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Abstract

Cluster analysis is proposed as an unsupervised machine learning method to divide small and
medium-sized businesses in Ukraine into groups based on their level and types of digital maturity.
The input data used is a dataset formed by expert assessments of the state of digital technology
usage in regional small and medium-sized businesses. The Digital Transformation Index "HIT" is
used to numerically measure the level of digital maturity of domestic enterprises. Various
approaches to building clustering models are implemented using built-in methods in the scikit-learn
library for Data Mining problems. The quality of the constructed models is evaluated using three
indicators. Groups of companies are identified based on similarity in understanding digital
development, and a comparative analysis is performed. Performing clustering for a representative
sample of domestic small and medium-sized businesses will allow understanding the current state
of their use of digital technologies and developing a well-reasoned system of actions to effectively
digitize entrepreneurship in Ukraine.
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1. Introduction

Digital transformation of small and medium-sized enterprises (SMEs) is a top priority for the
development of the Organization for Economic Cooperation and Development (OECD). OECD
policy tools, such as the "Digital Policy Framework" and the approved national program
"Digitalization for Recovery in Ukraine", envisage that in the long-term perspective (2026-
2032) Ukraine can focus on creating a sound data infrastructure for measuring the digital
economy [1].

The processes of digital transformation in domestic SMEs — the transformation of their
business strategies, models, operations, goals, marketing approaches, etc. towards increased
use of digital technologies and improved efficiency, — are slow and underdeveloped. One of
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the problems is the lack of necessary knowledge among entrepreneurs regarding the
application of innovative digital technologies, as well as the insufficient number of tools
(platforms, services, or applications) that would allow them to assess the current level of
digital maturity of individual enterprises and at the same time provide a roadmap of digital
opportunities for business transformation. Clustering SMEs by the level and types of digital
maturity will allow to understand the current state of digitalization, identify problem groups
of enterprises and bottlenecks in the process of digital transformation, as well as recommend a
reasoned systemic program of actions for effective digital growth.

2. Related works

The process of digitalization of business and the use of digital technologies in activities is the
subject of many scientific studies. Thus, in the work of J. Cenamor, V. Parida, and J. Vincent,
the relationship between the use of digital platforms and small business performance
indicators is analyzed [2]. Features of the use of digital business models are highlighted in the
works of N.Ivanchenko, Zh. Kudrytska, K. Rekachynska [3], N.Kraus, O.Holoborodka,
K. Kraus [4]. Digital transformation is proposed to be considered as "processes that aim to
improve an economic entity by triggering significant changes in its properties through a
combination of information, computing, communications and connectivity” [5]. Digital
transformation affects business processes, operational procedures, and organizational
capabilities [6], requiring enterprises to update workforce skills, achieve a certain level of
digital maturity, and improve productivity and efficiency.

R. Ochoa in [7] summarizes and forms the semantic core of literature reviews of various
scientists regarding the definition of the digital maturity models. Domestic scientists pay
attention to factors specific to Ukraine (in particular, the low level of digital literacy of society
and cyber security, insufficient regulatory and legal regulation of digitalization), which reduce
the interest of small businesses in the digitalization of business processes [8, p. 231; 9, p. 58].
In connection with this, an important direction of scientific research in the field of digitization
is the study of the peculiarities of the formation of the digital space in Ukraine, as well as the
participation of the state in the institutional and legal regulation of this process (O.
Pishchulina [8], H. Zhekalo [9], H. Karcheva, D. Ohorodnia, and V. Open'ko [10]).

Investigating the use of digital tools by business organizations [11, 12], the authors
developed methodologies for applying mathematical and computer modeling methods to
measure the level of digital transformations [13, 14]. The main methodological tool of this
study is cluster analysis. General problems of clustering are fully covered in the sources [15,
16]. Authors of scientific studies use diversified methods of cluster analysis, depending on the
problem to be solved. Thus, in the scientific works of C. Iyigun, M. Tiirkes, I. Batmaz, C.
Yozgatligil, V. Purutcuoglu, E. Kartal, M. Oztiirk [17] and K. Sablin, E. Kagan, E. Chernova [18]
use hierarchical clustering methods, K. Gorbatiuk, O. Mantalyuk, O. Proskurovych, O. Valkov
in [19] study fuzzy clustering methods. Cluster analysis is often used in scientific works by
both domestic and foreign authors to perform macro analysis, namely the differentiation of
socio-economic development of regions. Works [20, 23-25] are devoted to various directions
of building clusters among the regions of Ukraine. As for tasks at the micro level, many
scientific works are focused on the study of financial transactions in banking institutions and
trade organizations. The work of foreign authors, M. R. Pinto, P. K. Salume, M. W. Barbosa, P.



R. de Sousa [26], is quite interesting and informative, in which the clustering of retail trade
enterprises in relation to the levels of digital maturity according to five dimensions - strategy,
market, operations, culture and technology. It is proposed to consider culture as a driver of
digital transformation.

The importance of digital education, awareness, and skills for entrepreneurship, as well as
the use of data analysis techniques in digital business transformation processes, has been
discussed in the works of domestic and foreign scientists [27-31]. However, the question of
clustering business structures by the level of digital maturity in order to develop practical
recommendations for digital transformation currently requires further study.

3. Methodology for assessing the level of digital maturity of
Ukrainian enterprises

Many countries have their own methodologies, frameworks, and tools for measuring digital
maturity and digital transformation of business structures. For example, the UK uses diverse
tools (Digital Acceleration Index (DAI) (Boston Consulting Group (BCG) and Google), The
Digital Scorecard (Lloyds Bank), Digital Maturity Assessment (Department for Digital,
Culture, Media & Sport (DCMS)), Digital Capability Assessment Tool (Department for
Business, Energy and Industrial Strategy (BEIS)), Digital Business Academy Assessment (Tech
Nation, a UK-based network for entrepreneurs)) based on different methodologies to
understand the situation of digital business development. Collecting and processing relevant
data provides an understanding of the development and implementation of various digital
technologies and enables the formation of digital transformation "roadmaps".

The current state of digital technologies in domestic businesses sharply differs from the
world. The use of international methodologies to determine the level of digital maturity in
business using relevant indicators is not acceptable for domestic realities due to the low
overall level of the use of digital technologies in the economic space. The low level of
awareness of small and medium-sized enterprises about the opportunities for integrating
technologies into their business processes hinders the development of companies and creates
difficulties in the entry of domestic businesses into the international arena. Therefore,
research on the development of digital transformation indicators for businesses, regular
assessments of digital development, and the implementation of regular, systematic statistical
observations [11, 12] deserve special attention.

It is necessary to develop our own methodology for determining the digital transformation
index of businesses with corresponding indicators that reflect the current state of affairs,
provide a deep analysis of the digital maturity indicators of business structures and take into
account their dynamics, while remaining flexible to quickly respond to new economic
processes and phenomena and ensure further alignment with international methodologies for
comparing Ukraine with the most developed countries in the world.

A methodology for determining the Digital Transformation Index “HIT” of domestic SMEs
was proposed in [14]. It allows not only to evaluate the level of digital maturity of a business
structure but also obtain a vector of digital development strategy. The main indicators of the
HIT index are:



*  Humans (H): digital literacy (competence) of human capital, which is defined as the
ability of an employee to perform complex tasks and requirements that involve both
professional and personal digital skills.

* Instruments (I): use of digital tools, which includes components such as social media
management, website functioning and search engine optimization, work with
specialized business process automation systems, etc.

* Technologies (T): use of digital technologies, that is, the level of enterprise
infrastructure provision with necessary equipment (personal computers, laptops,
smartphones) and broadband Internet.

The value of the Digital Transformation Index is calculated as a weighted sum of the
values of the three corresponding indicators:

HIT=0, Y by+w, D by ip,bie HIT €[0;1]; (1)

where Z by 6 — the aggregated indicator of the digital literacy level of the organization's
human capital; Z ;6 — the aggregated indicator of the functioning of digital tools integrated
into the organization's business processes; Z (pé — the aggregated indicator of the
functioning of the organization's digital infrastructure; Wy, @;, W; — the respective weight
factors of the indicators, where W+ @ +w;=1.

The weight factors were obtained by expert evaluation: 0,;=0.3, ®,=0.5,w;=0.2.

The aggregated indicators Z 4y & for each of the indicators H, I, T are calculated using

formula:

2
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where Z by & — the aggregated value of indicator X (H, I, or T);

my — the number of components of indicator X;

(x)

n;”’ - the functioning level of the i component of indicator X;

kEX> — the weight factor of the i component of indicator X.

Depending on the obtained value of the HIT index, such gradations for the levels of digital
maturity of domestic SMEs were determined: [0; 0.2) is considered very low; [0.2; 0.4) — low;
[0.4; 0.6) — medium; [0.6; 0.8) — high; and [0.8; 1] — very high.

4. Dataset description

The dataset represents the results of a survey conducted through Google Forms among
Ukrainian entrepreneurs. Thirty four representatives of various small and medium-sized
businesses registered in the Ternopil region participated in the survey. Participants were
asked to answer 29 questions related to the level of digitization of business activity based on



the components of the HIT index. The set of responses was defined as an experimental
dataset.

The answers of N respondents to M questions formed a matrix of dimension ( N x M ) Itis
assumed that each participant U, answered each of the questions q,. Thus, each surveyed
participant is represented in the form of the vector: ﬁ;z{uil,uiz,..., Upeseens us}, where Uy, is

the answer of the ith participant to the kth question. Each specific vector below in the work is
considered a point.

Questions
" 91 42 43 - G - Qy
Blu = wyy Uy Uz e Ugg e Ugy
% Uy = Uy Upy Upz e Usg e Uy
8| =
| Uv = Uni Unz Uyz o Uy o Uny

Figure 1: Matrix of Answers.

Encoding was used to transform categorical data into numeric data (Figure 2).

organization_ import_ business_ computer_ mobile_ |internet_c ict_spec_ | ict_spec .. basket_ seo_opti smm_fb_i smm_ smm_effe google_
D Name . A A ) web_site . L. . fb_ads
type export = model equipment devices onnection expernal _internal chain  mization nst other | ctiveness ads

1 Respondentl 1 0 0 2 2 0 0 0 0 0 1 0 0 0 0 0
2 Respondent2 1 0 0 2 2 1 1 0 0 0 0 1 0 2 0 0
3 Respondent3 1 0 0 2 2 1 1 2 0 0 0 2 0 2 0 0
4 Respondent4 1 0 0 2 2 2 1 2 1 1 2 2 0 3 3 0
5 Respondent5 0 0 0 0 0 2 1 2 0 0 0 0 0 0 0 0

Figure 2: The table portion of the input dataset with encoded values.

All procedures related to data processing were performed in a specially developed software
application using Python. Python libraries used at various stages of the research:

* scikit-learn - for using clustering algorithms and computing quality metrics;

* scipy — for computing distance matrices based on a dataset;

*  matplotlib - for visualizing obtained data in the form of graphs;

* pandas - for storing and manipulating a dataset in a special structure, a dataframe.

5. Choice of Clustering Specifications

After obtaining the values of the three components of the HIT index for each SME, the data
set consisted of 34 items with 3 numerical attributes. Clustering of preprocessed data using
the defined method and distance measure was performed sequentially using the number of
clusters from 2 to 8. For each obtained clustering model, quality metrics (Silhouette, Calinski-



Harabasz, and Davies-Bouldin indices) were calculated. Based on visual analysis of the
dependencies, the optimal number of clusters was selected. The Figure 3 shows the quality
index dependence plots on the number of clusters obtained for agglomerative clustering using
cosine distance and Ward linkage.

Silhouette index score by number of clusters
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Figure 3: Choosing the optimal number of clusters by: (A) - Silhouette Coeflicient, (B) -
Calinski-Harabasz Index, (C) — Davies-Bouldin Index.

As it is shown in the Figure 3, local maxima of the Silhouette index and Calinski-Harabasz
index are achieved at 3 and 8 clusters. At the same points, local minima are observed for the
Davies-Bouldin index. Considering the features of the given problem, the value of 8 clusters
seemed too large for the dataset with 34 points, so 3 clusters were chosen.

Since the concept of distance metric is used only for two clustering methods:
agglomerative and OPTICS, the selection of criteria set: distance, number of clusters,
neighbors was carried out only for them. For each distance metric, the optimal number of
clusters was determined. Then, among all the used distance metrics, the one that showed the
best results for the current method was selected. The tabular result of such comparison for the
agglomerative method is shown in Table 2.



Table 2
An example of choosing the optimal metric and number of clusters

Metric used for Number of Silhouette Davies-Bouldin Calinski-
intracluster Clusters Coefficient Index Harabasz
distance Index

Euclidean 3 0.34 1 18
Cosine 3 0.65 1.4 11
Manhattan 7 0.36 0.9 18
Chebyshev 4 0.36 1 17
Hamming 7 0.13 3 3.5

A similar evaluation was conducted for each used method and distance measure. For each
of the methods used, a summary analytical table was compiled with the main characteristics
of the formed clusters (Tables 3-7). The figures also show a scatter plot of the dependence of
the HIT index on the level of use of digital instruments (on the left) and a bar chart of clusters
by HIT index value (on the right). The elements that belong to one cluster are highlighted in
the same color.

1. The dataset was divided into 3 clusters using the K-means clustering algorithm. As seen
in the scatter plot in the Figure 4, the clusters almost do not intersect with each other and
contain sufficiently similar elements inside. Cluster #2 (blue dots) is clearly highlighted and is
located at the bottom of the graph in terms of the value of the HIT index to the use of digital
tools. Cluster #1 contains most of the points that are located within the intervals of both the
HIT index value and the use of digital tools. Cluster #3 is characterized by the highest index
values.

Members of Cluster #1 are partially effective in using social networks but do not use their
own websites, advertising or analytics tools, while having sufficient technical equipment. The
literacy of the human capital is at an elementary level (Table 3).

Cluster #2 shows similar indicators to Cluster #1, except that they do not use social
networks or use them inefficiently, and the companies lack sufficient technical equipment. In
contrast, Cluster #3 includes respondents who more effectively use the necessary digital tools:
websites, social networks, advertising, and have sufficient human capital literacy.

2. Using the agglomerative method, the Euclidean distance measure and Ward linkage
allowed for a fairly good result in dividing into 3 clusters (Figure 5). It can be noted that there
is a fairly good separation of Cluster #2 (blue dots), which contains respondents with the
lowest HIT index values. Additionally, Clusters #1 and #3 are fairly spread out in space,
although they do overlap in a few points. Comparison of the main characteristics of the
formed clusters is presented in the Table 4.

HIT index value by indicator “I” HIT index value by participants
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Figure 4: Results of clustering using the K-means method with Euclidean distance.

Table 3

Main characteristics of the clusters formed by the K-means method with Euclidean distance

K-means

Cluster # 1 (18)

Ranges of Indicator values:
H e [0; 0,364]
| € [0,128; 0,614]
T € [0,7; 1]
Weighted Sum (HIT) € [0,234; 0,56]

Cluster # 2 (8)

Ranges of Indicator values:
H ¢ [0; 0,364]
| € [0,067; 0,657]
T € [0;0,5]
Weighted Sum (HIT) € [0,11; 0,488]

Cluster # 3 (8)

Ranges of Indicator values:
H e [0,636; 1]
| e [0,29; 0,826]

T e [051]
Weighted Sum (HIT) e [0,44; 0,91]

Percentage Percentage Percentage
Status of cases Status of cases Status of cases
Website availability, Not . -
optimization and Not optimized 61.1% ontimized 70.0% Optimized 70.0%
effectiveness P
Social media Not Effectivel 70.0%
availability and Effectively 50.0% - 70.8% ectively 0%
effectiveness effectively
Use of online .
advertising and Not used 741% Not used 91.6% Used 58.3%
analytics
Use of specialized o o Not used 71.4%
management systems Not used 80.2% Not used 73.2%
Use of specialized o o Not used 87.5%
technical systems Not used 96.4% Not used 79.2%
Level of technical . 0 Not 0 Satisfactor 83.3%
support Satisfactory 98.1% satistactory 62.5% Yy
Intermediate
sevel of Digital Basic 50.0% Basic 625%  orabove 87.5%
y intermediate
Communication With the use With the use With the use 75.0%
channels of ICT 747% of ICT 83.3% of ICT :




Silhouette Coefficient 0.411
Calinski-Harabasz Index 24.105
Davies-Bouldin Index 0.889

Cluster #1 members, who belong to the area with the highest indicator values, effectively
use the website and social media, and also have a level of digital literacy that is at or above the
average for most respondents. In contrast, Cluster #2 is characterized by ineffective use of
digital tools for most members, as well as low digital literacy and unsatisfactory technical
equipment for more than half of the surveyed. Cluster #3 has a certain intensity of social
media use, but low indicators in other areas, such as elementary level of digital literacy among

employees.
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Figure 5: Results of clustering using the Agglomerative method with Ward linkage.

Table 4

Main characteristics of the clusters formed by the Agglomerative method with Ward linkage

Cluster # 1 (9)

Ranges of Indicator values:

Cluster # 2 (8)

Ranges of Indicator values:

Cluster # 3 (17)

Ranges of Indicator values:

: H e [0,2;1] H e [0;0,364] H € [0; 0,364]
Agglomerative I ¢ [0,097; 0,826] I ¢ [0,067;0,357] I ¢ [0,097; 0,614]
T e [0,25; 1] T € [0;0,7] T e [0,751]

clustering

Weighted Sum (HIT) € [0,43; 0,91]

Weighted Sum (HIT) € [0,11; 0,26]

Weighted Sum (HIT) € [0,28; 0,56]

Percentage Percentage Percentage

Status of cases Status r of cases Status of cases
Website availability, o . Not o
optimization and Optimized 68.9% Not optimized 80.0% optimized 60.0%
effectiveness
Social media )
availability and  Effectively 70.3% Not effectively 75.0% Effectively 51.0%
effectiveness
Use of online Not used 55.6% Not used 100.0% Not used 72.5%
advertising and




analytics

Use of specialized

management Not used 65.1% Not used 82.1% Not used 79.8%
systems
Use of specialized 88.9% 79.2% Not used 98.0%
technical systems Not used Not used
Level ‘of technical g ystactory 778%  Notsatisfactory ~ 58:3% Satisfactory ~ 100.0%
support
- Intermediate or
I_Ifevel of  Digital above 83.3% Basic 75.0% Basic 70.6%
iteracy intermediate
- - . With the use
Communication With the use of 77.8% With the use of 75.0% 76.5%
channels ICT ICT of ICT
Silhouette Coefficient 0.398
Calinski-Harabasz 22.497
Index
Davies-Bouldin Index 0.954

3. Using OPTICS with Chebyshev distance metric and a minimum of 7 points for cluster
formation. Despite obtaining an optimal value for quality metrics, the clustering itself was not
successful from a practical standpoint. As can be seen in the visualization in the Figure 6, the
clusters contain almost the same number of members. Additionally, the clusters were
distributed as internal and external, making it impossible to establish fundamental differences
between them, as seen in the analytical Table 5.
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Figure 6: Results of clustering using the OPTICS method with Chebyshev distance and 7

neighbors.

The reason for this result is that OPTICS belongs to density-based algorithms, and the
basic data set does not contain dense areas. Therefore, the internal cluster (green) turned out




to be an artificial area with dense values, while the external one was marked as outliers,
meaning values that do not carry any value.

4. The Affinity Propagation method doesn’t depend on the number of clusters and distance
measures, so its results represent the inherent data structure without any user influence. As
seen in the Figure 7 and Table 6, the data was divided into 6 clusters. Some of the clusters
(such as #1, #5 and #6) are quite distinct from the others. At the same time, clusters #2, #3 and
#4 overlap somewhat with other clusters. The distribution of respondents based on the value
of the HIT index clearly highlights the cluster leader (#5), as well as the clusters with the
lowest values (#2 and #4). Clusters #1, #3 and #6 consist of respondents with average and
above-average values of the index.

Clusters #1, #3 and #5 are quite similar to each other, as can be seen from the table.
However, it is interesting that about 2/3 of the participants in cluster #1 are successfully using
the website and social media, although they rate the level of human capital literacy as
elementary.

Table 5
Main characteristics of the clusters formed by the OPTICS method with Chebyshev distance
and 7 neighbors

Cluster # 1 (18) Cluster # 2 (16)
Ranges of Indicator values: Ranges of Indicator values:
e [Ouzor 000 [ 'E'o 86[70;(; ]826]
I ¢ [0,128;0,614 ¢ [0,067; 0,
OPTICS el 0.7 1] ] Te [0; 1
Weighted Sum (HIT) e [0,23; 0,56] Weighted Sum (HIT) € [0,13; 0,91]
Percentage Percentage
Status of cases Status of cases
Website availability, optimization and Not optimized 61.1% Not optimized 51.3%
effectiveness P P
Social media availability and . 50.0% ) 50.0%
effectiveness Effectively ° Effectively o
Use of online advertising and analytics Not used 74.1% Not used 75.0%
Use of specialized management systems Not used 80.2% Not used 72.3%
Use of specialized technical systems Not used 96.3% Not used 85.4%
Level of technical support Satisfactory 100.0% Satisfactory 60.4%
Level of Digital Literacy Basic 69.4% saterncdiaieion 56.3%

above intermediate
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Figure 7: Results of clustering using the Affinity Propagation method

In contrast, cluster #4 has a high value of digital literacy, but only slightly more than half
of the participants are successfully using digital technologies (given the size of the cluster, this
may be within the margin of error). Cluster #5 is the smallest, but consists of respondents with
the highest level of digital tool usage and transformation index value. Clusters #2 and #4 are
characterized by inefficient use of digital resources. The difference between them lies in the
value of the digital literacy indicator. Cluster #6 is also interesting, as it showed the
effectiveness of social media use at low levels of other indicators.

5. The Gaussian Mixture Expectation-Maximization soft clustering algorithm divided the
dataset into 3 clusters; visualization is shown in the Figure 8. Cluster #2 (blue dots) is dense,
with its HIT index values falling in the interval with the mean values, indicating the use of
digital tools. Slightly higher values can be observed in cluster #3, which is also well grouped.

In contrast, the largest cluster #1 is very dispersed and contains points with both the
lowest and highest values of HIT index components. The points in this cluster, shown in
green, are located around the perimeter of the scatter plot. Such dividing is likely due to the
initial dataset being far from a normal distribution.

In Cluster #1, half of the respondents do not use digital tools, although almost 70% of those
surveyed claim to have an average or high level of digital literacy. In Cluster #2, the majority
do not use modern capabilities, despite that all respondents have a basic level of technical
means.



Table 6

Main characteristics of the clusters formed by the Affinity Propagation method

Cluster # 1 (7)

Ranges of Indicator values:

Cluster # 2 (5)

Ranges of Indicator values:

Cluster # 3 (5)

Ranges of Indicator values:

A H e [0;0,2 H € [0;0,2 H e [0,636; 0,8]
Affinity le [o,g4; 0,6]1] le [0,0([37; o,es]57] e [?60357;8,;%]
i Te{1 T ¢ [0,5; 0,7 € [0,25; 0,
Propagation Weighted Sum (EI:-II'i')}e [0,37; 0,56] Weighted sum ([HIT)e [o],13; 0,488] Weighted Sum (HIT) e [0,43; 0,66]
Percentag Percentage Percentag
Status e of cases Status of cases Status e of cases
Website availability,
optimization and Optimized 60.0% Not optimized 64.0% Optimized 52.0%
effectiveness
Social media
availability and Effectively 66.7% Not effectively 66.6% Effectively 53.3%
effectiveness
Use of online
advertising and Not used 52.4% Not used 86.7% Not used 60.0%
analytics
Use of specialized  Notused 81.6% Not used 71.4% Not used 74.2%
management systems
Use of specialized  Notused 100.0% Not used 66.6% Not used 93.3%
technical systems
Level ~of technical gatisfactory 100.0% Satisfactory 53.3% Satisfactory 86.7%
support
Intermediate or
Level of Digital Literacy Basic 85.7% Basic 70.0% above 80.0%
intermediate
Communication With the use of 85.79% With the use of 66.6% With the use of 73.3%
channels ICT e ICT = ICT e
Cluster # 4 (4) Cluster # 5 (3) Cluster # 6 (10)
Ranges of Indicator values: Ranges of Indicator values: Ranges of Indicator values:
H e [0;0,36] H ¢ [0,636; 1] H € [0,1;0,36]
| € [0,12; 0,36] | e [0,43; 0,83] I e [0,097; 0,369]
T ¢ [0;0,25] T ¢ [0,9; 1] ) T e [0,75; 1]
Weighted Sum (HIT) € [0,11; 0,20] Weighted Sum (HIT) € [0,61; 0,91] Weighted Sum (HIT) € [0,28; 0,43]
Percentag Percentage Percentag
Status e of cases Status r of cases Status e of cases
Website availability,
optimization and Not optimized 85.0% Optimized 93.3% Not optimized 72.0%
effectiveness
Social media
availability and Not effectively 75.0% Effectively 100.0% Effectively 60.0%
effectiveness
Use of online Not used 100.0% Not used 55.5% Not used 86.7%
advertising and




analytics

Use of specialized  Notused 78.6% Not used 66.6% Not used 78.6%
management systems

Use of specialized  Notused 91.6% Not used 88.9% Not used 96.7%
technical systems

Level ~of  technical Not 75.0% Satisfactory 100.0% Satisfactory 100.0%

support satisfactory
Intermediate or
Level of D|g|ta| Literacy Basic 75.0% above 100.0% Basic 60.0%

intermediate

With the use of With the use of With the use of

gﬁa:m;gicaﬁon oT 91.7% o7 77.8% o7 70.0%
Silhouette Coefficient 0.351
Calinski-Harabasz Index 21.607
Davies-Bouldin Index 0.931

The Cluster #3 shows moderate success in using simple tools, such as a website and social
networks, provided that 80% of respondents consider the digital competencies of their
employees to be basic. Another observation is that half of the respondents use, for example,
analytics and half do not, making it impossible to identify precise distinguishing features
between the clusters.
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Figure 8: Results of clustering using the Gaussian Mixture (EM-method)

Analytical data with the main characteristics of the formed clusters are presented in the
Table 7.

Table 7



Main characteristics of the formed clusters by the Gaussian Mixture (EM-method)

Gaussian
Mixture (EM)

Cluster #1 (17)

Ranges of Indicator values:
H e [0; 1]
| e [0,067; 0,826]
T ¢ [0; 1]
Weighted Sum (HIT) € [0,13; 0,91]

Cluster # 2 (9)

Ranges of Indicator values:
H € [0,1;0,364]
| e [0,097; 0,369]
T € [0,75; 1]
Weighted Sum (HIT) € [0,28; 0,43]

Cluster # 3 (8)

Ranges of Indicator values:
H € [0;0,2]
1 € [0,319;0,614]

Te {1}
Weighted Sum (HIT) € [0,37; 0,56]

Percentage Percentage Percentage of

Status of cases Status of cases Status cases
Website availability, o .
optimization and Not optimized 61.1% Not optimized 70.0% Optimized 70.0%
effectiveness
Social media ) .
availability and  Effectively 50.0%  Not effectively  70.8% Effectively 70.0%
effectiveness
Use of online .
advertising and  Notused 74.1% Not used 91.6% Not used 58.3%
analytics
Use of specialized Not used 71.4%
management systems Not used 80.2% Not used 73.2% °
Use of specialized Not used 87.5%
technical systems Not used 96.4% Not used 79.2% °
Is‘ﬁgﬁloﬂ of technical Satisfactory 98.1% Satisfactory 62.5% Satisfactory 83.3%

Intermediate or )
Level of Digital Literacy above 50.0% Basic 62.5% Basic 87.5%
intermediate

Communication With the use of With the use of With the use of o
channels ICT 74.7% ICT 83.3% ICT 75.0%
Silhouette Coefficient 0.192
Calinski-Harabasz Index 8.578
Davies-Bouldin Index 1.352

It is worth noting that the level of digital literacy of employees has a significant impact on
the overall state of digitalization of the enterprise. If the level of digital literacy of employees

is defined as elementary, then such an enterprise lacks websites, social networks and other
used tools. As the digital literacy of employees increases, the percentage of use of tools and
technologies increases, so investing in people is seen as an important contribution to the
success of digitalization. It is interesting that the level of technical equipment does not have a
significant impact on the overall digital level of the enterprises.



6. Conclusions

The paper presents 5 data clustering models for understanding the current state of
digitalization of business processes among small and medium-sized enterprises in the Ternopil
region of Ukraine. The Digital Transformation Index "HIT" was used for numerical
measurement of the current level of digital maturity of domestic enterprises. Clustering of
enterprises was based on numerical values of three indicators — components of the Digital
Transformation Index. A special software application was developed in Python programming
language for solving the task. Various approaches to clustering model construction were
implemented using built-in methods of the scikit-learn library for Data Mining problems. Four
hard clustering methods (K-Means, Affinity Propagation, Hierarchical clustering, OPTICS) and
one soft clustering method using the EM algorithm (Gaussian Mixture) were used. The
Silhouette Index was used as the main quality metric. From the perspective of similarity
between elements within groups and differences between different clusters, the best results on
the dataset were demonstrated by Affinity Propagation, Ward's hierarchical clustering with 3
clusters, and K-Means with a division into 3 clusters. Analysis of the constructed models
showed that high values of quality metrics do not always indicate an optimal and effective
division into groups that can be successfully interpreted. New valuable ideas were obtained
regarding the importance of individual components of the Digital Transformation Index.
Common features of the obtained groups of enterprises, their strengths and weaknesses in the
use of digital tools and digital literacy of human capital were identified. In the future, stable
formed clusters can be used for classifying new surveyed enterprises and identifying
significant attributes with the greatest impact on the value of digital maturity of the subject or
for developing a methodology for providing recommendations to improve the level of digital
maturity of the enterprise.
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