as input a pair of words (w1, w2). These
words may be synonyms or antonyms. The proce-
dure is as follows:

1. Embedding model selection: Retrieve a
3https://sraf.nd.edu/textual-analysis/

resources/#Master%20Dictionary

large set of word embeddings from a pre-
trained word embedding model (examples
will follow shortly). Word embeddings are nu-
merical vectors of fixed dimension D (usually
300) that represent each word, thus, each word
can be imagined as a point in D-dimensional
space. The collection of unique words for
which embeddings are generated is called
the “vocabulary” and the size of the vocab-
ulary is denoted by V . Hence, the collection
of word embeddings can be represented in
a matrix of size V × D. Think of this as
a projection of V words into D dimensions.
Words related to the same concepts and con-
text will reside closer to each other in this
vector space. Standard sources are FastText
from Facebook,4 Global Vectors (GloVe) from
Stanford,5 and word2vec from Google6. Each
of these uses slightly different approaches to
generate word embeddings from large text cor-
pora (e.g., BOW, SkipGram, GloVe, etc). We
used FastText for our source of embeddings,
(Mikolov et al., 2017; Grave et al., 2018),
based on the original work by Mikolov et al.
(2013).7 These embeddings are usually vec-
tors of size 300 but we have reduced them
down to size 100 using FastText’s built-in di-
mension reduction to make the computation
efficient.8 We note that this is a first approach
and several variations may be tried for embed-
ding size D and source/technique for gener-
ating embeddings. More recent Transformer
models like BERT (Devlin et al., 2019) use
larger embedding sizes (D = {768, 1024}),
but with these models, the same word can
result in different embeddings based on the
surrounding context. We leave the coupling
of contextual embeddings with bag of words
(BoW) models to a future investigation.

2. Selecting similar words: For w1 and w2 find
the set of K most similar words in the embed-
ding space, using cosine similarity, denoted

4https://fasttext.cc/docs/en/
crawl-vectors.html

5https://nlp.stanford.edu/projects/
glove/

6https://code.google.com/archive/p/
word2vec/

7For the code, see https://fasttext.cc/
docs/en/crawl-vectors.html, see also
https://mb-14.github.io/tech/2019/02/
19/word-embeddings-js.html

8See also Joulin et al. (2016)
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wS(wi), i = 1, 2. We set K = 1000 for the
examples in this paper. This is a large num-
ber of similar words to examine and repre-
sents an upper bound on how big a lexicon
can be. Moreover, after intersecting the set
of most similar words with an English dic-
tionary, many of them drop out, so we tend
to get a smaller set of words, somewhat be-
low 1000. We examined setting K = 5, 000
and found that the additional words after the
first 1000 were less conceptually similar to
the input words (w1, w2). We note that we get
1000 words each for w1 and w2, so we are col-
lecting a very large number of similar words
compared to the size of curated lists in the
literature. The LM word lists are of the size
we obtain, though they also contain different
versions of the same word, so tend to be a lit-
tle longer. As discussed later, when stemming
is applied, the LM lists become much shorter,
so K = 1000 is a comfortable upper bound
on the word list size.

3. Filtering for standard words: We then lower
case the words and intersect the set with a list
of standard English words, denoted as set wE .
In our case, we simply used the words from
Harvard Inquirer, but any word list may be
used, e.g., the MIT word list.9 Therefore, we
have the new set S(wi) = wS(wi) ∩ wE , i =
1, 2. This ensures a clean list of words that are
related to the concept words wi.

4. Merging: Here we have two cases, depending
on whether the pair of words are synonyms
or antonyms. Using a pair of words is a new
idea and offers greater inclusion of concepts
and improved accuracy in lexicon generation.
(1) Synonyms: If w1, w2 are synonyms, we
then combine the two sets so that the output
is a single set of words, S(w1) ∪ S(w2). This
engages a concept more broadly if there are
two words that are conceptually related, e.g.,
fraud and negligence. We note that if we want
a word list based on only a single word as in
previous applications in the literature, then we
would just set w1 = w2. (2) Antonyms: If w1,
w2 are antonyms, then the output is two sets of
words, S(wi), i = 1, 2, where each set is inde-
pendently generated using cosine similarity. If

9https://www.mit.edu/~ecprice/wordlist.
10000

Table 1: Examples of word lists generated from FinLex.
For each pair of words, we denote them as antonyms or syn-
onyms, and also present the number of items in the derived
word list.

Pair Type w1, w2 No. of words

Antonyms positive, negative 286, 259
Antonyms risk, safe 240, 215
Synonyms litigious, litigation 198
Antonyms uncertainty, certainty 175, 257
Synonyms fraud, negligence 269
Antonyms fair, unfair 285, 230

a word occurs in both S(w1) and S(w2), then
we retain it only in the list where it is closer
to w1 or w2, and drop it from the other list.
This ensures a word cannot be common to two
opposing concepts. This is especially impor-
tant when using word embeddings, because
it is possible that words that are opposite in
meaning to the concept word may also reside
nearby in embedding space, since they are re-
lated to the concept word, even though they
have an opposing connotation. For example,
if the antonyms are “war” and “peace”, the
word “conflict” may appear in both lists and if
it closer to “war” (as it hopefully should be),
then it will be removed from the list based on
the word “peace”. This is a simple check and
balance on automated lexicon generation as it
helps triage misclassified words.

This procedure creates a single word list if w1, w2

were synonyms and two word lists if they were
antonyms. We do not remove stopwords, nor do
we stem the words, so that multiple forms of the
same word may appear, as is the case with the LM
word lists. Note that this procedure can be easily
extended to cases where multiple words are used to
represent a concept, i.e., multiple words describing
each concept in the antonym pair.

2.3 Examples
We created several word lists using this procedure.
Table 1 displays the number of words in each list
based on the pair of concept words.

In Figure 1 we display the negative and posi-
tive word lists generated by our procedure. As we
see, the words are quite well-related to the concept
word. There are clearly words that are out of place,
such as in the negative word list: neutral, causal,
truth, imply, certain, normal. In the positive words
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list there are incorrect words such as passive, stress,
selfish, and hesitant. These words may naturally
be hand-curated out with little manual effort. How-
ever, in this particular study, in order to show the
potential of keeping the process fully automated,
we do not include manual interventions.

As an example of a synonym pair of words, we
present results for the “fraud, negligence” pair in
Figure 2. Once again, the set of words is remark-
ably well-related to the concept words.

In order to examine the effect of Step 3 in the al-
gorithm, Table 2 displays the words obtained from
the root word “positive” that are excluded by in-
tersecting with a dictionary. The primary effect
of this step is to remove words that have incor-
rect spelling. As an example, see the top words
(based on word vector cosine similarity to the root
word) that are excluded. There are a large number
of misspelled words that are in this list (e.g., pos-
tive, postiive, etc.), but there are some excluded
words that may have been retained (e.g., stronger,
synergy, etc.). Misspelled words occur because
the corpus of word embeddings is based on Wiki
text which also contains several words that are in-
correctly spelled, yet occur in the context of the
concept word. While the misspelled words will
be caught by intersection with any dictionary, the
words that may have been retained will occur if a
bigger dictionary is used. The dictionary we used
had only 8,642 words, whereas WordNet10 has a
list of words that numbers 147,306. If longer word
lists are used, the excluded words would be less
likely to include correct words, while being just as
effective in removing misspelled words.

We also examined the overlap between the LM
word lists and those from FinLex. These are shown
in Table 3. It is interesting that the overlap in the
word lists is not large, though it tends to increase a
little after stemming.

It is useful to examine the overlap further. As
an example, we look at the “uncertain” words and
note that after stemming, the Loughran-McDonald
(LM) lexicon has 136 words (down from 297 pre-
stemming). The FinLex positive word list has
170 words (down from 174 pre-stemming). Post-
stemming, the intersection set of the LM and Fin-
Lex word lists is 15 words. These words are shown
in Table 4. We chose the uncertain word list as
it had the smallest overlap and so may reveal in-
teresting differences between human and machine

10https://wordnet.princeton.edu

curation of lexicons.
We can see the small set of intersection words

all connote uncertainty. What is interesting is the
large set of words that are in the LM lexicon and
not in FinLex, and vice versa. Both these lists
quite clearly have words that we would agree do
relate to the concept of uncertainty. So why such a
small overlap? It is possible that the mechanisms
are different. Human curation may be based on
mental retrieval or through the use of a thesaurus,
an approach that is direct. The machine curation
approach exploits textual context from word em-
beddings, so is an indirect approach in that words
that do not appear together but appear in similar
contexts tend to have similar word embeddings.
This suggests that a combination of human and ma-
chine lexicon curation may be useful. In any case,
further curation of the machine generated lexicon
by humans is probably useful to remove words that
do not belong in the word list.

3 Performance of word lists on
classification tasks

3.1 Datasets
We considered various datasets for an assessment
of word lists as features for classification analysis.
For each document in the datasets, we compute
the fraction of words in the document that are in
a given word list, and add this as a column (nu-
merical feature) to the dataset. For example, for
negative words from LM, we create a separate col-
umn. Likewise for every word list from LM and
FinLex.

The first dataset used to assess the performance
of features based on word lists for a classification
task is the Financial Phrase Bank (FPB).11 The
dataset comprises financial news headlines with
three label (the discrete y-variable) categories for
sentiment: negative, neutral, and positive. The
sentiment scores are based on manual labeling by
several annotators. The dataset is an amalgam of
sub datasets. One sub dataset contains 2264 news
headlines on which all annotators agree (negative
13%, neutral 61%, positive 25%). This was added
to more sub datasets with additional news headlines
with annotator agreement ranging over 75%, 66%,
and 50%. In total, across all sub datasets there are
4846 news headlines with sentiment levels: nega-
tive 13%, neutral 59%, positive 28%). Therefore,

11https://www.kaggle.com/ankurzing/
sentiment-analysis-for-financial-news
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Negative Words

Positive Words

Figure 1: Negative and positive word lists generated by the procedure. This is an example of antonyms generating two lists.

Fraud, Negligence Words

Figure 2: Fraud and negligence combined word list generated by the procedure. This is an example of synonyms generating
two lists.



Table 2: Word Comparison for Step 3. The table shows the top 50 included words and the top 50 excluded words after
intersecting with a dictionary to remove erroneous words.

Top 50 excluded
words

postive postiive postitive positve positivie positivity postivie negativity re-
action negatively stronger measureable synergistic lasting reactions greater
quantifiable possitive tolerance negative- affective ositive negative.it feeling
catalyst euphoric intentional surprising empathic unalloyed perception in-
teraction self-statements unfavorable contributive drastic synergy posotive
happier positvely concern paradoxical negtive non-anxious detrimental self-
limiting self-compassionate pessimistic unmeasurable strongest

Top 50 included
words

positive surprise amicable reflection concentration passive unwavering co-
hesion cohesive calmness radical hopeful affirmation unique individual
real creative welcome decisive solid reactive bond affinity optimism ur-
gency unity efficacy vital confidence contagious mindful deliberate physical
sincere significance exceptional definite self forceful conscious hesitancy
essential permanent noteworthy importance compassion focus proactive
negative any

Table 3: We examine the overlap in words for both LM lists
and from FinLex. We report the number of unique words in
each list before and after stemming, and the number of overlap
words. In each column, we show two numbers, the first is
before stemming and the second one is after stemming.

Word LM FinLex Intersection
Type Size Size

positive 354, 151 285, 266 29, 35
negative 2355, 915 258, 237 97, 100
uncertain 297, 136 174, 170 14, 15
litigious 904, 456 197, 194 17, 17

the labels are imbalanced across the three cate-
gories. The dataset was prepared by Malo et al.
(2014) and used in Araci (2019).

The second dataset used is the Disaster
Tweets dataset (https://www.kaggle.com/
vstepanenko/disaster-tweets). This
dataset comprises 11,370 tweets, of which 19%
relate to disasters and the others do not. Therefore,
the labels are also imbalanced for this dataset. This
dataset supports a binary classification exercise,
where we fit machine learning models to predict
whether a tweet relates to a disaster or not.

The third dataset is the Reddit News dataset
(https://www.kaggle.com/aaron7sun/
stocknews) from the Reddit World News
channel. This contains the top 25 (based on Reddit
rankings) news headlines for each day with a
binary label as to whether the Dow Jones Industrial
Average Adjusted Closing value rose or stayed as
the same. The dataset comprises 1989 days. For
each day we merged all 25 news headlines to make

a single document to accompany the label. This
dataset is then used to fit machine learning models
for binary classification.

3.2 Classification experiments

We fitted classification models on 4 different fea-
ture representations of the text. This creates a horse
race between different lexicons by fitting models
to 4 different datasets.

• First, we used a Term Frequency - Inverse
Document Frequency (TFIDF) representation
of each text document for classification. This
standard approach uses all the words in the
articles (not just numerical scores of word list
counts) and is a useful baseline. If we have
N text articles in a dataset and a vocabulary
of V unique words across all the articles, then
the frequency count of words (terms) in each
article may be tabulated in a term-document
matrix of dimension V ×N . For each row of
this dataset, i.e., term-frequency (TF) counts
of the word in the row for all documents in
the columns, we divide the value in the matrix
by the number of documents that contain the
word, i.e., multiply by inverse document fre-
quency (IDF). This results in the TF of words
that are less common across documents be-
coming overweighted in each column relative
to words that occur more often across docu-
ments. We call the adjusted matrix the TFIDF
matrix. The transpose of this matrix has docu-
ments on the rows and words on the columns.

https://www.kaggle.com/vstepanenko/disaster-tweets
https://www.kaggle.com/vstepanenko/disaster-tweets
https://www.kaggle.com/aaron7sun/stocknews
https://www.kaggle.com/aaron7sun/stocknews


Table 4: Examples of overlap and non-overlap words from the LM and FinLex word lists for the “uncertain” word list. These
words are compared after stemming.

Common words in
LM and FinLex

ambigu anomal anomali cautiou confus depend imprecis instabl predict risk turbul uncertain
uncertainti unexpect unpredict volatil

Words in LM, not in
FinLex

abey almost alter anticip appar appear approxim arbitrari arbitrarili assum assumpt believ
cautious clarif conceiv condit confusingli conting could crossroad destabil deviat differ
doubt exposur fluctuat hidden hing improb incomplet indefinit indetermin inexact intang
likelihood may mayb might nearli nonassess occasion ordinarili pend perhap possibl pre-
caut precautionari predictor preliminari preliminarili presum presumpt probabilist probabl
random randomli reassess recalcul reconsid reexamin reinterpret revis riski riskier riskiest
roughli rumor seem seldom seldomli sometim somewhat somewher specul sporad sudden
suddenli suggest suscept tend tent uncertainli unclear unconfirm undecid undefin undesign
undetect undetermin undocu unexpectedli unfamiliar unforecast unforseen unguarante un-
hedg unidentifi unknown unobserv unplan unprov unproven unquantifi unreconcil unseason
unsettl unspecif unspecifi untest unusu unwritten vagari vagu vaguer vaguest vari variabl
varianc variant variat

Words in FinLex,
not in LM

abandon abrupt absenc acrimoni advers anger anxieti anxious apathi aris avoid bafflement
bewilder breakdown calam catastroph certainti chang chao coincid collaps complex concern
confid conflict congest consequ constraint correl crisi cynic declin deficit delay depress
despair disagr disappoint discont discord discourag disillus disinterest disrupt dissatisfact
distrust disun econom emot empir entangl equilibrium exasper exhaust failur fallout falter
fatigu fear financi fraught frustrat gloom gradual hardship hesit horizon immin impact impass
impati impedi impetu inadequaci incipi incompet inconsist indecis indic indiffer ineffect
ineffici inequ inevit influenc insecur interdepend interrupt irregular loss mismanag mistrust
misunderstand mitig momentum neg nervous optimist outcom overcom paralysi partisanship
percept persist pessim pessimist postpon preoccup procrastin progress puzzlement quantit
readjust recess reckless reflect reject relianc resent restless retrench rise sad scarciti sever
shift short-term shortcom slump stabil stalem stress strife stubborn tension trend turmoil
unavoid uneasi unfavor unfavour unforeseen unhappi unreli unrest unsteadi unsur upheav
upturn urgenc vex vulner weak weari worsen

Each row of this (sparse) matrix represents
a vector of numerical features for each doc-
ument that can be used for machine learning
to fit a model to predict the label. This is
a large collection of variables for prediction,
known as a feature set, and is much larger
than a few columns of data that contain the
text scores from either the LM model or the
FinLex model, described next.

• Second, we used the Loughran-McDonald
word lists for negative, positive, uncertain,
and litigious words to count the fraction of
words in each list that occur in each document.
This converts each document into 4 numeri-
cal columns of data. Lexicon-based scoring
is one way of converting text into numerical
values that may then be used for data analysis,
either using econometrics or machine learn-
ing. This representation of the text has a very
small feature set of just four variables (positiv-
ity, negativity, uncertainty, and litigiousness).
If this model is able to come close to the pre-
diction performance of models that use all
the text with the TFIDF representation, then
it justifies the use of word lists for practical

applications as has been done by academics
and practitioners in the finance community for
quite some time.

• Third, for comparison with the LM feature
set, we used the same four features that were
generated by the FinLex algorithm. We fit
machine learning models to these 4 variables.

• Fourth, we use the previous FinLex dataset
and enhance it with additional columns for
new lexicons, based the words fraud and neg-
ligence, safe, risk, certainty, uncertainty, fair
and unfair. We call this set of variables the
FinLex+ model.

All 4 representations of the text are then fitted to
an ensemble of machine learning models. We used
an AutoML package called AutoGluon for classi-
fication (Erickson et al., 2020). AutoGluon is an
open-source AutoML framework invoking a single
line of Python to train machine learning models
on an unprocessed tabular dataset (numeric plus
text). Unlike existing AutoML frameworks that pri-
marily focus on model/hyperparameter selection,
AutoGluon-Tabular succeeds by ensembling mul-
tiple models and stacking them in multiple layers.



Table 5: Comparison of classification models using word
lists. MCC stands for the Matthews Correlation Coefficient
(range from −1 to +1 with positive values supporting pre-
dictive ability), and the precision, recall, and F1 scores are
weighted averaged across the label categories. The four mod-
els are based on TFIDF word vectors, four numeric features
computed from the LM word lists, the same four numeric
features based on matching FinLex word lists. Numbers in
parenthesis are standard deviations from 5 repetitions of the
same experiment, all numbers are reported on the test dataset.

FPB All Agree dataset
(2264 obs, 80:20 split)

Metric TFIDF LM FinLex FinLex+

Accuracy 0.810 (.01) 0.650 (.03) 0.630 (.02) 0.701 (.02)
MCC 0.637 (.03) 0.279 (.04) 0.188 (.03) 0.400 (.04)
Precision 0.798 (.01) 0.627 (.04) 0.572 (.03) 0.650 (.05)
Recall 0.810 (.01) 0.650 (.03) 0.630 (.02) 0.701 (.02)
F1 0.796 (.01) 0.592 (.04) 0.534 (.03) 0.657 (.03)

FPB All dataset
(4846 obs, 80:20 split)

Metric TFIDF LM FinLex FinLex+

Accuracy 0.722 (.01) 0.623 (.01) 0.598 (.02) 0.637 (.01)
MCC 0.458 (.03) 0.243 (.05) 0.112 (.03) 0.244 (.01)
Precision 0.721 (.02) 0.599 (.02) 0.516 (.02) 0.588 (.02)
Recall 0.722 (.01) 0.623 (.01) 0.598 (.02) 0.637 (.01)
F1 0.694 (.01) 0.585 (.02) 0.488 (.01) 0.577 (.01)

Disaster Tweets dataset
(11370 obs, 80:20 split)

Metric TFIDF LM FinLex FinLex+

Accuracy 0.878 (.01) 0.820 (.01) 0.819 (.00) 0.816 (.00)
MCC 0.520 (.03) 0.032 (.04) 0.009 (.01) 0.069 (.02)
Precision 0.865 (.01) 0.736 (.04) 0.709 (.02) 0.758 (.03)
Recall 0.878 (.01) 0.829 (.01) 0.819 (.00) 0.816 (.00)
F1 0.861 (.01) 0.742 (.01) 0.749 (.00) 0.747 (.01)

DJIA Reddit News dataset
(1989 obs, 80:20 split)

Metric TFIDF LM FinLex FinLex+

Accuracy 0.512 (.02) 0.507 (.02) 0.527 (.02) 0.521 (.02)
MCC 0.004 (.03) -0.018 (.05) 0.043 (.02) 0.031 (.04)
Precision 0.509 (.02) 0.450 (.10) 0.527 (.01) 0.521 (.02)
Recall 0.512 (.02) 0.507 (.02) 0.527 (.02) 0.521 (.02)
F1 0.447 (.05) 0.437 (.09) 0.495 (.05) 0.476 (.06)

The same models were ensembled across all ex-
periments. These models comprised feed-forward
neural net, kNN, random forest, extra trees, Light
GBM, XGBoost, and CatBoost. This supports ag-
nostocity towards hyper-parameter selection.

AutoGluon is an advanced approach to building
the best machine learning models and then ensem-
bling them together to obtain a better model. We
provide some brief details here. The numerical
variables that represent the text (the X independent
variables) and the labels (the Y dependent variable)
are used to train each of the machine learning mod-
els mentioned above. (Think of this as fitting mul-
tiple separate nonlinear regression models.) These
predicted values from each model are added to the
X variables and then the models are refitted to the

extended set of independent variables. The predic-
tions from each of these models are then weighted
to create a composite prediction, where the weights
on the models are determined by a neural net that
finds the optimal model weights. This entire ap-
proach is known as “stack-ensembling” and is an
accurate and effective way of pooling the wisdom
of the crowd of individual ML models.

Why use the AutoGluon ensemble approach to
fit machine learning models to the 4 datasets (repre-
sentations of the text)? By ensembling and weight-
ing different machine learning classifiers on the
datasets, we find the best model for each dataset.
It is possible that XGBoost does better for the Fin-
Lex dataset, whereas Random Forest does better
for LM. If we only fitted the 4 datasets to XGBoost,
we would find that FinLex outperforms LM. By
ensembling via AutoGluon, we ensure that each
dataset is able to find its best prediction model au-
tomatically, and this makes the comparison across
different lexicons fair.

Training and performance evaluation of all 4 fea-
ture sets is reported in Table 5 in 4 columns: (i) the
TFIDF features from the text of the datasets, (ii)
just the columns of lexicon scores (percentage of
text from the lexicons) from the LM word lists, (iii)
just the columns of lexicon scores from the Fin-
Lex word lists, and (iv) just the columns of lexicon
scores from the FinLex+ word lists. Five metrics
are reported (see the rows of the table): (1) Accu-
racy, i.e., the percentage of correct predictions, (2)
Matthews Correlation Coefficient (MCC), which
ranges from −1 to +1 where scores above 0 are in-
dicative of classification ability, (3) Precision, i.e.,
the number of predictions of a particular category
that the model gets correct, this focuses on how few
the false positives are, (4) Recall, i.e., the number
of cases in each class that are correctly predicted
by the model, this focuses on how few the false
negatives are. (5) Finally, the F1 score, which is
the harmonic mean of Precision and Recall. The
results for TFIDF are the best because it is based
on the full text, not just the word-based scores. The
financial text analysis literature has focused on the
word-based scores so they could run regressions,
but with the growing use of machine learning, it is
clearly better to use text representations as we see
the results are better when the full text is used.

Table 5 presents the results, showing average
and standard deviation of all metrics on the test
samples over 5 repetitions using 80% of the data



for training and the rest for testing. We note the
following results. First, the classifier based on just
the numerical LM scores performs quite well rel-
ative to the TFIDF classifier, especially when the
classification problem is harder (lower accuracy),
which provides justification for the approach taken
in the empirical finance literature and in practice.
Second, the classifier based on FinLex with no
additional manual curation delivers performance
that is slightly inferior to that of LM. Therefore,
the algorithmically curated financial lexicons do
not do as well on these classification tasks, but are
close, suggesting that the approach may be a good
starting point for developing more word lists for
other applications. And, given the slight underper-
formance relative to LM, it may be good to further
hand-curate the initial list prepared algorithmically.
We note that we used just 4 features (positivity,
negativity, uncertainty, and litigiousness) for both
LM and FinLex. Third, for the last dataset (Reddit),
FinLex outperforms the other methods. Fourth, we
added the new lists we curated algorithmically with
no further manual curation (for fraud, negligence,
riskiness, and safety), and we call this feature set
FinLex+. This feature set includes additional word
lists created by the algorithm that are likely to con-
tain words that distinguish positive sentiment from
negative sentiment, so the improvement we see in
classification accuracy is reasonable, and also sug-
gests that these new word lists are an additional
contribution.

4 Discussion

We show how pre-trained word embeddings based
on FastText may be used to generate financial lex-
icons for use in classification models. This ex-
tends the current popular word lists provided by
Loughran and Mcdonald (2011), Loughran and
McDonald (2014) that are widely used for finan-
cial classification by practitioners and academics.
On examination, the generated word lists contain
words that are remarkably related to the concepts
of interest.

Comparison of LM classifier performance with
a TFIDF-based classifier shows comparable per-
formance supporting the use of the LM word lists
by practitioners over the past decade. Compari-
son of the FinLex word lists shows comparable
performance to that of the LM word lists but also
of sufficient accuracy to suggest that word embed-
ding based lexicons have fruitful practical applica-

tions. Using the same algorithm to generate four
additional word lists (fraud, negligence, riskiness,
safety) further improves model performance.

This work may be extended to other financial
applications and datasets rather than just news clas-
sification. Examples include credit scoring, scoring
of analyst reports, market risk scoring using the
new risk and safety scores, and predicting litigation
by enhancing the LM litigious word list with the
FinLex fraud and negligence list, using the lexi-
con algorithm on other datasets. Whereas news
articles are short and maybe more amenable to nu-
meric scoring as undertaken in this paper, it may
be more interesting to compare LM with FinLex
using larger financial documents such as regula-
tory filings, legal dockets, and analyst earnings
calls. As the availability of labeled datasets for
these tasks becomes more widely available, devel-
oping new word lists using the algorithm in this
paper will shorten the time to industrial application.
Other fruitful topics for further research include
using word embeddings trained on finance related
datasets as well as application of our algorithm to
generate word lists for other industries.
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