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Abstract. Tools from the machine learning and data mining domain become even
more popular in the fields of economics, entrepreneurship, and policy-making. At
the same time, the research on small and medium-sized enterprises (SMEs) is getting
amplifying importance for governments and policy-makers especially when it
comes to support of SME’s digitalization. A good understanding of the current level
of digitalization of SMEs by industries is a prerequisite for design and integration
of effective national policies. The goal of this paper is to design the architecture of
an ML-based Al conceptual framework for assessing SMEs digitalization. We do
this from the perspective of customers assuming that their preferences are absorbed
in the publicly available (online) data that they generate in social media and
community forums. This approach forms a significant contribution of this paper.
Furthermore, we define an algorithm for data preparation, and we develop an
algorithm based on sentiment analysis, which generates a set of industry-specific
digitalization indices, which is another important contribution of this paper.

Keywords. Digitalization, small and medium-sized enterprises (SMEs), machine
learning, natural language processing, artificial intelligence, sentiment analysis.

1. Introduction

Small and medium enterprises (SMEs) are nowadays an important driving force towards
economic development, particularly in developing and emerging economies (see for
example [1] and [2] as well as the references therein). The latest figures as published in
[3] emphasizing SMEs importance for the EU economy are as follows. They constitute
99.8% of the number of enterprises in the EU indicating a growth of 2.7% for the period
2021-2022; the share of employed by SMEs is 64.4% with SMEs value added share
amounting to 51.8%. Furthermore, [2] highlights the crucial role of SMEs for poverty
alleviation and sustainable economic growth.
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This motivates the increased research interest in the determinants behind success
and survival of SMEs [4]. As outlined in [2] information communication technology and
changes of consumer preferences are among the major challenges within the context of
economic globalization. In particular, the rapid development of information
communication technology speeds up globalization and market liberalization, which
amplifies the importance for SMEs to integrate technological innovations in the business.

However, while technological innovation fosters the growth of firms operating in
high-tech resource rich environments of growing demand, it might be an additional
challenge to small firms’ survival in a disrupted declining industry [5]. Combined with
fast changing customer preferences shaping an increasing demand for high-quality,
diverse goods and services, the pressure towards digitalization of SMEs is determined
mainly by the necessity to stay competitive at the globalized markets even for firms
operating at the local market only.

Therefore, well-designed government policies in support of SMEs digitalization are
imperative in order to mitigate this pressure and the starting point for such policies is the
good understanding of the current level of digitalization of SMEs. This task requires
sound assessment tools. Our paper contributes to this problem through embracing the
power of data analytics. Application of tools from the machine learning and data mining
domain has already proven their ability to provide new specific knowledge that might
complement and support the intuition behind design and implementation of policies.
Examples such as the SHARE project evidence this.

Taking into account the importance of SMEs and their survival for national
economies, the goal of this paper is to design the architecture of an ML-based Al
conceptual framework for assessing SMEs digitalization. We do this from the
perspective of customers assuming that their preferences are absorbed in the publicly
available (online) data that they generate in social media and community forums. This
approach forms a significant contribution of this paper. Furthermore, we define an
algorithm for data preparation, and we develop an algorithm based on sentiment analysis,
which generates a set of industry-specific digitalization indices, which is another
important contribution of this paper.

The rest of the paper is organized as follows. In Section 2 is provided a review of
related studies. In Section 3 is introduced a case study that illustrates distinctly the
research gap and the necessity to develop the proposed conceptual framework. Section 4
introduces the developed integrated framework for data engineering, knowledge
extraction, and analytics of SME’s data, followed by a discussion in Section 5.

2. Literature Review

The current study explores the possibilities of assessing SMEs digitalization level by
employing a data-driven approach relying on the application of Al techniques. Since the
beginning of the XXI* century, sentiment analysis represents a very active research area
that integrates various natural language processing and mathematical approaches to
understand and interpret the sentiment or subjective information expressed in a piece of
text [6].

Sentiment analysis is an Al approach that has numerous applications in studies
devoted to understanding public opinion and might be considered as an important
complementary tool in large-scale surveys utilized in the social and management science
[7]. When it comes to the assessment of digitalization level of a
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service/company/industry, sentiment analysis might be helpful in at least several
directions. First, it might be effectively used to provide insights into how the
digitalization efforts are being perceived by the customer or general public. Second, it
might be used in establishing benchmarks and key performance indicators (KPIs) for
digitalization initiatives based on public sentiments. Furthermore, the analysis of internal
communication can provide insights into the effectiveness of company’s digital tools and
processes as perceived by employees (internal subjective perspective). Following is a
brief literature review of recent studies focused on digitalization assessment through the
application of sentiment analysis and other NLP techniques.

Several up-to-date research papers examine the potential of Al, and natural language
processing in particular, in the assessment of digitalization efforts in the government
domain. In [8] is proposed an architecture of an ML system for mining public opinion
on e-government services. The system combines topic modeling, sentiment analysis and
visualization techniques applied on news and citizens’ discussions in forums in an
attempt to capture the progress in e-government development and the expressed opinions
towards public e-services in Bulgaria. The main objective in [9] is to leverage state-of-
the-art natural language processing technologies, particularly transformer-based
language models, for public opinion analysis. The study focuses on the analysis of
citizens’ sentiments and emotions regarding the digitalization of services in the
educational, administration, and health public sectors. Main source of data are
discussions in community forums. The published results reveal interesting insights into
public sentiments and emotions towards learning in an electronic environment, usage of
electronic signature, e-voting, e-health systems etc.

In [10] sentiment analysis is applied on the aspect level in order to extract explicit
aspects related to government software applications. The proposed approach captures
reactions and emotions to e-government services development with the help of deep
learning methods applied on citizen reviews. Muliawaty et al. [11] focus on the potential
of big data and sentiment analysis technologies for enhancing bureaucratic public
services and adoption of digital technologies. The authors propose a design of a
sentiment analysis application that utilizes Twitter posts to understand public opinion on
existing bureaucracy services. Yue et al. [12] present an insightful study on public
perceptions towards smart city construction in China. Similar to the approach adopted in
related studies, the authors apply a combination of sentiment analysis and topic modeling
techniques on social media public comments. The utilization of the established topic
modeling algorithm Latent Dirichlet Allocation (LDA) leads to the extraction of various
topics related to smart cities among which are captured public concerns about technology
applications, digital transformation of enterprises and digital industry economy. After
topic extraction, sentiments in each topic are detected through deep learning techniques
in order to gain deeper insights into public opinion.

Another study utilizing sentiment analysis to capture citizen opinion on government
digitalization efforts is proposed in [13]. The authors develop an e-government
gamification model aimed at motivating citizens to actively use digital public services
for paying bills, renewing licenses etc. In [14] is presented novel research on the
identification of emerging technologies in public services delivery with the aim of
guiding policymakers in their implementation. The authors apply natural language
processing techniques on a large database of academic papers focused on the topics of
digital governance and digital democracy. Cluster analysis and network visualization
techniques are applied in order to develop a better understanding of the role of emerging
technologies in e-government and current trends in the field. Other studies aimed at
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assessing digitalization efforts in the government domain through the application of Al
techniques can be found in [15, 16, 17, 18].

Our review of related work reveals that in the last two years there has been an
increasing volume of studies focused on the application of modern Al technologies in
attempt to evaluate e-government development and various digitalization efforts in the
public sector. We would adapt the recent developments from this domain to the domain
of SMEs digitalization for the following reasons. Al provides extremely powerful tools
that have the ability to reveal insights that could not be captured otherwise. Sentiment
analysis and topic modeling are among the most frequently applied natural language
processing techniques used in discovering public opinion towards digitalization
initiatives and measures. The results from the reviewed studies have important
implications for policy-makers and experts engaged in the development and
implementation of policies related to digitalization within the government domain.

Our literature review reveals the almost complete lack of studies focused on the
potential of Al applications in support of SMEs digitalization efforts. To the best of the
authors’ knowledge currently there are no research papers exploring the possible uses of
natural language processing in the analysis of public opinion on SMEs current
digitalization level and efforts. We bridge this gap in the literature by proposing a
conceptual framework for assessing SMEs digitalization based on machine learning and
natural language processing techniques.

3. Fostering Understanding of SMEs Effective Digitalization: A Case Study from
Bulgaria

To illustrate how the proposed conceptual framework contributes to existing approaches
for digitalization assessment, we provide as a context a case study based on survey data
analysis. We should note that this survey is conducted under the same research project
as the current paper. Details are provided in the first footnote of this text. Data for this
study was collected through a national representative sociological survey among 1000
SMEs for the country of Bulgaria. The survey used a quota sampling technique based on
type of SMEs (50% microenterprises and 50% small and medium-sized enterprises),
Nomenclature of Territorial Units for Statistics NUTS 2 developed by the EU, and
economic sector based on NACE Rev. 2 (Section A - Agriculture, Forestry and Fishing;
high-technology and medium-high technology; medium-low technology and low
technology; knowledge-intensive services; less knowledge-intensive services).

As explained in the introduction section, the rapid development of information
communication technology speeds up globalization and market liberalization, which
amplifies the importance for SMEs to integrate effectively technological innovations in
the business. However, while technological innovation is known to foster the growth of
high-tech firms, it might be an additional challenge to low-tech firms. Therefore, in this
example we focus our attention on a subsample of firms that operate in the high-
technology and medium-high technology sector, and in the medium-low technology and
low technology sector. For simplicity of notation, we refer to the former as high-tech
sector and to the latter as low-tech sector. Out of 1000 firms constituting our sample, 104
are classified as high-tech firms, and 127 firms are classified as low-tech firms. We
consider the answers provided in a conducted survey on the self-assessed degree of
digitalization and the integration of digital technologies in their businesses.
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Figure 1 represents visually the self-assessed degree of digitalization at Likert scale
ranging from 1 to 5, where 1 indicates that the firm considers itself as not digitalized at
all and 5 stands for fully digitalized firm self-assessment. The share of companies at each
level of digitalization for the high-tech and low-tech sector is represented as a percentage
of all the SME:s in the respective sector. We could easily see that the highest saturation
of companies is at levels 3 and 4. Even though high-tech firms are more digitalized as
compared to low-tech SMEs, the differences are not as severe as we could intuitively
assume.
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Figure 1. Self-assessed level of digitalization for high-tech and low-tech Bulgarian SMEs

Consequently, we look closely at the integration of two particular technologies that
are intimately related to economic globalization. These are e-commerce, which includes
online sales via website, as well as social media. Results are summarized in Figure 2. We
observe that the share of SMEs integrating e-commerce in their business is
approximately the same for high-tech and low-tech firms and even though the percentage
of high-tech companies integrating social media is greater than that for low-tech
companies, the latter show catch-up numbers. However, these numbers are not indicative
on plausible differences in the effectiveness of integration of digital technologies
between high-tech and low-tech companies. Customer opinion might provide valuable
insights fostering comprehensive understanding of such kind of differences.

Therefore, we propose a conceptual framework embracing the power of publicly
available text data that aims to complement the understanding of SMEs digitalization
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traditionally assessed through survey data analysis. Customer opinion that might be
found in community forums, social media platforms etc. contains important information
on the degree of effective adoption of some common digital technologies by SMEs such
as usage of e-trade instruments and social media presence. In order to illustrate this
concept, we provide an example based on simulated data depicted at Figure 3.
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Figure 2. Digital technology adoption in high-tech and low-tech Bulgarian SMEs

We have generated three examples of customer feedback for a company that has a
website for online sales and uses social media. While we observe integration of these
technologies in its business, the client sentiment might be viewed as an additional source
of information that could foster understanding on how effectively they actually work. In
the next section we describe the proposed conceptual framework based on machine
learning and natural language processing techniques that enable understanding SMEs
digitalization from the client’s perspective.

Figure 3. Simulated customer feedback data
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4. ML-based AI Conceptual Framework for Assessing Digitalization in SMEs

The main objective of the current paper is to develop a conceptual framework for
assessing SMEs digitalization at industry level via application of ML and Al methods on
SME’s data. Figure 4 illustrates the main stages and key elements in the proposed
framework.

In a nutshell, the framework relies on publicly available online data on SMEs
operating in different industries. We motivate our choice of data as follows. We assume
that opinions expressed in social media and community forums absorb customer
preferences. This would allow us to assess SMEs digitalization through the lens of
customers, which is a novel way to approach the issue.

Data is then processed via NLP and ML techniques so as to extract synthetic features
subject to further analysis. These features are integrated to create an empirical study
database that will be later used to derive insights on SMEs digitalization at industry level.
Nevertheless, it is important to note that the proposed conceptual framework could be
applied to evaluate the digitalization initiatives of SMEs not just at the industry level but
also at the level of individual companies.

An important result, coming as an output of the conceptual framework for data
analytics of SME’s data, is the delivery of an empirical database providing insights into
public opinion on SMEs digitalization efforts on industry level. The database
encompasses insights from external sources, providing a comprehensive collection of
objective digitalization measures for SMEs. Thus, such a database might be considered
as an important complement to surveys focused on measuring digitalization development
and efforts based on the internal “subjective” perspective of company’s management
board and staff.

Five important stages could be outlined in the proposed conceptual framework for
assessing SMEs digitalization. The next subsections will describe in detail each of the
main analytical stages of the framework displayed in Figure 4.

E Stage III: Information and Aspect Extraction - extraction of
aspects related to E-readiness, E-activities and E-impact of SMEs
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Figure 4. Analytical process behind the proposed conceptual framework for assessing digitalization in SMEs
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4.1. Stage I — Unstructured Data Collection

The framework suggests that unstructured publicly available (online) data discussing
small and medium sized enterprises is collected through web scraping. Such data could
provide information on digitalization KPIs from an independent observer’s perspective.
Instead of scraping text data based on general keywords like “small and medium-sized
enterprises” or abbreviations of this term, we broaden the scope of our search by
extracting public comments for particular SMEs. To accomplish this, we first develop a
sample of selected SMEs operating in different industries. This sample is derived with
the help of official lists of SMEs names provided by government services. Then, using
this information, text data is collected using carefully selected key words (for example,
names of the companies, abbreviations of the names etc.). Thus, we are able to capture a
wider spectrum of public opinion on SMEs performance and digitalization efforts. In
addition, such data collection strategy enables empirical analysis not only at the “industry
level”, but also at “individual company” level (provided that sufficient amount of data is
found for a specific company).

In the proposed conceptual framework, we put the most emphasis on the extraction
and utilization of related to the selected SMEs online interactions in the form of reviews
or public comments in social media and community forums. Similar to what have been
already accomplished in the e-government domain [9], the application of sentiment
analysis techniques on such data will enable the identification of public opinions
regarding digital initiatives, processes and services and provide valuable insights into
public perceptions of digital experiences with a given company. Such insights could
highlight areas where improvements are required in the digitalization endeavors or where
there might be deficiencies in digitalization development among SMEs in a particular
industry. By applying different NLP tools on the publicly available online data, we are
also able to extract key aspects related to SMEs digitalization on industry level. The
aggregation of the results from information extraction and sentiment analysis, enables us
to assess the digitalization efforts in each of these aspects from the customer (public)
viewpoint.

4.2. Stage Il — Data Preparation

This subsection describes the methodology for text data preparation (Stage II). The first
step consists of the application of several important analytical techniques for text data
normalization. After ensuring that text data crawled from the Internet are imported and
read correctly in the software used for data analysis, we apply necessary NLP techniques
for text data processing. The final aim is to derive text data fit for further analysis. Textual
data collected from social networks and discussion forums exist in different formats and
often include a significant amount of irrelevant or noisy content. Due to this reason,
within Stage II, we implement essential procedures for data cleaning and employ
necessary techniques to structure the data.

Let D denote the corpus of publicly available text data in the form of online reviews
and public comments related to SMEs operating in a pre-defined set of K industries.
Thus, each document d; (i = 1...N) is associated to a particular industry I,,, where
u = 1...K.Given D consists of N text documents, then each document d; will undergo
the following text normalization techniques in the specified order:

1. Removal of HTML tags or analogous fragments presented in text data as a
result of the data crawling process.
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2. URL removal — URLs part of text data are considered irrelevant for
subsequent analyses and therefore are removed.

3. Text data translation — this step might be skipped depending on the exact
use case and choice of a particular country which SMEs will be under
analysis. If the native language spoken in that particular country is
considered a “low-resource” language (meaning that few language
resources are available for processing and analysis of text data in this
language), then text data translation might be applied. For example,
performing sentiment analysis in unsupervised settings would require the
availability of appropriate tools for carrying out the task on text data in the
respective language. However, there might be the case that few such
language resources exist for the particular language, while those that are
available might not be appropriate for the domain of text data under analysis.
In such scenario, data will be translated to English since there is an
abundance of linguistic resources for this language.

4. Case normalization and digits/special characters removal.

5. Stop words removal — removal of the most frequently appearing words (stop
words refer to the frequently used words in a particular language that
contribute minimal information in data analysis). It is important to note that
depending on the choice of text data representation technique this step might
be skipped.

After the application of key text normalization methods, data will be put into more
“structured” format through text tokenization applied on word level. Each document d;
consisting of z; number of words (z; = {1,2,...}) will be split to word tokens. At this
point, it is important to mention that based on the specific characteristics of the text data
sample at hand, z; might be set to values larger than a given threshold value (and
documents filtered out based on this criteria) since extremely low values of z; for some
text documents might imply lack of enough context and inability to extract useful insights
in further stages of the analysis.

The final step in Stage II is text representation i.e., turning textual data into
numerical format. The choice of an appropriate text representation technique hugely
depends on the choice of machine learning algorithms that will be applied in subsequent
data analysis. For example, traditional topic modeling algorithms like LDA [19] would
require representing data using the vector space model which applies the bag-of-words
assumption. However, more recent approaches like BERTopic [20] utilize document
embeddings. The latter can effectively capture complex relationships within textual data,
including semantic meanings. Both classical and novel approaches for text representation
have their pros and cons [21]. However, an extensive discussion on this topic is outside
the scope of the current study.

For the sake of maintaining simplicity within the context of the proposed framework,
we briefly describe the text representation process when applying the classical vector
space model. Utilizing the latter means that each document d; will be represented as a
fixed-length vector v; (v; € V5) of word weights in the vector-space V5. Each vector v;
contains S elements (where S denotes the total number of unique words/tokens in corpus
D) of which exactly y; are non-zero (equals the number of unique words/tokens in d;
and y; < z;). Some established approaches for turning tokenized textual data to
numerical format [22] that might be applied include integer vectorization and term
frequency-inverse document frequency (TF-IDF). The latter is preferred in the
application of classical topic models like LDA. Furthermore, TF-IDF is also employed
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in most recent approaches like BERTopic where class-based TF-IDF weights are utilized
in the development of more efficient topic representations.

The final output from Stage II is a document-term matrix F(yys) which contains the
numerical representation of all text data related to SMEs.

4.3. Stage Il — Information and Aspect Extraction

This subsection describes the methodology for application of NLP techniques for
information extraction on publicly available (online) data related to SMEs. Stage III is
crucial since we aim at the extraction of key factors/aspects/concepts related to SMEs
digitalization and presented in text data. For the sake of illustration, we define three such
aspects - E-Readiness, E-Activities and E-Impact of SMEs operating in a given industry
I, (u = 1...K). It is important to note, that these aspects might be subject to change
during empirical analyses.

First, we employ a simple keywords extraction technique. A list of carefully selected
keywords/phrases associated to each component of SMEs digitalization (E-Readiness,
E-Activities and E-Impact) is developed based on domain knowledge. Each
keyword/phrase is denoted by p;, where j = 1...P. Information about the presence of
p; in document d; is stored in the form of a dummy variable, where the value of 0
indicates the absence of p;, while the value of 1 indicates its presence in a given
document. This idea is illustrated in Figure 5 - see Keyword 1, Keyword 2 etc. at each
section related to E-readiness, E-activities and E-impact. As might be seen, each dummy
variable associated to a particular keyword is a column in the dataframe, developed to
structure all the extracted knowledge from text data.

E-Readiness E-Activities E-Impact
Industry  Company  Text Keyword1 Keyword2 ... Toplel Tople? .. Keyword1 Keyword2 ... Topiel Tople2 .. Keyword1 Keyword2 .. Topiel Tople2 ..

Industry l;  Compengy | 1 ] 1 0 ] L. [ 0 . 1 0 .. o 0
Tndustry l,  Company | o ] 0 1 1 1 0 1 ] a 1

Industry ), Company 2 ] 1 0 1 1 1 ] 1 ] o 1

Tndusuy Jy  Company € . 1 i 1 o o [ 1 0 1 0 .. 1 o
Indusuyly  CompanyC .. 1 0. 0 0 .. 1 0. 0 0. 1 i 1 ]

Figure 5. Output from Stage IV — an empirical study database, that structures all the extracted information
from the publicly available text data (for all SMEs part of the sample). For the sake of illustration, keywords
and topics are related to three main aspects of SMEs digitalization level - E-Readiness, E-Activities and E-
Impact.

The second technique for information extraction applied in an attempt to extract
more aspects related to SMEs digitalization is topic modeling. This is a statistical
technique used to discover latent topics or themes presented in a collection of text
documents [23]. As mentioned earlier, classical topic modeling approaches like LDA or
Non-negative Matrix Factorization (NMF) would require a text representation based on
the vector space model. Such algorithms can be directly applied on the document-term
matrix Fiyys) to extract T main topics of interest discussed in reviews and comments
related to SMEs. Each discovered topic t (t € {1,...,T}) is represented by a set of
keywords considered as being most important in providing its general context.

After manual review of the extracted topics by domain experts, each of them is being
assigned to one of the three main components of SMEs digitalization - E-Readiness, E-
Activities and E-Impact. Since main focus is put on these three aspects of digitalization,
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topics that cannot be related to any of these aspects are disregarded. Finally, the presence
of a particular topic in a given text document is encoded using dummy variables (Figure
5 - see Topic 1, Topic 2 etc. at each section related to E-readiness, E-activities and E-
impact), where the value of 0 indicates the absence of the topic, while the value of 1
indicates its presence in a given document (similar to the logic applied during keywords
extraction). It is important to note that the topic assignment process hugely depends on
the specifics of the finally chosen topic modeling algorithm and details could be provided
in future research. As noted earlier, recent approaches for topic modeling as BERTopic
would require a text representation based on the development of document embeddings
rather than document-term matrices. Nevertheless, rest of the general logic behind the
described analytical process for information extraction remains the same.

E-Readiness E-Activities E-Impact
Industry Company  Text  “website” “securiy” ... Topicl Topie2 .. “chatbot”  “deliveny” .. Topicl Topic2 .. “ads” “stgam® .. Topicl Topic2 ..

Low-tech (1) Company 1 Text | 1 1 1 1 0 ] 0 [ 0 0 .. 1 0.
Low-tech(/;) Companyl Text2 a 0 0 0 0 1 0 1 0 0 0 0
Low-ech(/;) Companyl Text3 a 0 0 1 0 0 0 0 o 1 1 0

Figure 6. Example of the empirical study database (output from Stage IV) for “Company 1”

Coming back from our example set of customer feedback in Figure 3, we illustrate
with Figure 6 how the first three rows of the empirical study database would look like.
As might be seen from Figure 6, we have assumed that the company’s name is “Company
1’ and that it operates in the low-tech sector (denoted by I;). Furthermore, in the first
customer feedback the most predominantly discussed aspect of digitalization is E-
readiness of “Company 1”. We sum the dummy variables for each aspect in order to find
out which aspect is most dominant. Sentiment is negative. In the second customer
feedback, the most predominantly discussed aspect is E-activities of “Company 1”.
Sentiment is positive. In the third customer feedback, the most predominantly discussed
aspect is E-impact of “Company 1”. Sentiment is positive.

Topic Keywords
Topic 1 (E-readiness) GDPR, security, breach, confidence, privacy
Topic 2 (E- readiness) easy, information, contact, fast, navigate
Topic 1 (E-activities) assistant, digital, prompt, question, information
Topic 2 (E-activities) digital, delivery, fast, track, information
Topic 1 (E-impact) social, instagram, facebook, message, media
Topic 2 (E- impact) ads, google, media, month, new

Figure 7. Illustrative example of topics

Figure 7 illustrates further the concept of topics and how they will be formed after
the topic analysis is performed over the full sample of customer feedback for all
companies. Each topic is represented by a set of keywords considered as being most
important in providing its general context.
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4.4. Stage IV — E-Readiness, E-Activities and E-Impact of SMEs at Industry Level

Stage IV is crucial for any subsequent analysis since it aims at developing an empirical
study database containing in structured format all the extracted information related to
each of the three components of SMEs digitalization. This idea is illustrated in Figure 5.

We develop the matrix M(yx(p+1y) structuring the extracted information about all
aspects of the three main components of SMEs digitalization (E-Readiness, E-Activities
and E-Impact) that are presented in the text documents in corpus D. As depicted on
Figure 5, each row in the dataframe corresponds to a particular review/comment about a
given SME, while each column is a dummy variable indicating the presence of a
particular aspect of digitalization discussed in the given review/comment. Since each
SME in the sample operates in a particular industry I,, (u = 1...K), the empirical study
database allows to draw important insights on digitalization efforts at both company and
industry level.

4.5. Stage V — Sentiment Analysis

In Stage V of the proposed conceptual framework are applied sentiment analysis
techniques aimed at understanding the sentiments expressed by the public towards the
three main components of SMEs digitalization efforts - E-Readiness, E-Activities and E-
Impact. The output from this stage are three main digitalization indices - SIg_Readiness>
SIg_activities and SIg_ympact calculated at industry level. Each of these indices measures
the overall public sentiment expressed towards the digitalization efforts of SMEs
operating in a particular industry. This idea is illustrated in Figure 8.

Industry E; (E-Readiness) E, (E-Activities) E4 (E-Impact)
Iy Shyy Sz Sz
I, Sl Sl;, Sh5
I3 Sl3y Sl; Sl33
Ix Skkq Sk, Slys

Figure 8. Output from Stage V — a matrix of (digitalization) indices measuring the overall public sentiment
expressed towards the digitalization efforts of SMEs operating in a particular industry. Each index SI,,4
provides information on the overall public sentiment about SMEs digitalization efforts towards E; (g =
{1,2,3}) in industry I,,.

To derive the digitalization indices depicted in Figure 8, we employ the following
methodology. First, we apply a suitable sentiment analysis model on each document d;
(d; € D) in which one (or more) of the three main components of SME digitalization is
predominantly discussed (component dominance is calculated using the dummy
variables in the matrix My p+7)) — see Figure 5). In case more than one component is
equally represented in a given document d;, sentiment analysis will be applied on aspect
level [24], rather than document level, in order to capture the sentiments towards each of
these main components of digitalization.

Sentiment analysis will enable us to evaluate the opinions expressed by the author
of the text towards one (or more) of the main components of SMEs digitalization.
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Sentiments are broadly defined in two categories - “positive” and “negative”. For
example, in the following public comment “I really like their digital delivery
management process”, the mainly discussed component of digitalization is “E-Activities”
and the expressed sentiment is positive. Sentiment analysis is applied in an unsupervised
manner by utilizing the pre-trained language model SiEBERT [25]. The latter is a
sentiment analysis model designed for general-purpose application, trained on an
extensive corpus of text data spanning diverse domains, including tweets, social media
posts, and reviews of products and services. Its robustness and suitability for our use case
stem from the extensive fine-tuning on a large volume of texts from various domains. It
is important to note that natively SIEBERT operates on document level and additional
fine-tuning might be performed in order to apply the model on the aspect level when
necessary.

As explained earlier, our methodology for collecting text data results in the creation
of a sample that permits empirical analysis on both “individual company” and “industry”
level. Nevertheless, we are mostly interested at capturing insights on SMEs digitalization
efforts at the industry level. For that reason, the final step in Stage V is to aggregate the
extracted information about expressed opinions at company level and derive
digitalization indices that measure the overall public sentiments expressed towards E-
Readiness, E-Activities and E-Impact of SMEs operating in a particular industry.

For clarity, we denote each of the three main components of SMEs digitalization
efforts (E-Readiness, E-Activities and E-Impact) with Eg, where g = {1,2,3}. Let SI,,4
denote the overall public sentiment regarding E, expressed towards companies operating
in a particular industry I, (u = 1...K). SI,,4 is an aggregated measure calculated by
applying the following formula:

Poyy, — Ney,

Shyg = 2 (1)
u,

9

Eq. (1) calculates the overall public sentiment towards SMEs digitalization efforts
Eg in industry I,,, where:

Po, 4 - total number of positive sentiments expressed towards digitalization efforts
E; of companies operating in industry I,. For example, Poy; is the total number of
positive sentiments towards E-Readiness of SMEs operating in industry ;.

Ne,, - total number of negative sentiments expressed towards digitalization efforts
E4 of companies operating in industry I,,. For example, Ney; is the total number of
negative sentiments towards E-Readiness of SMEs operating in industry ;.

Ay g — total number of sentiments expressed towards digitalization efforts E; of
SMEs operating in industry I,,.

Slg € [—1,1], where the value of (—1) indicates strong negative public sentiments,
while the value of 1 indicates strong positive public sentiments towards SMEs
digitalization efforts E; in industry I,,. Applying Eq. (1) leads to the development of the
matrix Hg gy illustrated in Figure 8.

The constructed indices SI,,4 serve as objective (“through the lens of the customer™)
measures of SMEs digitalization efforts at industry level. In addition, these indices
combined with other available information about digitalization level and efforts in a
particular industry might be used to reveal many new insights on the processes, degree,



B. Pelova and G. Hristova / ML-Based Al Conceptual Framework for Assessing SMEs Digitalization 37

effects, and problems of SMEs digitalization as well as on the scope of digital
entrepreneurship in a particular country.

5. Discussion and Conclusions

In this paper we proposed an ML-based AI conceptual framework for assessing
digitization of SME’s data. We combine ML and NLP techniques in an attempt to create
a robust methodology that could be used to assess SMEs digitalization level and efforts
through the lens of customer preferences. One of the major contributions of our study is
the development of a framework that integrates the analysis of unstructured data related
to SMEs digitalization initiatives. Our literature review reveals the almost complete lack
of studies in this research direction. Another important contribution of the paper is that
our methodology relies on sentiment analysis thus capturing tendencies in customer
preferences.

Such a framework has the potential to allow the extraction of valuable insights that
are unobservable when conventional methodologies are being applied. Our approach for
SMEs digitalization assessment in a given country is applicable not only at industry level,
but also at “individual company” level (provided that sufficient amount of data is
available for a given SME). We believe that the suggested framework might prove
particularly valuable not only in assessing the digitalization level, but also in facilitating
the development of measures aimed at supporting the digitalization of SMEs.

One of the major difficulties in the development of the framework stems from the
noisy nature of unstructured textual data in the form of public comments freely expressed
in social media. Acquirement, processing, and extraction of structured knowledge from
such data pose considerable challenges because of the lack of standardized formats,
diversity of platforms and the usage of informal language, abbreviations, slang, and
misspellings.

One future refinement of the proposed framework includes the application of topic
modeling analysis separately for each industry under analysis. Another direction for
future research is studying the possibilities for improving and automating some of the
manual tasks in the process of digitalization aspects extraction from text data. We believe
that the current study will be valuable for researchers, policy-makers and other
authorities involved in the development of digitalization policies and methodologies for
assessment of the adaption of digital technologies in the business.
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