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Abstract—In recent years, natural language processing (NLP)
has become increasingly important in a variety of business
applications, including sentiment analysis, text classification,
and named entity recognition. In this paper, we propose an
approach for company classification using NLP and zero-shot
learning. Our method utilizes pre-trained transformer models to
extract features from company descriptions, and then applies
zero-shot learning to classify companies into relevant categories
without the need for specific training data for each category. We
evaluate our approach on publicly available datasets of textual
descriptions of companies, and demonstrate that it can streamline
the process of company classification, thereby reducing the time
and resources required in traditional approaches such as the
Global Industry Classification Standard (GICS). The results
show that this method has potential for automation of company
classification, making it a promising avenue for future research
in this area.

Index Terms—company classification, natural language pro-
cessing, machine learning, zero-shot learning, finance

I. INTRODUCTION

In financial research, company classification is a popu-

lar approach that involves grouping similar companies into

categories or clusters [1], [2]. This process of classifying

companies into discrete categories has numerous practical ap-

plications for financial researchers, analysts, decision-makers,

and investors. For example, it can help manage portfolio

risk, facilitate relative valuation, and enable peer-group com-

parisons [3]. Additionally, it can aid in the analysis of the

effects of corporate reorganizations, changes in financial and

investment policies, and the evaluation of the performance

of a specific company against a set of similar companies.

Beyond the financial sector, company classification can be

useful in generating prospective leads for sales and marketing

teams, identifying new clients for insurance companies, and

pinpointing competitors for corporations. Investment banks

and venture capital firms can also benefit from company

classification by understanding the distribution of companies

among different industries [4].

The task of company classification has traditionally relied

on established standards, such as the Standard Industrial Clas-

sification (SIC), the North American Industry Classification

System (NAICS), the Fama and French (FF) model, and

the Global Industry Classification Standard (GICS), among

others. Nonetheless, these methods have several limitations

that hinder their effectiveness. One significant challenge is

the lack of interoperability between different schemes, which

results in classification inconsistencies due to vendor-specific

assignments. Furthermore, the creation of existing standards

is a laborious and time-consuming process that requires input

from human experts, making them prone to subjectivity.

As products and services become increasingly complex,

updating classification schemes becomes a challenging task.

The dynamic market environment in which companies operate

causes frequent changes in their business, affecting their

industry affiliation. The existing classification standards are

static and are unable to keep up with the fast-changing envi-

ronments. The current schemes heavily rely on self-reporting

and manual entry, resulting in slow, costly, and ineffective

updates when adapting to the changed business landscape. In

the absence of capabilities for real-time updates, these existing

standards may not be the optimal choice in various application

settings, thereby emphasizing the need to explore automation

techniques.

The recent advancements in machine learning (ML) and

natural language processing (NLP) can be explored to ad-

dress the limitations of the traditional standards for company

classification, and hold promises for reducing costs, com-

plexity, and manual labor. In particular, text classification

using NLP methods has achieved significant progress over

the past decade. Large-scale pre-trained transformer models

have revolutionized the field of text classification, enabling

successful implementations across various application domains

such as machine translation, text summarization, and sentiment

analysis. These models witnessed successful deployments in

systems that need scalability and real-time analysis, making

them also valuable to address the problem of company classi-

fication.

In this paper, we explore the use of zero-shot classification

using the model valhalla/distilbart-mnli-12-3 on the Wharton

Research Data Services (WRDS) dataset. The WRDS dataset

contains names and textual descriptions of 34,338 companies

that are classified as per the GICS index. In the classification

experiment, we calculate standard metrics such as precision,

recall, F1 score and support for each classification category as

well as for the overall model. Our purpose is to evaluate the

potential of zero-shot learning and use it as a basis for future

research with unsupervised and supervised learning.

The organization of the paper is as follows. Section II
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TABLE I
GICS TAXONOMY ILLUSTRATING THE NAMES OF THE FOUR

CLASSIFICATION LEVELS, FROM BROADEST TO NARROWEST, THE NUMBER

OF CATEGORIES FOR EACH CLASSIFICATION LEVEL AND THE NUMBER OF

DIGITS USED TO REPRESENT EACH LEVEL.

GICS taxonomy

Level Title
Number of
categories

Digits

Level 1 (broadest) Sector 11 first 2 digits
Level 2 Industry Group 24 first 4 digits
Level 3 Industry 64 first 6 digits

Level 4 (narrowest) Sub-industry 139 all 8 digits

focuses on background information and preliminaries. We

review related work in the literature in Section III. In section

IV, we describe our NLP-based experiment and dataset for

company classification using zero-shot learning and discuss

the obtained results. Section V concludes the paper.

II. STANDARDS FOR COMPANY CLASSIFICATION

A. Definition of company classification

Company classification, also known as industry classifica-

tion, involves categorizing companies based on their business

activities, industry, and other relevant factors. The objective

of this process is to group similar companies together and

distinguish them from others based on several comparison

parameters [5]. Homogeneity is a crucial criterion for selecting

an industry classification standard from the available options,

and it is typically evaluated using various approaches. For

instance, [3] suggests using stock return co-movement, while

[1] recommends utilizing 12 fundamental variables. By seg-

menting the market into partitions with distinct business and

financial characteristics [6], [7], these classifications provide a

framework for understanding the similarities and differences

among companies. Ultimately, the goal is to identify groups

of businesses that engage in similar market activities and have

comparable market conditions.

B. Mainstream standards

Industry classification standards are an essential tool for

economic analysis, financial research, and policy-making.

Among the most prominent industry classification systems are

the Standard Industrial Classification (SIC), the North Amer-

ican Industry Classification System (NAICS), Fama French

(FF), and the Global Industry Classification Standard (GICS).

The SIC system, established in the 1930s, is the oldest of

the four and underwent periodic revisions to adapt to changes

in the economy. However, these efforts were insufficient,

prompting the governmental statistical agencies of the United

States, Canada and Mexico, to collaborate on a joint initiative

to improve the SIC system and create a more comprehensive

and unified classification scheme across North America. The

result was the creation of the NAICS system in 1999. The

2017 edition of the NAICS taxonomy partitions the North

American economy into 1057 industries with a six-digit code

for each industry. The NAICS system includes 20 sectors, 99

subsectors, and 311 industry groups [4].

The FF system was initially conceptualized by academic

researchers in finance as a means to investigate the industrial

cost of capital [8]. FF achieves its purpose by reclassifying the

existing SIC codes and grouping companies into 48 distinct

industry sectors. Despite its prevalence in academic research

concerning asset pricing, corporate finance, accounting, and

economics, the FF system has not gained much popularity

within the financial industry. In contrast, the Global Industry

Classification Standard (GICS) was specifically designed by

Standard & Poor’s (S&P) and Morgan Stanley Capital Inter-

national (MSCI) to meet the needs of financial professionals,

such as investment managers and financial analysts. As shown

in Table I, GICS employs an eight-digit code to classify

companies, and its structure is hierarchical, encompassing 10

sectors subdivided into 24 industry groups, 64 industries, and

139 subindustries1. The GICS scheme classifies companies

based on their business activity, sources of revenue and earn-

ings, as well as market perception concerning their primary

lines of business [3].

GICS has been shown to outperform other popular industry

classification systems, such as SIC, NAICS, and FF, in various

comparison experiments [1], [3], [9]–[11]. This is due to its su-

perior ability to capture industry homogeneity, leading to more

accurate industry classifications. Additionally, the GICS index

has been found to exhibit robust classification performance not

only in settings with large and well-known companies (e.g.

S&P companies), but also when applied to smaller and less-

followed companies [12]. This strong performance across a

wide range of companies and industries makes the GICS index

an ideal candidate for zero-shot learning contexts, as utilized

in this paper.

Apart from the widely used mainstream classification

schemes, there are several accessible alternatives that may not

be as popular among institutional practitioners. The interested

reader may refer to Bloomberg, Capital IQ (available on

finance.yahoo.com), Hoovers & First Research, Market Guide,

MarketLine, Morningstar, and Thomson Reuters (available on

msn.money.com) [2]. Other schemes include the Thomson

Reuters Business Classification (TRBC), Industry Classifica-

tion Benchmark (ICB), and International Standard Industrial

Classification of All Economic Activities (ISIC) [13].

C. Issues with the current standards

Despite the presence of diverse standards available for

company classification and their wide use, the existing clas-

sification schemes suffer from several important limitations

that deserve attention. Assigning companies to industries is

currently performed manually and is vendor-specific [2]. The

process is time-consuming, subjective, and prone to inac-

curacies, as existing classification schemes are often con-

structed and maintained by domain experts. These schemes

can also become quickly outdated due to market developments

and changes in products, technology, and business patterns.

1A more detailed information about the GICS index is available at
https://www.msci.com/our-solutions/indexes/gics
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TABLE II
MODIFIED SECTOR NAMES OF THE GICS TAXONOMY USING TF-IDF

PREPROCESSING AND REMOVAL OF STOP WORDS WITH THE PURPOSE OF

INCREASING THE F1 SCORE IN ZERO-SHOT CLASSIFICATION.

Sector names

Original GICS names Names after TF-IDF

Energy
Oil, Natural Gas, Consumable Fuels

and Petroleum

Materials
Raw Materials, Mining, Minerals and

Metals (Gold, Silver and Copper)
Industrials Industrials and Transportation

Consumer Discretionary
Non-Essential Goods, Retail

and E-Commerce

Consumer Staples
Food, Beverages and
Household Products

Health Care Health Care
Financials Banking and Lending

Information Technology Software, Technology and Systems

Communication Services
Communications, Telecommunications,
Networking, Media and Entertainment

Utilities
Utilities, Energy Distribution and

Renewable Energy
Real Estate Real Estate Properties

Therefore, relying solely on human-aided classification is not

optimal. In fact, even with domain expertise and sufficient

data, deciding which companies belong to an industry is not

straightforward.

Inconsistencies in the classification process across differ-

ent data vendors can pose issues in terms of accuracy and

homogeneity, as highlighted by [1]. This is exemplified by

the findings in [14], which analyzed manually assigned SIC

codes for companies and revealed a significant discrepancy

between two major data providers (Compustat and SRSP).

Specifically, at the two-digit level, approximately 36% of SIC

classifications differed, while at the four-digit level, almost

80% differed, as noted in [15].

The timely update of classification schemes to reflect chang-

ing business and industry environments is another concern.

Regardless of the underlying standard used, the classification

scheme should incorporate current and frequently updated

data. However, this poses a major challenge as adjusting

and updating classification schemes to reflect changes in

company structure and operations requires extensive human

effort, which can be both time-consuming and expensive [7].

With multitude of standards available, it is not not trivial to

select an appropriate industry classification scheme. The study

in [16] highlights several issues in this regard. A major concern

is that the different data sources used for classification exhibit

mismatches even when applied within the same classification

system. As a result, the same company can be classified in

different partitions even under the same classification system

if different data sources are used for the classification.

III. RELATED WORK

Although some studies have been conducted in recent years,

the literature on the application of NLP methods for industry

classification remains limited overall.

In [17], the authors investigate the effectiveness of deep

learning models on encyclopedic data from the English DBpe-

dia Knowledge Base2. Specifically, the study evaluates the per-

formance of two popular models, Glove and ULMfit, against

two baseline models (one-hot unigram and one-hot bigram).

The dataset used for the experiments includes 300,000 textual

descriptions of companies from DBpedia. While the company

descriptions are uniform in length, the dataset contains a

significant variation in industry representation. The results in-

dicate that the tested models perform well on the larger classes

but exhibit a decline in performance on the smaller classes.

Importantly, the study does not use a dataset that is considered

a “gold standard”, and DBPedia lacks an established industry

taxonomy.

A relevant study, [13], uses the same dataset and experimen-

tal setup as [17], but introduces BERT and XLNet models in

addition to Glove and ULMfit. This study compares the four

models with the same baseline (one-hot unigram and one-hot

bigram) and finds that all algorithms perform acceptably on

well-represented classes, but experience decreased overall per-

formance on less represented classes. Although no algorithm

stands out as the best for small classes, XLNet and BERT

demonstrate more stable performance overall, thanks to their

superior F1 scores. As noted in [13], there are currently no

benchmark datasets for industry classification. Previous studies

rely on “Industry Sector” data comprising 6,000 company

descriptions collected from the web and classified into 70

industry sectors, but they utilize algorithms that are considered

outdated in modern big data applications; these algorithms

include Naive Bayes, multinomial NB, Maximum Entropy

classifier, Support Vector Machine, and k-Nearest Neighbors.

The authors of [18] investigate the usefulness of text-

based industry classification using various word and doc-

ument embedding techniques, in conjunction with different

clustering algorithms. Their approach is applied to publicly

traded companies in both the US and Chinese markets, and

the results are compared against the GICS index. The study

utilizes advanced embedding techniques such as BERT, but

surprisingly, the results show that a simpler technique, Latent

Semantic Indexing (LSI), combined with k-means clustering,

outperforms BERT on two measures. This finding is remark-

able because LSI, an extension of conventional techniques

such as Bag of Words (BoW) and Term Frequency-Inverse

Document Frequency (TF-IDF), is not commonly used in

state-of-the-art (SOTA) text classification. As a result, this

study sheds new light on the potential usefulness of LSI for

text-based industry classification.

A method for fine-tuning a pre-trained BERT model is

proposed in [19], which is then evaluated on two datasets

consisting of US and Japanese company data. The US dataset

includes 2,462 annual reports from 2019 of companies listed

on the US stock market (Form 10-K documents), while the

Japanese dataset contains 3,016 annual reports from 2018 of

companies listed on the Tokyo Stock Exchange. The paper’s

2https://wiki.dbpedia.org
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TABLE III
DISTRIBUTION OF COMPANIES IN THE WRDS DATASET ACROSS VARIOUS

GICS SECTORS.

WRDS dataset

GICS sector Number of companies

Energy 2822
Materials 3833
Industrials 3934

Consumer Discretionary 4662
Consumer Staples 1433

Health Care 4565
Financials 5363

Information Technology 5192
Communication Services 1285

Utilities 740
Real Estate 509

objective is to explore the extent to which companies with sim-

ilar vector representations operate in comparable industries, as

well as to evaluate how effectively companies can be classified

within a given industry based solely on the industry name.

The study compares BERT to two baseline models, namely,

BoW representation and skip-gram Word2Vec embedding,

and demonstrates BERT’s superior performance. The findings

confirm the effectiveness of the proposed approach and suggest

the integration of additional sources of business data, such

as Price Earnings Ratio (PER) and Price Book-value Ratio

(PBR), to augment annual reports for the purpose of industry

classification.

Other relevant references include [4], [7], [15], [20], among

others. [7] introduced a new classification scheme called Busi-

ness Text Industry Classification (BTIC), which was built on

a dataset of Form 10-K documents from S&P500 companies.

Additionally, [20] proposed a Knowledge Graph Enriched

BERT (KGEB) model, which is capable of loading any pre-

trained BERT model and fine-tuning it for classification.

KGEB enriches word representations with additional knowl-

edge through learning the graph structure in the underlying

dataset. The model was tested on a dataset of publicly listed

companies on the Chinese National Equities Exchange and

Quotations (NEEQ). The authors of [4] employed a deep

neural network based on a multilayer perceptron architecture

with four fully-connected layers to predict the industries of

novel companies. [15] evaluated 28 classifiers based on four

underlying Word2Vec models with varying window sizes and

different SVM kernels and logistic regression solvers. The

Word2Vec models were trained on a corpus of articles from the

Guardian newspaper with 600 million words. While the dataset

is comprehensive, the paper does not present a comparison

with benchmark schemes such as GICS. The use of Word2Vec

is also somewhat outdated compared to SOTA deep learning

models.

IV. METHODOLOGY AND RESULTS

A. Dataset

We use the Wharton Research Data Services (WRDS) to

create the dataset for this research. WRDS is a web-based

data management system that provides researchers with access

to a vast array of financial, economic, and marketing data

from different sources, including Compustat, CRSP, IBES,

and others. WRDS is a research platform that has been

developed and maintained by the Wharton School at the

University of Pennsylvania to support researchers in their data-

driven research activities. The platform is used by academic

researchers, corporate professionals, and financial analysts to

retrieve, manage, and analyze large sets of data for their

research projects. WRDS also provides a suite of tools for

data cleaning, analysis, and visualization to help users get the

most out of the data available on the platform. Using WRDS,

we extract the Compustat dataset which contains financial and

market data on publicly traded companies across the United

States. The original dataset contains data for 44,033 compa-

nies, including their names, descriptions, and classification into

sectors and industry groups as per the GICS taxonomy. We

filter the dataset due to the absence of GICS sector assignment

for some entries. After the filtering, the dataset consolidates

a total of 34,338 entries (i.e. companies). The distribution of

the number of companies across the GICS sectors is shown in

Table III.

B. Experiment

We employ a zero-shot classification pipeline using

the valhalla/distilbart-mnli-12-3 model. We chose the

valhalla/distilbart-mnli-12-3 model for its popularity on

Hugging Face, where it ranks as one of the top three

models in terms of number of downloads. To assess its

effectiveness, we conducted a comparative analysis with

two other models, namely facebook/bart-large-mnli and

joeddav/xlm-roberta-large-xnli. Our evaluation showed that

the valhalla/distilbart-mnli-12-3 model performed slightly

better than the other two models.

The valhalla/distilbart-mnli-12-3 model belongs to the class

of transformer models which are a powerful type of neural

network architecture that has been widely adopted in NLP

[21]. Transformer models are capable of modeling long-range

textual dependencies thereby effectively capturing relation-

ships between distant words in a sentence [22]. The trans-

former architecture includes an attention mechanism which

allows the model to selectively focus on relevant parts of the

input sequence. This enables the model to extract important

relationships between words and better capture the meaning

of the input text [23].

Zero-shot classification refers to the ability of a model to

classify inputs into multiple classes without requiring any

training data [24]. Pre-trained transformer models have shown

potential in zero-shot classification tasks as they have been

trained on massive amounts of textual data, enabling them

to classify inputs into classes even if they have never seen

examples of those classes before. When needed, pre-trained

models can be fine-tuned on specific zero-shot classification

tasks with only a small amount of training data, allowing the

models to adapt to the underlying task and improve the overall

performance (e.g. accuracy) on that task.
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Fig. 1. Confusion matrix of the zero-shot classification experiment using the
valhalla/distilbart-mnli-12-3 model on the WRDS dataset.

In our experiment, we utilized the valhalla/distilbart-mnli-

12-3 model and adopted the zero-shot classification technique.

Specifically, we fed the model with the company descriptions

available in the WRDS dataset without performing any fine-

tuning of the model. As we employed the zero-shot learning

approach, we did not need to divide the dataset into train and

test sets.

We obtained an F1 score of 0.56 using the original category

names from the GICS taxonomy. We aimed to boost the F1

score by modifying the sector names with alternative labels

that do not impede the model’s classification performance.

Specifically, we utilized TF-IDF vectorization to extract the

top 30 most common words for each sector to obtain a more

precise representation of the sector names, with the goal of

enhancing the accuracy of the zero-shot classification model.

This process involved pre-processing the company descriptions

using the NLTK3 library to identify all verbs in the dataset

and exclude them as stop words (since verbs are the most

frequently occurring words). In addition to default stop words,

we also excluded country names and certain abbreviations

(e.g., ltd, llc) that occur frequently but are not relevant to

the companies. The original and modified sector names are

shown in Table II. This technique increases the F1 score to

0.64. However, the aforementioned change failed to result in

any significant improvement in the sectors that had the lowest

F1 scores, namely Real Estate, Consumer Staples, Consumer

Discretionary, and Industrials.

The confusion matrix and classification report are presented

on Figure 1 and in Table V. As can be seen, the weighted F1

score obtained across the dataset is 0.64. Highest individual

F1 scores are obtained for Health Care and Oil & Natural

Gas with 0.84 and 0.81 F1 scores, followed by Banking &

Lending and Raw Minerals & Mining with 0.77 and 0.75 F1

3https://www.nltk.org/

scores respectively. Lowest F1 scores are noticed for Food,

Beverages and Household Products with 0.30 F1 score, Real

Estate with 0.39 F1 score, and Industrials and Transportation

with 0.39 F1 score.

V. CONCLUSION

We highlight the growing importance of natural language

processing (NLP) in various business applications, including

classification of companies. We propose an approach for com-

pany classification using NLP and zero-shot learning, which

can streamline the process of categorizing companies and po-

tentially reduce the time and resources required for traditional

approaches such as the Global Industry Classification Standard

(GICS). The proposed approach utilizes pre-trained trans-

former models to extract features from textual descriptions of

companies and then applies zero-shot learning to classify them

into relevant categories without the need for specific training

data for each category. We evaluate the approach on the

WRDS dataset and demonstrate its effectiveness in classifying

companies. The results show that this method holds potential

for automating the task of company classification, which can

benefit various industries, including finance, marketing, and

business intelligence, by providing a more efficient and cost-

effective way of categorizing companies. It can also help in

identifying emerging trends and patterns in the business world,

which can be valuable for decision-making processes.
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