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Abstract—Text analysis is growing in research and practice of
finance, management, and operations. Word associations offer
deep insight at scale into dynamics, strategy, and tactics of
industries, and thus automated text processing is of great interest.
We report development of a new platform using a Latent
Dirichlet Allocation (LDA) topic modeling process to analyze 10-
K reports that publicly traded companies submit to the Securities
and Exchange Commission (SEC). We describe evaluations of
the system’s intrinsic performance and an important external
measure, the ability to sort documents into Standard Industrial
Classifications (SICs), a widely used measure of industry cate-
gories. We discuss potential applications in operations, finance,
and management.

Index Terms—Latent Dirichlet Allocation, topic modeling,
natural language processing, SIC

I. INTRODUCTION

Text analysis lies at the heart of many central questions
of business and management as strategies, plans, and per-
formance are revealed. However, natural language process-
ing (NLP) in business scholarship is still in its infancy, as
it requires more extensive pre-processing and filtering than
numeric financial data [1]. Term frequencies have been used
to predict merger and acquisition outcomes [2] and stock
volatility [3]. Pan et al. combined term frequencies with
similarity constructs to explore firm strategies [4], whereas
Basole and collaborators added network theory to these two
dimensions to identify entrepreneurial systems [5].

Term frequencies and similarities can lead to significant
insights, such as those of Hoberg and Phillips [6], [7]. Their
methodology (denoted “HP” here) extracts words from 10-
K filings for dynamic industry definitions. However, this
approach does not address potential ambiguities for words
used in multiple contexts. Furthermore, it does not leverage
the complete information contained in inter-document word
correlations evaluated on a continuous scale.

In this study, we address these concerns with a new ap-
proach based on Latent Dirichlet Allocation (LDA) [8], a
popular topic modeling method extracting the statistical prop-
erties of documents, to study industries. The method estimates
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the topic-document and word-document distributions - in
effect, modeling word frequencies with dice-like (generalized
multinomial) probability distributions and identifying common
co-occurrences. In essence, the LDA algorithm discovers the
word-topic-document relationships to estimate the unobserved
topic distribution. Among other applications, LDA has been
used to study the role of financial analyst reports [9] and the
firm innovation revealed therein [10]. Extensions have been
used to map innovation spaces expressed in patents [11].

We use 10-K documents to create a LDA model of indus-
tries; LDA has been used previously on this data set to analyze
risk disclosures [12] and has shown strong performance rel-
ative to other systems with a similar corpus [13]. We view
the unobserved topic as the industry in which a firm operates,
based on measuring how businesses in the same sector use
similar words. To build a dictionary, we use 10-K filings,
annual reports submitted in compliance with United States
securities laws, a public data set used extensively in business
scholarship. We implement a 80/20 train/test split architecture
to evaluate the accuracy, categorizing reports by the nine
relevant Standard Industry Classifications (SICs) used to sort
firm industry. This paper describes the corpus construction,
reports on the performance of this new topic modeling system,
and suggests potential use cases.

I1I. APPROACH

Given a set of documents or reference corpus, a topic
model is a construct that generates or replicates the statistical
characteristics of the corpus. The model’s objective is to
reproduce the word frequency at the document level, supported
by the insight that words do not appear strictly independently;
instead, some words will occur frequently in combination
(“assets” and “liabilities”), whereas others will rarely occur
together (“assets” and “chocolate”). The concept linking word
frequencies can be viewed as a latent or unobserved variable
known as a “topic” in a so-called “bag of words” model -
i.e., the order of the words in the document is irrelevant, as is
the order of documents in the corpus. This approach offers the
advantage that a word may belong to multiple topics, i.e., “our
banks lend to businesses on river banks.” In that particular
case, one topic might be represented by “banks, lend” and
another by “banks, river.”
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Fig. 1. Visualization of HP and LDA models.

Motivated by the HP methodology [7], we build a novel sys-
tem to compare products of different companies by evaluating
cosine similarities. After pre-processing, HP derive a unique
vocabulary €2 from a set of documents §. Each document 9; is
described by a vector of length Q2 with 7; representing binary
probabilities of appearing in a document, assigned a value of
1 if the word appears in the given document and O otherwise.
The vector is normalized such that )", 7o = 1. They calculate
pairwise cosine similarities C'S;; between documents i and
7 to find closest matches. In effect, the HP method extracts
a word’s binary likelihood of appearing in a document to
construct a vector of yes/no probabilities, then evaluates cosine
similarities.

In a geometric view, this similarity can be viewed as a scalar
product of two vectors oriented arbitrarily in a {2-dimensional
space (Fig. la). In our approach to LDA, we identify asso-
ciations between the words and reduce the dimensionality of
the problem. In this formulation, a topic effectively represents
a basis vector in a space of fewer dimensions than the total
vocabulary size €2. For a system of K topics, the LDA model
creates a K —dimensional system in which the document
vectors lie (Fig. 1b). This approach offers a new interpretation
for the exercise of optimizing the number of topics - namely,
the objective is to estimate the space dimensionality. The topic
vectors represent a set of basis vectors that span it the K-
dimensional space. When the number of topics is too small, it
is equivalent to insufficiently describing a three-dimensional
space with only x and y. Conversely, assigning too high a
value to K could be viewed as analogous to creating a four-
dimensional coordinate system for three-dimensional space;
the basis set has redundancies and the space is overspecified.
The intuitive interpretation of the reduction of the space size
is that the possible relationships between documents can be
expressed by a smaller set of possibilities than that defined
by each individual word; for instance, “gas” and “oil” are
more likely to refer to the same general idea rather than two
completely independent concepts.

Because of the aforementioned ambiguities, such as the
“banks-lend”/“banks-river” case, the LDA topics will not be
completely orthogonal; i.e., some words will appear with non-

zero weights in multiple topics. However, for cases where the
number of unique words is large relative to the number of
topics (this ratio is approximately 400 in our case), overlaps
in one or two dimensions still leads to topics that are relatively
independent. Moreover, our formulation enables explicit test-
ing of this assumption.

Our system offers a number of new capabilities. Importantly,
we enable a finer measure of text co-occurrence than that of
the HP system, which records binary probabilities if a word ap-
pears. This creates a sensitive analysis where “electric” can be
linked to “cars” as well as to “utilities”, two distinct industries.
Second, we enable new capabilities in studying conglomerates
because a document can contain multiple topics; for instance,
Google’s search business could be compared to Microsoft’s,
whereas its driverless car effort can be compared to Ford’s.
In addition, we retain the benefits of a customized dictionary,
such as recognizing that “liability” is a financial term without
the connotations of a more general use of the word [14].
Finally, the machine learning approach lends itself naturally
to a train/test architecture and typical performance studies.
Our dictionary can be used to evaluate different types of texts
rather than just the reports. These benefits for operations and
management research are significant and drive our study.

III. DEVELOPING A TOPIC MODEL

Topic modeling may be executed with various approaches,
particularly Markov Chain Monte Carlo (MCMC) methods;
fast Gibbs sampling has been used extensively in LDA appli-
cations adjacent to finance and accounting [12], [15], [16]. On
the other hand, for large data sets, variational inference (VI)
models are faster because they are optimization models rather
than sampling schemes [17]. With a corpus of roughly 5,500
documents, we determined that the gensim VI model [18]
was appropriate. Unless specifically noted, we use gensim
data cleaning, processing, and topic modeling packages.

A. Formulation

Following related work [9], we seek to estimate the vocab-
ulary representation in the reference corpus as multinomial
distributions M. This approach offers the advantage that in
Bayesian statistical modeling, the conjugate prior of M is
given by a Dirichlet distribution D(4) with hyperparameters
0. This multinomial-Dirichlet formulation allows for the use
of standard numerical methods to improve the estimation of
the hyperparameters 4 until a convergence limit or other figure
of merit is achieved.

Formally, the corpus C is defined by a vocabulary V
consisting of unique words {vy,vs, -, vy}, and the set of
documents containing V is given by D = {dy,ds,--- ,dp}.
The latent topic set K links the words and documents through
the probability distributions 6 and ¢. 64, describes the
probability of topic k£ appearing in document d and thus the
full @ is represented as a D x K matrix; similarly, ¢y, gives
the probability that topic & is represented in vocabulary word
v, so that the full ¢ matrix is K x V in dimension. These
probability distributions are estimated as Dirichlet functions D



TABLE 1
CORPUS CONSTRUCTION

Documents Number
10-K documents 6,831
Documents lacking Part I -676
Empty business text -209
Duplicated CIKs

(a newer version was filed later in the period) -61
Duplicated+similar texts -188
SICs not assigned -95
Documents available 5,602
Training corpus C 4,496
Testing data T~ 1,106

so that @ ~ D(«) and ¢ ~ D(p) for hyperparameters «v and 5.
The terms « and 3 are varied until a convergence criterion is
achieved. In other words, the analysis of the reference corpus
proceeds as follows:

1) For a document d € {1,2,---,D} estimate a topic
distribution 64 ~ D(«);
2) For a topic k € {1,2,---, K}, estimate a word distri-

bution ¢y, ~ D(S);
3) Compare measured distributions with the model; and
4) Iterate o and S until figure of merit is reached.

B. Reference documents

Frequently, analysis of business texts requires specific dic-
tionaries [19]-[22] to resolve context-specific discrepancies.
To build a dictionary, we extracted 6,831 10-K reports filed
between July 1, 2018, and June 30, 2019 from the Securities
and Exchange Commission (SEC) web site (Tab. I).

After removing the images and tables, we created a cus-
tomized parser to extract the business summary in Part I and
labeled the report by the firm name, its unique Central Index
Key (CIK), and the Standard Industrial Classification (SIC).
A total of 676 documents lacking Part I were removed from
the corpus, as were 209 documents with empty business text.
Sixty-one reports were excluded because the company filed a
later report in the period of our study. In 188 documents, we
discovered exactly or nearly duplicated texts with different
company names (typically in real estate); we retained only
the last record. In 95 documents, the SIC code could not
be extracted and thus they were excluded. This left 5,602
documents for analysis and potential sorting into either the
corpus used to train the model (=~ 80%) or those used for
testing (=~ 20%).

The candidate reports were sorted into the self-reported
SIC categories defined by the SEC' (Tab. II) such that 4,496
comprised the main training corpus C for constructing the
vocabulary, and the remaining 1,106 in each category were
reserved as a test set 7. This train/test split was allocated
on a proportional basis across SIC codes and submission
quarter. One of the categories, Public Administration (J), did
not contain documents and was excluded from later analysis
with no impact.

Thttps://guides.loc.gov/industry-research/classification-sic

TABLE 1T
SIC CATEGORIES AND CORPUS DISTRIBUTION
Label  Category Total | Train Test
A Agriculture, Forestry and Fishing 30 25 5
B Mining 343 275 68
C Construction 58 48 10
D Manufacturing 2,079 1,665 414
E Transportation, Communications,
Electric, Gas, And Sanitary Services 388 313 75
F Wholesale Trade 145 118 27
G Retail Trade 289 233 56
H Finance, Insurance and Real Estate 1,306 1,046 260
1 Services 964 773 191
J Public Administration 0 0 0
Total 5,602 | 4,496 1,106
TABLE III
VOCABULARY EXTRACTION SUMMARY
Tokens Number
Unigrams extracted from corpus 121,955
Bigrams added 8,296
Total unique token candidates 130,251
Stopwords, months removed -3,784
Stemming and consolidation into types -27,735
Frequent types (appear in <30%) -841
Infrequent types (appear in less than 2 documents) -54,509
Analysis vocabulary 43,382

C. Pre-processing

The gensim packgage was used to help prepare data for
LDA analysis. We removed email addresses, new line char-
acters, single quotes, non-standard (non-ASCII) characters,
and proper nouns; and we changed hyphens to underscores.
Bigrams were created for words commonly grouped together.
The set of candidate words and bigrams formed just over
130,000 candidate unique types.

In addition to nt1k toolkit [23] stop words we manually
removed the names of the months. We used the Snowball
Stemmer for English package [24] for stemming; and manually
some stemmed words, such as “optic*”. For consideration in
the vocabulary, the type was required to appear in more than
two documents, but fewer than 30%. The final vocabulary con-
sisted of 43,382 unique words (Tab. III), generally consistent
with the 50-60,000 previously identified in the HP model [7].

IV. RESULTS
A. Parameter optimization

As an unsupervised learning process, LDA requires a so-
called “burn-in” stage because the system is initialized in a
random state, likely far from its optimum. System performance
increases sharply with the number of iterations / at small
values, then stabilizes. The objective is to generate satisfactory
performance with a minimum number of iterations, as they
impact processing time and after burn-in, other factors may
limit system performance more dramatically than increased
processing. In parallel, we sought to optimize the number of
topics K based on the idea that a topic broadly represents
an industry, which may comprise roughly 50 firms. Therefore,
the number of topics in a set of 5,000 documents should be
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Fig. 2. Variation of the relative change in perplexity dp/p. Top: Variation
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Variation with the number of topics (I = 100)

= 100. As discussed in Sec. II, if K is too small, the topics
are too broad; and if it is too high, the topics are redundant
and thus imprecise. While some formulations determine the
number of topics directly from the corpus [11]; we explicitly
and systematically vary the number of topics.

As a system performance measure, we estimated the per-
plexity p (i.e., transformed entropy [25]), and in particular
the relative change in perplexity dp/p with respect to changes
in either I or K. We optimized I by setting ' = 90 and
observed the expected asymptotic behavior (Fig. 2), electing
to set I to 100 as 0p/p had levelled. This optimal value for [
was independent of the value of K.

We conducted a similar exercise for the number of topics in
increments of 10 and saw oscillating behavior (Fig. 2), but with
a total amplitude < 1.5% for dp/p. Detailed tests indicated that
when K ~ 200, the topics showed high levels of redundancy;
for instance, in one topic, the types with the highest weights
would be (in descending order) patient, clinic, cancer and
another topic would be described by clinic, cancer, patient.
This indicated that the system was effectively rearranging
words to try to identify distinct models, and that the model
was overspecified. We did not see this behavior in the vicinity
of K =90.

1) Average cosine similarities.: Another way to confirm
that the model was not over-specified was to evaluate the
average cosine similarity of the set of all topic pairs. A model

with K topics has K (K — 1)/2 unique pairs of topics. The
cosine similarity v can be calculated for each pair, and an
average cosine similarity 4 can be estimated for all pairs to
characterize the model. An over-specified model will show a
higher value for this quantity as the topics overlap further.
We evaluated this for a series of models with constant I and
varying K, and we confirmed relatively flat behavior.
Manual inspection. In each of the SIC groups G, we exam-
ined the topic most commonly represented by the documents in
that category (i.e., the topic appearing at the highest frequency
with the highest weight). Manual examination suggests that the
words are indeed related to each specific group; Tab. IV shows
the three tokens with the highest frequency in the top topic.

TABLE IV
SIC DIVISIONS AND TOKENS WITH HIGHEST FREQUENCY IN THE TOP
TOPIC
Label Category wl w2 w3
A Agriculture etc. plant agricultur  crop
B Mining gas oil drill
C Construction mine land expor
D Manufacturing clinic patient trial
E Transportation, electr gas transmiss
Electric, etc.
F Wholesale Trade water plant residenti
G Retail Trade merchandis shop assort
H Finance loan deposit ratio
1 Services app marketplac campaign

B. Train/test measures

We use the model developed with the training corpus C to
assign labels to the 20% of the documents reserved in the
test set 7 and measure the accuracy of the assignment. For
each document ¢ in C, we identify the Most Significant Topic
(MST) as the one with the highest value for #;; and denote
this k}. Because a document is a linear combination of topics
by definition, it is possible to create a synthetic document
as a linear transformation of an arbitrary set of topics. For
our purposes, we create a special synthetic document S,,, to
represent the mth SIC group. This synthetic document is the
normalized sum of the MSTs identified for the 5 documents
in that group (S = 5 32, kj)-

For instance, we extract each SIC “A” document (i.e., those
defined as agriculture) from the training corpus C and identify
the MST k', the topic with the highest weight, for each
document. We then construct a synthetic document S4 to
represent category A as the sum of each of these k’. We have
m = 9 SIC groups because Category J, Public Administration,
is not represented in the data. Therefore, we create nine
synthetic documents S,,,, each of which is a vector of length k
(the number of topics) and formulated as a normalized linear
combination of the MST for all documents within that group.

A new document can be extracted from the test set dy and
decomposed in terms of the model’s k topics. The new test
document d is thus represented as a vector of length k. The
goal is to assign the test document d to an SIC category. We
do this by calculating cosine similarities with the synthetic
representation of each of the m categories and finding the
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(vertical) SIC categorizations of Tab. IIL.

maximum value. In other words, we evaluate the m cosine
similarities v, = > & d7%Skm With each of the m synthetic
documents, find the maximum value, and assign dy to that
group; i.e., the appropriate m of dy is given by the value of
m associated with max(v,,).

Because the true SIC code of dy is known, it is possible
to compare the true and predicted values with a confusion
matrix [26], shown in Fig. 3. The diagonal elements indicate
that the lowest accuracy was seen in Category F (Wholesale
Trade), whose documents represented approximately 2.5%
of the total corpus - although notably, the least populated
category, A (Agriculture), showed an accuracy of 20%, and
suggesting that the confusion did not result from statistical
limitations. The overall accuracy was approximately 65%.
This is broadly consistent with the results of Hoberg and
Phillips [7] that the overlap between 10-K text analysis and
SIC codes is on the order of 45%, as well as observations
that text-based similarity better describes industry momentum
than SIC [27], [28]. Indeed, by their nature, SIC indicators
lag and thus do not reflect the rapidly changing business
landscape [29]. This is revealed in the present study; e.g., a
significant fraction of the true Category F (Wholesale Trade)
are misclassified as Category I (Services). However, the word
“app”, which could presumably apply to many industries,
is the most highly weighted token in Category I (Tab. IV).
Therefore, the measurement we report of 65% is reasonable,
and we demonstrate that we go beyond the HP analysis to that
of conglomerates and other types of entities.

C. Robustness checks

1) K-fold cross-validation: To ensure that these metrics
were consistent across the set, we performed a cross-validation
using K = 2 folds. We maintained the 80/20 train/test split,
but extracted a different set of documents to represent the test
set 7 and found an accuracy of 62%, comparable to that of

the first split. We estimated the perplexity of this second split
to be highly consistent to << 1% with that of the first 80/20
split.

2) Changing train/test split: We repeated the two-fold
cross-validation using a 90/10 split and a 70/30 split and found
consistent accuracy values of 63% and 65%, respectively. The
consistency of the 70/30 split, in particular, echoed the finding
that the model was not limited by a paucity of training data.

3) Precision, sensitivity, and F-score: As a robustness
check, we estimated another set of standard classification
measures: precision (fraction of those that we classified that
indeed belong to the category), sensitivity (also known as
recall; fraction of those belonging to the category that we
actually labeled), and F-score (a combined metric). These
values were 77%, 65%, and 69%, respectively, in general
agreement with the 65% accuracy measures.

V. DISCUSSION

The topic models and methods described here can relate
to a number of analytical exercises. They provide a way to
understand groups of words that, when they appear jointly,
convey significant meaning. Several applications of the specific
system developed here are evident.

First, topic models can track industry evolution. For in-
stance, one can imagine that the words “horse” and “buggy”
were more commonly associated with transportation 100 years
ago, versus “electric” and “car” today. Studies on the pace
of innovation could benefit from simply tracking the rate at
which words manifest within a topic. Another way to expand
this research is to explore it on a finer scale than SICs, such
as with the North American Industry Classification System
(NAICS). This could be used to study the development of
subfields, such as electric cars within the transportation field.

Similarly, the strategy of a single company could be exam-
ined, such as tracking General Electric through the years. The
ability to assess conglomerate evolution through automated
methods has not previously been reported. Yet another appli-
cation could be to evaluate the alignment of other texts, such
as analyst reports or web sites, with the financial reports to
assess the way in which corporate communications align with
regulated documents.

VI. CONCLUSION

Text analysis is an important element of finance and man-
agement research, and yet scholarship leveraging automated
text processing is still embryonic. We use Latent Dirichlet
Allocation as a method to identify companies that operate in
the same industry. We report both qualitative and quantitative
measures that our model is accurate and robust. This platform
has a number of important applications in scholarship and
business operations.
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