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Abstract. Categorical features are a common type of data used in data analysis, but their non-metric nature
makes it difficult to apply standard clustering algorithms. The relevance of the study is conditioned by the
need to assess the impact of different methods of recoding (digitisation) of such features on the effectiveness
of cluster analysis. The purpose of the study was to investigate how different techniques of categorical data
processing affect the quality and structure of clusters. The methodology included the implementation of three
models with different approaches to variable coding: without taking into account domain specifics, considering
the content of the features, and with alternating the order of application of clustering and dimensionality
reduction approaches. LabelEncoder, OrdinalEncoder, One-Hot Encoding, Mapping, and MultiLabelBinarizer
were used for coding. In each of the models, clustering was performed using two algorithms - K-Means and
agglomerative clustering, which allowed comparison of their sensitivity to changes in data representation. The
t-SNE dimensionality reduction method was used to visualise the cluster structure in two-dimensional space.The
quality of clustering was evaluated using the Silhouette Score, Dunn Index, Davies-Bouldin Index, and Calinski-
Harabasz Index metrics. The data for the analysis were obtained from an open source and contained information
about the psycho-emotional state of students. The study found that the basic recoding of categorical features
without considering their semantics and context negatively affected the quality of clustering, reducing the
accuracy of the division and complicating the interpretation of the results. Instead, the use of domain-oriented
coding approaches ensured the development of clusters with clearer boundaries and a more logical internal
structure. In addition, it was found that changing the sequence of clustering and dimensionality reduction
affects the preservation of local relationships in the data. It was analysed that different approaches change both
the number and quality of clusters, which was reflected in the values of the evaluation metrics. The practical
significance of the results lies in the possibility of their application by data analysts and machine learning
specialists to improve the accuracy of segmentation of complex categorical data
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INTRODUCTION

Most of the real data contains categorical features
that characterise the qualitative properties of objects,
such as colour, product type, geographical location, lev-
el of education, or disease category. Unlike numerical
variables, which have a natural order and clear met-
ric interpretation, categorical data does not have a nu-
merical equivalent or internal metric structure, which
makes it difficult to use them directly in standard clus-
tering algorithms. Most clustering algorithms operate
in numerical spaces by applying distance metrics or
similarity measures that cannot be directly applied to
categorical features. To overcome this problem, a num-
ber of coding techniques have been developed that al-
low transforming categorical variables into numerical
representations.Among the most common methods are
one-hot encoding, which converts categories to binary
vectors, and label encoding, which assigns each catego-
ry a unique numeric code.

Choosing a coding technique is not a trivial task,
as it can significantly affect the results of clustering. It
is the way categorical variables are represented that
determines how the algorithm interprets distances or
similarities between objects, and therefore, how clus-
ters will form. Accordingly, there is a need for a system-
atic study of various techniques for encoding categori-
cal variables and their impact on cluster development.
This includes analysing how different coding approach-
es change the distribution of objects in clusters, affect
their compactness and separability.

Studies confirm that the choice of categorical fea-
ture coding technique significantly affects the quality
of clustering and the interpretability of the resulting
groups. Thus, M. Anitha et al. (2025) proposed a new
Chi-Square target Encoding (CSTE) approach that uses
chi-square statistics to estimate the association be-
tween categories and the target variable. This meth-
od allows efficient storage of information during the
transformation of categorical features into numerical
representations, which positively affects the accuracy of
clustering. CSTE demonstrated an advantage over con-
ventional methods such as one-hot encoding and fuzz-
ification, achieving an average accuracy gain of 3.94%,
and high F1 and AUC values for various data sets.

Similarly, Z. Liang (2025) proposed new encoding
methods for highly cardinal categorical variables, in
particular, low-level encoding and logistic regression,
which allows reducing the dimension of data with-
out losing important characteristics. These methods
provide compact and informative feature vectors that
help to improve clustering efficiency and reduce the
risk of overtraining. The study showed significant im-
provements in model performance and computation-
al efficiency compared to conventional methods such
as one-hot encoding, especially when working with
large data sets.

In the field of medical research, H. Hafid & S. An-
nisa (2025) applied K-Medoids and K-Prototypes
techniques to cluster hypertensive patients, demon-
strating the importance of successfully selecting cat-
egorical variable encoding for accurate grouping of
medical data. The researchers noted that the use of
the K-Prototypes algorithm, which combines cluster-
ing of numerical and categorical features, provides a
more adequate development of patient groups com-
pared to conventional methods based only on numer-
ical data.The researchers emphasised that the correct
choice of categorical variable coding techniques sig-
nificantly affects the accuracy and stability of cluster-
ing, which is critical for medical applications where
segmentation accuracy directly affects the quality of
diagnosis and treatment.

Clustering as a method for identifying groups
in data largely depends on how categorical features
are transformed into numeric spaces. According to
AM. lkotun et al. (2023), the K-Means algorithm re-
mains one of the most common clustering methods,
especially in big data environments. However, its ef-
ficiency is significantly reduced when working with
categorical variables without proper transcoding,
which can lead to distortion of the cluster structure
and reduce the accuracy of the results. E.K. Tokuda et
al. (2022) concluded in their paper that agglomer-
ative clustering methods, in particular, those based
on different merge criteria (single, average, median,
complete, centroid, and Ward), demonstrate flexibility
in working with different data types. However, these
methods are also prone to detecting false-positive
clusters, especially in conditions of homogeneous
data distributions. This highlights the importance
of carefully choosing categorical feature encoding
methods, since incorrect transformation can lead to
the development of clusters that do not reflect the
actual data structure. However, the literature does
not pay enough attention to the direct impact of cod-
ing techniques on the cluster structure, which leaves
room for further research in this area.

An additional aspect related to preparing data for
clustering concerns dimensionality reduction. Accord-
ing to N.E. Kondruk (2023), the use of dimensionality
reduction techniques is an important prerequisite for
improving the efficiency of machine learning models.
The researcher considered several techniques, in par-
ticular, Principal Component Analysis (PCA), Isometric
Mapping (Isomap), Uniform Manifold Approximation
and Projection (UMAP), and t-SNE, and concluded
that t-SNE provided the best predictive results for the
problem of classifying high-dimensional data and that
the use of advanced methods of reducing the dimen-
sion of data can contribute to the construction of more
efficient models.
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Overall, research confirms that conventional meth-
ods such as one-hot encoding and label encoding have
limitations, especially when working with large data
sets. New approaches that consider statistical rela-
tionships between categories can improve the quality
of clustering and reduce overlap between groups. The
purpose of this study was to conduct a comparative
analysis of the influence of various techniques for en-
coding categorical features on the quality and structure
of clusters in machine learning problems.

This study examined how different approaches to
encoding categorical data can change the distribution
of objects in clusters and which methods provide the
best performance in different data contexts. In addi-
tion, the application of various clustering methods and
clustering quality indices was considered to evaluate
the effectiveness of different techniques for encoding
categorical features using the example of segmenting
students according to their psycho-emotional health.

MATERIALS AND METHODS

Clustering was evaluated using internal, external, and
graphical methods. Internal methods were based on
the characteristics of the data itself and did not require
external information. One of the main indicators was
the silhouette coefficient, which evaluated the quality
of clustering by analysing the grouping of objects with-
in clusters and their isolation from other clusters. The
value varied from -1 to 1, where higher values indicated
better cluster separation (Kondruk, 2019). In addition,
the Davies-Bouldin index was used, which measured
the average similarity between clusters and their res-
olution (lower values indicate better clustering) (We-
gmann et al., 2021). The Akaike Information Criterion
(AIC) helped to assess the complexity of the clustering
model: lower values indicate a better balance between
the quality of clustering and the number of model pa-
rameters (Sanchez Vinces et al., 2025).

External methods considered comparisons with
reference distributions or correct cluster labels. Graph-
ical methods included a dimensionality reduction
procedure for visual evaluation of clusters. The PCA
method was previously tested, but due to the nonlinear
nature of the data and the lack of linear relationships in
the dataset under consideration, it was not applicable.
Instead, the nonlinear t-SNE method was used, which
better preserves local distances between points and al-
lowed estimating the density and overlap of clusters in
two-dimensional space.

The K-Means method is a clustering method de-
signed to split data into k clusters. Its purpose was
to split data into a predefined number of clusters
(K) so that objects within one cluster have a greater
similarity to each other than objects in other clusters
(Lloyd, 1982). Agglomerative clustering is a hierarchi-
cal analysis method that begins with each object being
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treated as a separate cluster. The algorithm gradually
combines the two nearest clusters at each stage, un-
til all objects form one large cluster. This approach al-
lowed investigating the data structure and visualising
relationships between objects (Miyamoto, 2022; Sier-
anoja & Franti, 2025; Behzadidoost & lzadkhah, 2025).

For experiments, data on the psychoemotional
health of students were taken. Data set based on the
survey by VA, Ashfaq (n.d.), consisted of 87 entries and
21 attributes and contained information about stu-
dents, their students, and their educational experience,
psychological state, and social aspects of life. The study
was conducted in accordance with the ethical princi-
ples set out in the Declaration of Helsinki (World Medi-
cal Association’s Declaration of Helsinki, 2013).

In this regard, the study focused on three differ-
ent models for transcoding categorical variables, each
of which offered a unique approach to transforming
the original data. Model 1: data was transcoded with-
out considering their nature, which allowed creating a
neutral representation of variables for further analysis,
followed by data compression and clustering. Model 2:
data transcoding was performed considering feature
domains, which allowed more accurately reflecting
their essence and ensuring correct representation, then
data compression and clustering occurs. Model 3: data
was transcoded based on its nature, then the data was
clustered, and only then the dimensionality reduction
method was applied for further visualisation.

In Model 1, label encoder, ordinary encoder, and
mapping methods were used to process categorical
features, depending on their nature. This approach al-
lowed getting a neutral representation of the source
data and minimising the impact of subjective as-
sumptions about their semantics. The label encoder
method was used to transcode columns such as ‘gen-
der”, “degree_level”, “residential_status”, and “campus_
discrimination” This method converted attributes to
numeric values, while maintaining easy transcoding.
It was ideal for signs where there is no natural order,
such as gender, educational level, and others. Based
on this, the method minimised the complexity of
analysis, ensuring ease of working with data. The or-
dinary encoder method was applied to the “university”
and “degree_major” columns. This approach allowed
organising categories in a numeric format, which can
be important for maintaining the order of values. For
example, in the case of universities and education-
al specialities, the method allowed comparing their
unique values with numbers for more convenient
further processing.

Category mapping using the dictionary was used
for the “academic_year”, “cgpa”, “sports_engagement”,
“average_sleep”, and “stress_relief activities” columns.
This approach allowed manually mapping text values
to numeric values, which was especially convenient for
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displaying categories with a natural sequence or sim-
plifying multidimensional data into a single numeric
form. For example, in the “academic_year” column, the
sequence of academic years is represented in numer-
ical form to maintain a logical order, and the ranges
of GPA scores in the “cgpa” column were displayed in
numerical averages. Similarly, the degrees of activity
in sports, sleep hours, and relaxation activities were
transcoded in such a way as to preserve the content of
information and increase the convenience for further
analysis. Categorical variables were transcoded to nu-
meric format, and the t-SNE method was used to re-
duce the dimension of the feature space and visualise
the data structure.

To analyse clustering using the K-Means method, key
metrics were used to assess its quality and determine
the optimal number of clusters. Each metric had its own
meaning in the decision-making process. Silhouette
Score was used to determine the degree of isolation
and compactness of clusters. Davies-Bouldin Score al-
lowed estimating the degree of overlap between clus-
ters, where smaller values indicated a clearer separa-
tion. The AlC criterion was used to select the model that
best balances complexity and clustering quality.

Agglomerative clustering considered the hierar-
chical structure of data and helped to better identify
complex relationships, which was especially noticeable
in cluster visualisation. Clustering quality assessment
was performed using metrics such as Silhouette Score
to assess cluster compactness, and AlC to select the op-
timal balance between model accuracy and complexity.
In addition, a dendrogram was used for agglomerative
clustering, a graphical tool that displays the hierarchi-
cal process of combining points. The number of clusters
that best reflected the data structure can be determined
by drawing a horizontal line at a certain distance level.

In Model 2, to ensure the correct representation
of data, various transcoding methods were applied for
each variable, considering their nature and character-
istics. For variables that had a limited set of categories,
such as ‘gender” and “residential_status”, the method of
simple transcoding using label encoder was used. This
approach allowed efficiently representing nominal
categories in numeric format, while maintaining their
nominal nature without creating additional columns.
For variables with an extended set of unique values,
such as “university” and “degree_major”, the binary
encoding method was used - one-hot encoder. This
method allowed creating separate binary columns for
each category, which avoided logical priority between
them and preserved their uniqueness. Additional cre-
ated columns extended the data set while maintaining
its full interpretation.

Variables with ranges of values or ordered cate-
gories (academic_year, cgpa, sports_engagement, av-
erage_sleep) were transformed using mapping. This

allowed converting text ranges to numeric levels or
the average value of the range. For example, a scale
was created for the CGPA variable that displays the
average value of each range, and for “sports_engage-
ment” - numerical levels according to the frequency of
sports activities. The “stress_relief activities” variable
contains multiple categories for each respondent, so
the “multilabelbinariser” technique was used to pro-
cess it. This allowed presenting respondents’ partici-
pation in several activities simultaneously in a binary
matrix format. This encoding format allowed consider-
ing potential relationships between activities in fur-
ther analysis. To assess the quality of clustering using
the K-Means method, the Silhouette Score and Kalin-
ski-Harabasz Score indices were used, which allowed
determining the degree of compactness and resolution
of clusters. Similarly, the Calinski-Harabasz index was
used for agglomerative clustering, and a visual study of
the dendrogram was performed to determine the op-
timal separation threshold and the number of clusters.

In Model 3, data was transcoded based on the
nature of each variable, just as in Model 2. The main
difference between these models was the sequence of
stages. In Model 2, data was first transcoded, then its
dimension was compressed, and only then clustering
was performed. This reduced the dimension of data
even before clusters were formed, which can simpli-
fy the clustering process, but may affect the preser-
vation of the original data structure. In Model 3, by
contrast, data transcoding was accompanied by clus-
tering before dimension compression. This change in
the sequence allowed focusing on the development
of clusters in their original form, and only then apply-
ing dimensionality reduction methods to visualise the
resulting structures.

To determine the optimal number of clusters in the
K-Means method, a sequential analysis of the values
of the Silhouette Score, Dunn Index, and Davies-Boul-
din index metrics was performed on different cluster
numbers. Evaluation of these metrics allowed selecting
the number of groups that provided a balance between
compactness and cluster resolution in the data under
study. In the case of agglomerative clustering, in addi-
tion to calculating the Silhouette Score, a visual study
of the dendrogram was performed. Changes in cluster
structure at different cut-off thresholds were analysed
to find the number of groups that best reflects the nat-
ural divisions in the data hierarchy. The selected sepa-
ration level was supposed to provide maximum clarity
for clusters without excessive merging or splitting.

RESULTS AND DISCUSSION

After digitising the categorical data by transcoding
them, a correlation matrix was constructed for prelim-
inary analysis of the relationships between features,
which is shown in Figure 1.
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Figure 1. Correlation matrix

Source: compiled by the authors

The analysis showed that the data has a pre-
dominantly nonlinear structure, which influenced the
choice of further processing methods. To reduce the
data dimension, the PCA method was initially consid-
ered, but due to inconsistencies with the assumptions
of this method (in particular, the lack of multicolline-
arity), the t-SNE algorithm was chosen, which better
reflects local structures and is able to detect nonline-
ar dependencies in the data.

Clustering results based on Model 1. The K-Means
method with 6 clusters demonstrates the division of
data into groups characterised by moderate compact-
ness and separation. The Silhouette Score (0.4) reaches
a local maximum for six clusters, which indicates the
best combination of cluster compactness and distance
between them. A low Davies-Bouldin Score (0.8) con-
firmed that the clusters have a clear structure with
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minimal overlap. The AIC criterion, which is 804, states
that the choice of six clusters provides an optimal bal-
ance between the accuracy of the model and its com-
plexity. Despite a certain degree of data noise and
overlap, the K-Means method effectively revealed basic
patterns and structures that allow data to be divided
into groups with relatively clear boundaries.

Analysis of the results of agglomerative clustering
for six clusters shows that the algorithm successfully
grouped data in a multidimensional space, which is
confirmed by the distribution of points in the visualis-
ation. Silhouette Score has a local maximum of six clus-
ters, which indicates the best compactness and clarity
of separation. The AIC graph shows the minimum val-
ue for six clusters, which confirms the optimal balance
between the accuracy of the model and its complexity.
The clusters are clearly separated and show moderate
compactness. For example, well-defined groups (cluster
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0, 1) indicate a clear structure, but some clusters (such
as 2 and 5) have more overlap, reflecting more com-
plex relationships in the data. The dendrogram shown
in Figure 2, used as an additional tool, clearly reflects
the hierarchical process of cluster development and
allows confirming the choice of six clusters as the op-
timal division that preserves the natural structure and

relationships between objects. To visualise the spatial
distribution of clusters, the t-SNE dimensionality reduc-
tion method was used (Fig. 3). This approach allowed
for visual assessment of the structure and isolation of
clusters in two-dimensional space, which confirms the
results of clustering and helps to better understand the
internal relationships between groups.

Dendrogram for Agglomerative Clustering
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Clustering results based on Model 2. The results of
clustering using the K-Means method with six clusters
demonstrated a clear grouping of most data with high
compactness and minimal mixing between clusters.
Analysis of the Silhouette Score and Kalinski-Harabasz
Score shows that the local maximum of the former and
the high value of the latter are achieved in six clusters.
This indicates optimal compactness and separation of
clusters by this number.Thus,six clusters are the optimal
choice, since they provide maximum clustering quality.

For agglomerative clustering, analysis of the Ca-
linski-Harabasz Index demonstrated that the maxi-
mum ratio between inter- and intra-cluster variance is
achieved in five clusters, which indicates an optimal
separation of groups with high internal compactness
and maximum distance between them. In addition, the
dendrogram shown in Figure 4 was used as an addi-
tional visual tool that confirmed the selection of five
clusters, demonstrating a clear separation of inde-
pendent groups at the established cut-off threshold.
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Thus, the choice of five clusters was consistent with
both numerical metrics and visual analysis of the hi-
erarchical data structure. This distribution indicates
the presence of homogeneous subgroups with charac-
teristic features, which is important for further anal-
ysis. Clear boundaries between clusters ensure the

N. Kondruk & I. Neroda

stability of groups and provide grounds for practical
interpretation of their characteristics. Thus, the results
of agglomerative clustering confirm the mathematical
validity of the choice of five clusters and the corre-
spondence of the breakdown to the structure of the
original data (Fig. 4).

Dendrogram for Agglomerative Clustering
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Figure 4. Dendrogram for Model 2

Source: compiled by the authors

The results of numerical and visual analysis con-
firm the feasibility of the selected clustering parame-
ters for Model 2. Figure 5 shows visualisations of cluster

Method K-Means

distributions that illustrate the data structure and seg-
mentation quality obtained by K-Means and agglomer-
ative clustering methods.
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Figure 5. Clustering results for Model 2

Source: compiled by the authors

For the K-Means method, there is a clear develop-
ment of six clusters, each of which has a high compact-
ness and is well separated from the others.Minimal over-
lap between some groups (in particular, clusters 2 and
4) indicates the complexity of the source data structure,
but the overall segmentation looks logical and stable. In
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the case of agglomerative clustering, segmentation into
five clusters was optimal, which show better separation
between groups compared to Model 1. This suggests
that consideration of the content of features in encod-
ing allows more accurately preserving the natural data
structure even in a complex multidimensional space.
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Clustering results based on Model 3. For the K-Means
clustering method, it is important to determine the op-
timal number of clusters that will ensure high-quality
data segmentation. The Silhouette Score Index reached
a local maximum in six clusters, which indicates high
internal cohesion and clear data structure in each clus-
ter. The Dunn Index also showed high values for six
clusters, indicating the compactness of the clusters
and their good separation. The Davies-Bouldin Index
reached a minimum value with the same number of
clusters,which indicates low inter-cluster similarity and
clustering quality in general. Therefore, the choice of six
clusters for K-Means is optimal, since it provides a bal-
ance between internal cohesion and group separation.

Cluster overlap indicates that some points lie at the
boundary between groups, which is natural for complex
data with a continuous structure. In general, clustering
still allows isolating the main data structure and ensur-
ing their overall distribution into groups.

For agglomerative clustering, the Silhouette Score
Index reaches a local maximum for four clusters, which
indicates an optimal balance between cohesion within
clusters and their separation. The dendrogram analysis
shown in Figure 6 confirmed this choice - when divid-
ed into four groups, the data form well-defined clusters
with a distance between them of about 15 units, which
minimises overlap. Fewer clusters lead to less detailed
segmentation and loss of local patterns.

Dendrogram for Agglomerative Clustering
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Figure 6. Dendrogram for Model 3

Source: compiled by the authors

To further confirm the qualitative characteris-
tics of clustering using Model 3, the resulting clus-
ters were visualised. The data distributions shown in
Figure 7 using the K-Means method (6 clusters) and

K-Means Clustering

agglomerative clustering (4 clusters) allow estimat-
ing the spatial structure of groups, their compact-
ness, the degree of separation, and the presence of
overlapping zones.
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Figure 7. Clustering results for Model 3

Source: compiled by the authors
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Analysis of Model 1 showed that the optimal
number of clusters for both clustering methods is six,
which was confirmed by quality assessment metrics.
For K-Means, metrics indicate acceptable clustering
quality, although data noise affected the clarity of
boundaries between individual groups. Agglomera-
tive clustering allowed isolating six clusters using
a dendrogram. The clarity of the distribution large-
ly depended on the cut-off level, which confirms the
influence of the hierarchical structure on clustering
results. Within this model, the method provided ad-
equate data segmentation, although partial overlap
between certain clusters was observed. Overall, the
results of Model 1 showed that clustering methods
provided an adequate data structure, but the choice
of encoding method affects the accuracy of segmen-
tation and the clarity of cluster boundaries. This high-
lights the importance of further research on Models 2
and 3, which can eliminate the limitations of Model 1
by more accurately considering the nature of variables
or changing the sequence of analysis steps.

Model 2 showed improved clustering accuracy by
considering feature domains when transcoding cat-
egorical features. This approach ensures correct rep-
resentation of features, which significantly affects the
quality of subsequent stages of analysis. As a result,
clustering becomes more structured, with clear bound-
aries between groups, which confirms the effectiveness
of data preparation in this model. The K-Means cluster-
ing method allowed creating six compact clusters that
show a clear grouping of most data. A slight overlap
between some clusters (for example, between 2 and
4) indicates data complexity, but the overall result of
clustering is balanced and logical. The model provided
efficient segmentation by identifying natural patterns
in the data. Agglomerative clustering also showed a no-
ticeable difference: in Model 2, five distinct groups were
isolated with less overlap due to the domain nature
of the features. This allowed better isolating the data
while maintaining its uniformity. In Model 1, partial
mixing between groups was more pronounced, which
reduced the accuracy of the results. Thus, consideration
of feature domains in Model 2 not only improved the
quality of clustering, but also made data segmentation
more logical and consistent with their natural structure.
This highlights the importance of correctly encoding
variables to achieve high-quality analysis.

Analysis of Model 3 showed that the sequence of
stages - allowed focusing on clusters that best cor-
respond to the original data structure. This approach
provides clear grouping while preserving important
information about variables. The results of clustering
using the K-Means method show the development of
six clusters. Although cluster overlap is observed in
multiple zones, this effect is due to the natural com-
plexity of the data. Despite this, the method provided
high-quality grouping of points into compact groups,
which indicates the effectiveness of segmentation and
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identification of patterns. Agglomerative clustering
distinguishes four clusters with a well-structured data
distribution. Most clusters have clear boundaries and
show a high level of internal cohesion. Small areas of
overlap indicate similarity of characteristics between
neighbouring groups, but the overall segmentation is
clear and logical, which confirms the strength of the
method in analysing complex data. Thus, Model 3 pro-
vides reliable segmentation of data, helping to pre-
serve its natural structure. This highlights the effec-
tiveness of selecting a sequence of analysis steps and
the importance of considering the nature of variables
when building a clustering model.

This study demonstrated that a flexible and se-
mantically sound approach to coding - considering the
nature of features, their hierarchy, scale, and domain
value - can improve data segmentation in clustering
tasks. Processing categorical variables is a critical step
for classification, clustering, and data analysis tasks. As
shown in a large-scale study by F. Matteucci et al.(2023),
which covered 32 coding methods (including One-Hot,
ordinary, Mean-Target, GLMM, Min-Hash, CatBoost, and
Sum), the choice of encoder has a significant impact
on the quality of results, and its effectiveness depends
on a combination of experimental factors: model type,
quality metrics, hyperparameter tuning strategy, and
how results are aggregated. This highlights the need for
a flexible and meaningful approach to coding that con-
siders the nature of features, their hierarchy, and task
specifics. However, instead of fully automated solutions,
such as the CESAMO method (Valdez-Valenzuela et
al., 2024), which automates statistically optimised cat-
egory coding, retained control over correspondence be-
tween categories and their numerical representations.
This provided greater transparency and control over
the interpretation of results, which is especially im-
portant in a limited data set. The importance of adapt-
ing coding methods to the characteristics of data was
confirmed in research conducted by D. Breskuviené &
G. Dzemyda (2023), who analysed the impact of various
coding techniques on classification quality in problems
of detecting fraudulent transactions with highly un-
balanced categorical data. The researchers pointed out
that targeted encoders, such as Weight of Evidence and
James-Stein, can significantly improve the performance
of models, but the effectiveness of individual methods,
such as CatBoost, decreases with a strong imbalance,
which emphasises the need to choose an encoding
based on the specifics of the task and data structure.

Confirmation of the importance of an adaptive ap-
proach to working with categorical variables can be
found in the review paper by T. Dinh et al. (2024), devot-
ed to the evolution of categorical data clustering meth-
ods over the past 25 years. The researchers noted that
successful clustering of categorical variables requires
not only the correct choice of algorithm, but also care-
ful pre-coding, considering the nature of the variables,
otherwise there is a risk of losing important semantic
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connections. This approach is fully consistent with
the approach in this paper, which combined different
transcoding methods depending on the feature content
and data logic. Preservation of category semantics al-
lowed for more structured and interpreted clustering.

The problem of clustering categorical and mixed
data types was also actively considered in many stud-
ies of the last 5 years. In particular, C. Di Nuzzo (2024)
focused on improving spectral clustering for such data
types by developing new nuclear functions that better
consider the specifics of categorical relationships. The
paper showed that standard Euclidean approaches may
not be sufficient to adequately map internal structuresin
mixed sets, which is consistent with the observations in
this study.Forexample,in Model 3 in this study,the use of
clustering before the dimension reduction step contrib-
uted to the preservation of the natural feature structure.
Although the researcher focused on spectral clustering,
the results highlighted the importance of adapting
clustering methods to the nature of variables - an ap-
proach that was also followed in model development.

In this context, it is also worth mentioning the
study by D. Soemitro & J.F.S.R.Neto (2024), where an al-
ternative approach to spectral clustering of categorical
and mixed data was proposed. The researchers avoid-
ed conventional preprocessing, particularly one-hot or
multi-binary, and instead suggested adding additional
nodes to the graph corresponding to feature categories.
This approach allowed considering both numerical and
categorical information without losing the semantics of
features, and also provided interpretability of cluster-
ing. This is especially true when using the MultiLabel-
Binarizer technique, which, although convenient, can
lead to excessive dimension and loss of links between
categories. The approach proposed by the researchers
demonstrated the competitive quality of clustering
and, importantly, allowed achieving linear complexity
for the case of purely categorical data. Their study re-
inforced the argument for adaptive method selection
based on data type and feature structure.

The choice of encoding method for categorical var-
iables is crucial for the effectiveness of machine learn-
ing models, especially in the case of variables with a
large number of levels. In a large benchmark study by
F. Pargent et al. (2022) showed that target encoding, in
particular, its regularised versions, provides better pre-
dictive results compared to conventional approaches
such as ordinal or one-hot encoding. This confirms the
importance of choosing an informed coding method
based on the structure of variables, which is consistent
with the approach to combining multiple coding strat-
egies according to the nature of features.

H.L. Smith et al. (2024) drew attention to the poten-
tial distortions that can occur when using target encod-
ing in combination with tree models. The researchers
have shown that when using target-based coding to
construct an ensemble of out-of-bag evaluation (OOB),

they can significantly underestimate the classification
error and overestimate the importance of variables.
These results highlighted the limitations of target cod-
ing and the importance of step-by-step control of the
feature processing process, an aspect that was consid-
ered when designing models and determining the se-
quence of their processing.

Another important aspect was the consistency be-
tween the choice of coding method and the type of
machine learning model. A recent study by W. Zhu et
al. (2024) contains both theoretical and empirical
analysis of 14 methods for encoding categorical var-
iables in combination with various types of models.
The researchers proved that one-hot encoding is op-
timal for models that perform affine transformations
(for example, multilayer perceptrons), while target
encoding and its variants are best suited for models
based on decision trees (for example, Random Forest).
These results are fully consistent with the observa-
tions obtained from this study, that the correspond-
ence between the coding method and the model type
significantly affects the final result.

Thus, the approach of this study was based on
proven methods of processing categorical variables
and at the same time adapts the latest concepts, such
as contextual coding, combined coding by variable
type and adaptive order of processing stages. It was
confirmed that there is no universal method: the effec-
tiveness depends on both the type of problem and the
nature of the features. The results obtained coincide
with trends in data analysis.

CONCLUSIONS

In the course of the study, a detailed analysis of three
different clustering models was carried out, which
differ in approaches to processing and transcoding
input categorical data. The results showed that the
quality, structure, and clarity of the developed clus-
ters largely depend on the chosen data preparation
methods, and on the sequence of their application.
This highlights the importance of carefully selecting
and combining methods to achieve optimal results in
segmentation problems.

Model 1, in which categorical features were
transcoded without considering their domain nature,
provided basic data separation into six clusters for both
K-Means and agglomerative clustering. However, the
fuzzy boundaries between clusters and partial overlap
indicate thatthisapproachis limited indisplayingacom-
plex data structure. This indicates that the method is not
sufficiently adapted to the features of categorical vari-
ables, which negatively affects the accuracy of segmen-
tation and reduces the quality of clustering in general.

Model 2, in which the transcoding of categorical
variables was carried out considering their domain na-
ture, significantly improved clustering results. In this
model, six distinct clusters were obtained using the
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K-Means method and five clusters using agglomerative
clustering. The improvement in clustering quality was
confirmed by higher metric values and reduced over-
lap between groups. This result demonstrated the ef-
fectiveness of correct transcoding, which better reflects
the internal structure of multidimensional data and
contributes to more accurate and logical segmentation.

Model 3, which assumed a change in the sequence
of steps - performing clustering before reducing the di-

N. Kondruk & I. Neroda

number of clusters, directly affect the cluster structure
of data. Different coding strategies can form a different
number of clusters, and therefore, create fundamentally
different segmentation schemes.Thus,the correct choice
of encoding method, considering the domain specifics
of features, and the sequence of processing are critical
factors for achieving high clustering quality. The results
obtained open up prospects for further improvement of
algorithms for segmenting complex data and their ap-

mension - showed the best ability to preserve the nat-
ural data structure. The K-Means method identified six
clusters, while agglomerative clustering identified four

plication in various applied fields - from marketing and
healthcare to social research and bioinformatics.
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AHoTauis. KateropianbHi 03HaKu € NOWMPEHUM TUNOM AAHMX, LLLO BUKOPUCTOBYHOTLCA Y MPAKTULL aHanisy AaHux, npoTe
iX HEMETPUYHUI XapaKTep CTBOPIOE TPYAHOLL AN5 3aCTOCYBAHHS CTaHAAPTHUX anropuTMIB KnactepusaLlii. AKTyanbHicTb
[OCNiIIKEHHS 3yMOB/IeHA HEODOXiAHICTIO OLiHKM BNAUBY Pi3HUX METOAIB NepeKoAyBaHHA (OLMPPOBYBAHHS) TaKMX
03HaK Ha pe3ynbTaTMBHICTb KNAaCTEPHOro aHanizy. MeToo poboTu HByno focnianTH, K pi3Hi TEXHIKM 06pobKU
KaTteropianbHUX AaHMX BNAMBAKOTb HA SKiCTb Ta CTPYKTYPY KnacTepis. MeTogonoris BKAOYana peanisawito Tpbox
Mofenev 3 pisHMMM NiAX0AaMM [0 KOAYBAHHS 3MiHHMX: 6€3 ypaxyBaHHS LOMEHHOI cneundiky, 3 ypaxyBaHHAM
3MICTY 03HaK Ta 3 YepryBaHHAM NOPSAAKY 3aCTOCYBaHHA NiAXOAIB KnacTepusauii i 3MeHIWeHHs po3mipHocTi. [ng
KoayBaHHS BukopuctoByBanuca LabelEncoder, OrdinalEncoder, One-Hot Encoding, Mapping i MultiLabelBinarizer.
Y KOXHiV i3 Mofenen knacrepusaiis 34iMCHI0BaNacs 3 BUKOPUCTAHHSAM ABOX anropuTMiB — K-Means Ta arnomepaTuBHoi
KflacTepmsauii, Wo A03BOSA0 NOPIBHATU IXHIO YYTAMBICTb A0 3MiH Y NpeAcTaBiAeHHi AaHUX. MeToq, 3HUXEHHS
po3mMipHocTi t-distributed Stochastic Neighbor Embedding (t-SNE) 3acTtocoByBaBcs ans Bisyanizauii knacrepHoi
CTPYKTYpM Yy ABOBMMIpHOMY NpoCTOpi. SIKiCTb KNacTepusauii ouiHoBanacs 3a gonomoroto Metpuk Silhouette Score,
Dunn Index, Davies-Bouldin Index Ta Calinski-Harabasz Index. JaHi ons aHanizy 6yno oTpMMaHoO 3 BiAKpUTOro
[xepena v BOHW MiCTUAM iHDOPMAaLLito MPO NCUXOEMOLIMHUI CTaH CTYAEHTIB. Y X04i AOCNiAKEHHS 6YN0 BCTAHOBNEHO,
o 6a3oBe nNepekoayBaHHS KaTeropianbHUMX 03HaK 6€3 ypaxyBaHHS iXHbOi CEMAHTUKM Ta KOHTEKCTY HEraTUBHO
BMJIMBANO Ha SKiCTb KIAaCTepM3aLii, 3HUXYIOUM TOYHICTb NOAINY Ta YCKNAAHIOKYUYM iHTEpNpeTauilo pe3ynbraTiB.
HaToMicTb BUKOPUCTaHHS 4OMEHHO-OPIEHTOBAHUX NiAXOAIB A0 KOAYBAHHSA 3abe3nevyBano GopMyBaHHA KnacTepis
i3 YiTKILUMMM MeXaMu Ta NOTIYHILLOK BHYTPILLHBOK CTPYKTYpoto. loaaTkoBo 6yno BUSBAEHO, WO 3MiHA NOCAIAOBHOCTI
33CTOCYBaHHS KnacTepu3alii Ta peaykuii po3MipHOCTi NO3HAYAETLCA Ha 30epeXeHHi IOKaNbHUX B3aEMO3BA3KIB Y
[aHux. [poaHanizoBaHo, WO Pi3Hi NiAX0AM 3MIHIOKTb K KiNIbKiCTb, TAK i SKiCTb KNacCTepiB, WO Bif0OpaXKa€eTbCa y
3HAYEHHSAX OLIHKOBMX METpUK. [TpakTUUYHA LiiHHICTb pPe3ynbTaTiB NONArAE Y MOXAMBOCTI X 3aCTOCYBaHHS daxiBuaMU
3 aHani3y AaHMX Ta MALIMHHOMO HABYAHHS AN NiABULLEHHS TOYHOCTI CerMeHTaLii CKNagHWX KaTeropialbHUX AAHWUX

KniouoBi cnoBa: aHania faHMX; MallMHHE HABYaHHS; HaBYaHHSA 6e3 yuuTens; aBTOMaTUYHE rpynyBaHHS OOEKTIB;
cerMeHTais
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