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Abstract—This article presents a method for reducing the search space of clustering parameters. This is
achieved by selecting the most appropriate data transformation methods and dissimilarity measures at the
stage preceding the actual execution of clustering. To compare the selected methods, it is proposed to use the
silhouette coefficient, which considers class labels from a small labeled dataset as cluster labels. The results of
experimental validation of the proposed approach for clustering news texts are presented.
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INTRODUCTION

Publications devoted to the search for parameters
of the machine learning process mainly focus on
searching for parameters of individual stages of the
process, predominantly model hyperparameters [22,
26, 28]. By machine learning process parameters, we
mean parameters of the stages included in this process.
At the same time, the parameters that influence the
training of the machine learning model are called
model hyperparameters to distinguish them from
model variables optimized by the machine learning
algorithm itself, called model parameters (not
included in machine learning process parameters).
Examples of possible stages and their parameters for a
specific case of the machine learning process, text
clustering, are provided in Table 1.

Approaches to searching the parameters of all
stages of the machine learning process in aggregate
(such approaches are often denoted by the term
AutoML), unlike individual stages, have received less
attention [21]. In particular, publications exist on the
possibility of applying a meta-learning approach [4],
the essence of which is training a special model based
on multiple tasks, capable of making predictions about
which data transformation methods, machine learning
algorithms and their parameters are optimal for a new
task fed to the model input. However, this approach is
complex to implement and requires preliminary train-
ing of the meta-model. The random search method is
simple to implement [2], the essence of which is
selecting parameter values from certain random distri-
butions in the parameter space of the original dimen-
sionality and subsequent evaluation of the results of
the machine learning process for each combination of

Table 1. Example of proposed division of clustering process parameters

Data Transformation

Clustering

1. Text preprocessing

2. Text vectorization

3. Clustering

4. Clustering algorithm

parameters algorithms algorithm hyperparameters
Stop word set, TF-IDF K-Means, 4.1 4.2
lemmatize/no, on n-grams of DBScan, Dissimilarity Number of clusters,
convert case/no, words/characters, ohers measure initialization method,

others

n-gram length,

Embedding models,
others

others
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parameter values obtained in this way. There are also
studies on the application of Bayesian optimization to
simultaneous search for parameters of the machine
learning process, e.g., [21]. The essence of the
approach consists in modeling the quality function
from the parameters of the machine learning process
using a Gaussian process. This method is considered
one of the most effective for finding optimal parame-
ters. Nevertheless, as with random search, obtaining
estimates when building a quality function model
requires fixing the values of all parameters in the orig-
inal high-dimensional space, i.e., conducting experi-
ments in sufficient volume. In general, it can be said
that other approaches can be used to optimize the
search for parameters of the machine learning process
(e.g., evolutionary [23], particle swarm [14], and the
Nelder—Mead simplex method [16]), considering the
optimized process as a “black box” provided there is
an optimized function and taking into account that
this function is not necessarily convex and differentia-
ble, and the optimized parameters can simultaneously
be discrete, categorical, continuous, and dependent
[7, 28]. At the same time, as in the cases of Bayesian
optimization and random search, a set of values of all
parameters can be evaluated after complete execution
of the entire process. Since the execution of the entire
machine learning process can be computationally
intensive, this entails high computational complexity
of parameter search.

One approach to reducing the computational com-
plexity of the parameter search process for machine
learning is multi-fidelity optimization [7]. The
approach involves executing the machine learning
process when searching for parameters only on part of
the data, or only using fewer algorithm iterations than
required. However, as a result, for each run of the
machine learning process, not the exact value of the
final quality is obtained, but some approximation ofit.

A common approach in practice (but not inde-
pendently designated in scientific publications due to
its obviousness) for reducing the parameter space of
the machine learning process is sequential search for
the best parameters of individual stages. Sequential
search makes it possible to reduce the computational
complexity of experiments to find the best parameter
values by performing only the initial stages of the
machine learning process (for parameters of all stages
except the last) and due to the smaller dimensionality
of parameter spaces considered at individual stages.
However, the relationship between choosing the best
parameters for individual stages and the quality of the
final result of the entire process is often not obvious,
resulting in parameter values that are best for individ-
ual stages not necessarily being the best in terms of
final quality.

Thus, the question of how to divide the search for
parameters of the entire machine learning process into
separate stages for parameter subsets using criteria
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related to the final quality assessment of the entire
machine learning process is relevant. We propose a
solution to the formulated problem for a specific case
of the machine learning process, i.e., the clustering
process using labeling for part of the data.

1. STANDARD CLUSTERING

Clustering is a type of machine learning, in which
an unlabeled set of objects is divided into groups [11].
In dependence on the goals with which clustering is
performed, various approaches to assessing its quality
are used. If the priority is to obtain an assessment of
the structural properties of the resulting division
regardless of labeling, then internal quality assessment
methods are applied. Also, in practice, situations arise
when the analyst has an idea about which of the clus-
tering results is more preferable. This representation is
fixed in the form of labeling of part of the clustered
data. Thus, we can speak of the following task solved
by the analyst using clustering: to obtain a data parti-
tion that is closest to the labeling. In order to evaluate
which of the partitions of the original data is closer to
the available labeling, external methods for assessing
clustering quality are used [10, 25].

In the standard clustering process, the following
main stages can be distinguished [8, 15, 27]: data
acquisition, data transformation, clustering, and clus-
tering quality assessment. The stages of data transfor-
mation and clustering allow for variability determined
by their parameters. Obviously, the obtained cluster-
ing quality assessment characterizes the choice of val-
ues of all parameters of the specified stages: the
method and parameters of data transformation, the
selected clustering algorithm and its hyperparameters.
In connection with this, there arises the need to search
for the best values in the space formed by all the spec-
ified parameters of the clustering process. By the best
values, we mean here those that give the maximum
clustering quality assessment using labeled data with
the help of given external quality metrics. In general,
in order to find the best (in terms of external quality
metrics) parameters of the clustering process, all
stages need to be executed repeatedly [15], scheme in
Fig. 1.

With a large number of parameters, a complete
enumeration of all values is computationally expen-
sive, as the total number of possible variants is the
product of the number of all possible values for each
parameter. This is especially relevant in cases where
the clustered dataset is large, and the clustering stage,
accordingly, requires significant computational
resources. The approach we propose involves

—Dividing the parameter space of the clustering
process into two: parameters affecting the method of
data representation together with the dissimilarity
measure (Table 1, columns 1, 2, and 4.1) and parame-
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Data transformation
| Select parameters ‘

| Perform transformation
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required quality
is achieved

Clustering
| Select algorithm

| Select parameters

[ Perform clustering |

\

Clustering quality
assessment

Fig. 1. Iterative scheme for searching for the best parame-
ters of the clustering process.

ters of the clustering stage directly: algorithm and its
hyperparameters (Table 1, columns 3 and 4.2).

—Sequential search for the best parameters in each
space based on a criterion related to the final quality of
the solution to the task facing the analyst (obtaining a

partition of the original data that is closest to the avail-
able labeling).

2. PROPOSED APPROACH

In existing publications, clustering is considered as
a process of studying a set of points and grouping
points into clusters according to some distance mea-
sure. The clustering algorithm and its hyperparame-
ters determine only the way in which data points are
divided into clusters, and the basis for its application is
the dataset itself and the distance measure defined on
this dataset [17]. In the context of clustering, often
along with the term distance measure the term dissimi-
larity measure is used as a synonym, we will also
understand by these two terms one concept, i.e., a
numerical assessment of similarity or dissimilarity
between objects in the feature space, used in the con-
text of clustering. For convenience, we will denote the
dataset and the distance measure defined on it by the
term dissimilarity space (DS). Note that the use of the
concept of distance measure (and dissimilarity mea-
sure), as opposed to a distance metric, implies that it

does not necessarily satisfy the axioms for distance
metrics.

We propose to search for the best parameters of the
clustering process through a separate search for opti-
mal parameters of the data transformation stage
together with the most suitable dissimilarity measure
used at the clustering stage using a small amount of
labeled data. Let us call this stage the assessment of

DS. As a result, the clustering process takes the form
shown in the diagram in Fig. 2.

Existing publications also consider issues of
searching for optimal data transformation methods [1,

Overall process

N
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Obtaining the set
of best DSs

Selection of DSs
from the best set

Data transformation
Set parameters of the selected DS |

| Perform transformation

Forall DSs ",
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Clustering quality
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considered data
transformation
parameters

Distance measure
selection
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rg——

Selection of DSs
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Fig. 2. Proposed scheme for searching for the best parameters of the clustering process.
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5, 6] and dissimilarity measures [3, 9] for performing
clustering. However, parameter value assessment is
either performed after clustering, or does not use
labeled data, i.e., does not directly relate to the task
facing the analyst. Also note that a scheme similar to
the proposed one is given in [1]. In the specified work,
the purpose of introducing an additional stage is to
assess the “clusterability” of the original data, i.e., to
assess whether there is a structure in the original data
that could be extracted using clustering without taking
into account how this structure relates to the available
labeling. Unlike [1], we propose to introduce an addi-
tional stage for a different purpose, namely, to assess
the correspondence of the data transformation
method and the selected distance measure to the avail-
able labeling.

The idea of searching for the best feature selection
method before performing clustering based on analy-
sis of the entropy of pairwise distances between vector
representations of clustered objects has also been
described [5]. A description of the Filter-model
approach for feature selection for clustering, the
essence of which is feature selection before clustering
and independently of it based on maximizing assess-
ments: feature dependences, entropy of pairwise dis-
tances, and Laplacian assessment, was given [6]. In
both of these works, the study of properties of data repre-
sentation also does not address the question of how the
representation of these objects relates to labeling.

External clustering quality assessment methods
show to what extent cluster labels coincide with class
labels from labeled data [12]. Obviously, this degree of
proximity depends on the DS in which clustering is
performed, i.e., on how well the DS corresponds to the
task solved by the analyst (formulated in the Introduc-
tion). Let us formulate informally the concept of DS
correspondence to the task as follows:

—DS corresponds to the task if examples of one
class are located closer to each other than to examples
of other classes.

—DS does not correspond to the task if most exam-
ples are located closer to examples of other classes
rather than to examples of the same class.

—Intermediate correspondence is expressed in
intermediate location of class objects between the two
described extreme cases.

To be able to compare DSs, it is necessary to spec-
ify a numerical expression for assessing DS correspon-
dence to the task. For internal clustering quality
assessment, the silhouette coefficient is used, defined
in a manner similar to the formulation presented
above with the only differences being that instead of
class labels, cluster labels are used, and instead of the
term “other classes” the term “nearest other cluster” is
applied [19, p. 55].

We will use for assessing DS correspondence to the
solved task the method of calculating the silhouette

SCIENTIFIC AND TECHNICAL INFORMATION PROCESSING  Vol. 52

_b=-a
max (b,a)
is the silhouette coefficient for example i, a is the aver-
age difference between i and all other examples of the
cluster to which i belongs, and b is the average differ-
ence between 7/ and all examples of the cluster whose
examples have the smallest average difference with i
among all clusters. At the same time, we will use as
object labels the classes to which these objects belong.
Since the silhouette coefficient for classes is calculated
separately for each object, it is proposed to calculate
the value of the DS correspondence assessment based
on the entire labeled dataset by simple averaging of the
values obtained for individual objects (in accordance
with the recommendation in [19]).

coefficient: silhouette; = , where silhouette;

The stage of assessment of DS correspondence to
the task is proposed to be used for searching for the
best DS (having maximum assessments) by enumerat-
ing values of data transformation stage parameters as
well as dissimilarity measures compatible with these
parameter values that are supposed to be used at the
clustering stage. After determining the list of best DS,
it is proposed to conduct experiments to determine
optimal DS of the clustering algorithm and its hyper-
parameters in these found DSs.

The idea of using the silhouette coefficient for
labeled data has been previously proposed. In particu-
lar, the silhouette coefficient was considered as a mea-
sure of class separability in the context of identifying
biases in the dataset [20]. Unlike our proposed
approach, in [20] the coefficient value was calculated
on the complete set of labeled data. In addition, due to
the fact that the silhouette coefficient is applied to the
complete dataset, as well as the quadratic computa-
tional complexity of the algorithm, in [20] a modified
silhouette coefficient calculation algorithm was
applied, which according to the authors’ assumption
gives less accurate results than the original. The algo-
rithm modification consists in excluding intra-cluster
distances from consideration and using only inter-
cluster ones. In the target application conditions con-
sidered in this work, due to the initially small volume
of labeled data, such optimization is not required.

3. EXPERIMENTAL

Experimental verification of the applicability of the
proposed approach was performed using news cluster-
ing as an example.

The experiments were intended to:
* Prepare a set of DSs.

* Perform clustering in each of the selected DSs
and evaluate clustering results using external cluster-
ing quality assessment methods.

* For each DS, calculate its assessment based on
the silhouette coefficient value (hereinafter, SC) using
a small amount of labeled data.
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* Compare DSs assessments obtained using SC
and using external clustering quality assessments.

The study was performed using the text dataset
lenta-ru-news (https://github.com/yutkin/Lenta.Ru-
News-Dataset) from the lenta.ru news portal. The
dataset contains 800975 news items. The dataset con-
tains the following fields: url, which is the link by
which the news was obtained, title, which is the news
headline, text, which is the news text, topic, which is
enlarged news category, tags, which is the detailed
news category, and date, which is the news date.

For experiments, the news category from the tag
field was used, due to the fact that it contains more
classes (94 classes) than the enlarged category topic
(23 classes). For each news item in the tags field, one
value is assigned characterizing the news topic. In
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total, the dataset in the tag field contains 94 unique
values. The value All in the tag field is assigned to 453
762 news items. The average number of texts in the
class of the tag field, excluding All values, is 3694. The
distribution of topics by values of the tag field (except
for the All value) is presented in Fig. 3. The average
length of news texts is 1333 characters. The distribu-
tion of text lengths has the form presented in Fig. 4.

3.1. Dataset Preparation

Data preparation includes the following stages:

1. All texts were transformed by excluding all char-
acters that are not numerical digits or letters of the
Russian or Latin alphabet.

No.5 2025



6 YUFEREYV, RAZIN

2. Examples with the value All in the tag field were
excluded from the original dataset, because visual
analysis reveals differences in topics in different texts
marked with the same tag All, while when considering
examples marked with other values in the tag field,
correspondence between the text topic and the value
contained in the tag field is apparent. This manipula-
tion is justified, because in real cases when there is a
small labeled dataset, or when external clustering
quality assessment is performed, it is reasonable to
expect that examples correspond to target class labels
rather than general ones.

3. Texts that are too long (more than 4000 charac-
ters) and too short (less than 50 characters) were
excluded from consideration.

4. Text lemmatization was performed using Yandex
MyStem 3.1.

5. Complete duplicates of lemmatized texts were
removed.

As a result, the original dataset was reduced to
258780 news items. The resulting set of texts will be
denoted as ULS for subsequent references.

3.2. Dissimilarity Space Selection

At the first stage, several arbitrary DSs were
selected defined by the method of transforming news
texts into vector form as well as by the dissimilarity
measure defined on the resulting vectors.

Text transformation methods into vector form are
defined as sequentially applied text processing stages
(brief designations are given in parentheses):

» For the first processing stage, either lemmatiza-
tion is performed or not performed, in a total of two
stage implementation variants (lemm and not_lemm,
respectively).

* Then vectorization is performed using either the
TF-IDF approach or bag-of-words, a total of two
stage implementation variants (tf _idf and countvec,
respectively).

* Next, either L2-normalization of vectors
obtained at the previous stage is performed or not per-
formed, a total of two stage implementation variants
(L2 and no_norm).

Thus, there are 2 X 2 X 2 = 8 possible variants for
transforming texts into vector form. For convenience
of subsequent mention, we will denote approaches by
indicating brief stage designations separated by
hyphens, e.g.: “lemm-tf idf-12.”

The following four were selected as possible dissimi-
larity measures (brief designations for subsequent ref-
erences are given in parentheses): Euclidean (euclid-
ean), cityblock (cityblock), radial based function with
the parameter gamma = 0.1 (rbf), and cosine distance
(cosine).

Thus, by combining possible methods of trans-
forming texts into vector form and possible dissimilar-
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ity measures, we have 8 X 4 = 32 possible DSs. For
subsequent references, DSs are denoted using a com-
bination of the brief designation of the approach for
transforming texts into vector form and the brief des-
ignation of the dissimilarity measure separated by
hyphen, e.g.: “lemm-tf idf-12-euclidean.”

3.3. Clustering and Its Quality Assessment

The Kmedoids algorithm [13] was selected as the
clustering algorithm, because it makes it possible to
apply the selected dissimilarity measures. The algo-
rithm divides the dataset into a specified number of
clusters, selecting real objects (medoids) from the
dataset as cluster centers, unlike the K-means algo-
rithm, where cluster centers are computed. The algo-
rithm was applied with the following fixed parameters:
alternating optimization, kmedoids++ initialization,
and maximum number of iterations of 300.

Adjusted mutual information (AMI) [24] was
selected as the external clustering quality metric. AMI
is a normalized measure of mutual information that,
unlike mutual information, accounts for random clus-
ter coincidence. AMI is more suitable in cases where
there is class imbalance in the data (shown in [18]).
From Fig. 3, it can be seen that the available dataset
indeed has significant class imbalance.

Clustering quality assessment was performed in
each DS for different values of the “number of clus-
ters” parameter of the clustering algorithm in the
range from 2 to 950 (49 values total). For clustering
quality assessment, text sets were formed, each of
10000 examples by sampling without replacement
from the original ULS dataset. A total of 17 such data-
sets were generated to conduct experiments on all val-
ues of the number of clusters parameter on each gen-
erated dataset.

Figure 5 shows the obtained dependence of the
average AMI value on the number of clusters parame-
ter for clustering in different DSs. Dissimilarity spaces
in the legend are ordered by decreasing value of the
maximum average value. From the figure, it can be
seen that over the entire observed set of “number of
clusters” parameter values, the graphs of the leading
15 DSs are clearly distinguishable (marked with a black
curly bracket on the right).

Based on the goals of determining DSs most corre-
sponding to the task, based on visual analysis of the
graphs of AMI dependence on the “number of clus-
ters” parameter, we will define the DS assessment as
the maximum average AMI value for the correspond-
ing DS.

3.4. Assessment of Dissimilarity
Space Correspondence to the Task

DS assessment based on the proposed approach
was performed for datasets of different sizes (10, 20,
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Fig. 5. Dependence of AMI on the “number of clusters” parameter for clustering in different DSs.

30, 40, 50, 80, 120, 160, 200, 250, 300, and 500 exam-
ples). Datasets of each specified size were generated

20 times. Let us denote each such dataset as T;', where
sis the size of the generated sample, and i is the iter-
ation number at which the dataset of size s was gen-
erated.

T generation was performed by sampling from the
original ULS dataset without replacement. Addition-
ally, when generating the dataset, the requirement of
having more than one text for each tag field value from

T;’ was ensured. Generation for a given size s was per-
formed as follows:

(1) T = select s random examples from ULS with-
out replacement.
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(2) GT; = group T; by the tag field.

(3) NGT; = obtain the number of texts from all
GT; groups whose size > 1 text.

(4) if NGT; < s, add one random example without
replacement to T from ULS, go to step 2.

(5) if NGT;" > s, return one random example from
T; to ULS, go to step 2.

(6) return from T; to ULS all texts included in GT;
in groups of size 1.

(7) T; is the result.
Assessment was performed by calculating SC for

each DS on each of the generated T; datasets using

No.5 2025
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values from the tag field as cluster labels. Since the
purpose of calculating SC is to determine the best DS,
i.e., to build a ranking, not the absolute value of SC is
important but the value of DS assessments relative to
each other. This means that the original SC value can
be subjected to transformations if this leads to building
a better ranking (criterion provided below). The fol-
lowing types of transformations were considered:

* Scaling to the interval [0, 1]: SilC%(x) = (x —
min_val)/(max_val — min_val), where x is the abso-
lute SC value in one of the DS for which the scaled SC
value is calculated, SilC°!(x) is the scaled SC value,
min_val is the minimum SC value (obtained in one of

the DSs) on dataset T, and max_val is the maximum

SC value obtained in one of the DSs on dataset T;.

« Softmax transformation: SilC*"™™ (x) =

X

— where N is the number of DSs, x; is the SC

e J
J
value for the jth DS.

As a criterion for the validity of choosing a trans-
formation (and, accordingly, ranking), we will use the
correlation of the obtained values of transformed DS
assessments with DS assessment based on AMI values
obtained during clustering. The SilC®™™m2X(x) assess-
ment was selected as the most suitable, due to the fact
that additional experiments showed that it gives the
highest average correlation value for all dataset sizes.
From the fact that the softmax transformation gives
higher correlation with the ranking based on AMI
assessment, it can be assumed that DSs with higher
assessments correlate more strongly with each other
than DSs with lower ones.

Figure 6 presents the dependence of SilCseftmax(y)
on dataset size for the entire set of DSs. Here, interpre-
tation of the absolute assessment value is not assumed;
only the mutual arrangement of DS matters. DSs in
the legend are ordered by decreasing assessment at the
maximum number of clusters (i.e., by the position of
the rightmost points of the graph), DS graph designa-
tions coincide with designations in Fig. 5.

From Fig. 5, it can be seen that DS not lemma-
tized-tfidf-L2-cityblock (graph marked with a black
triangle on the right) divides all DSs into two parts. Let
us call all DSs whose graphs are above this line good
(graphs marked with a curly bracket with a solid line),
and all DSs located below this line bad (graphs marked
with a curly bracket with a dashed line).

When comparing good DSs with the order of DSs
based on clustering quality (in the legend of Fig. 5), it
can be seen that the list of good DSs does not contain
DS lemmatization-countvec-no_norm-euclidean,
which is in the 14th position in the AMI-based rank-
ing, and also contains DS not_lemmatized-countvec-
L2-cityblock, which is in the 16th position in the
AMI-based ranking; otherwise, the list of good DSs
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contains the leading 15 DSs from the AMI-based
ranking.

Let us assess the degree of correlation of assess-
ments of good and bad DSs separately with assess-
ments of these DSs based on AMI. The results of
assessment based on Pearson correlation coefficient
are presented in Figs. 7 and 8, respectively. On the
horizontal axis, the graphs show the size of the dataset,
on which SilC®maX(x) calculation was performed.

From Figs. 7 and 8, it can be seen that the assump-
tion that DSs with high assessment both in the AMI-
based ranking and in the SC-based ranking correlate
more strongly with each other than DSs with lower
assessment proved correct. Since the purpose of the
proposed approach is to determine the most suitable
DS for clustering, in assessing its applicability it is pos-
sible to focus on the degree of correlation of DSs from
the good list. From the graph in Fig. 7, it can be seen
that the average correlation coefficient value for data-
sets with a size of 40 examples and more exceeds 0.8,
which indicates strong correlation when using datasets of
the specified size for calculating SilC*°™(x), while the
average p-value does not exceed 10-3, which indicates
high statistical significance of the obtained result.

3.5. Assessment of Efficiency of Applying the Proposed
Clustering Process Compared to the Iterative Process

The proposed approach is oriented toward solving
a relatively narrow class of problems (clustering with a
small amount of labeled data) and uses its features. In
this context, comparison with the approaches men-
tioned in this article, oriented toward optimizing the
search for parameter values in the general case, is
inconsistent. In connection with this, let us assess how
much the number of required experiments for cluster-
ing execution, the most computationally intensive
stage of the overall process, can be reduced without
considering the application of optimization
approaches.

Suppose the researcher has C possible clustering
algorithms, for each algorithm ¢; € C it is required to
investigate a set of parameters P,, for each parameter p;,
€ P, it is required to enumerate v; different values.
Then the total number of variants for enumerating

. . C £
clustering parameter values is N = Z;=1 Hj_:l v;. Let
it also be required to consider A data transformation
methods, for each method a; € A it is required to con-
sider d; compatible dissimilarity measures, then the

number of resulting DSs is M = Z‘i‘l d;. The total

number of experiments required to check the values of all
parameters of the iterative clustering process is 7= NM.

Let m be the selected number of best DSs deter-
mined using the ranking based on SC, then the total
number of clustering experiments that will need to be
conducted in case of applying the proposed approach
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Fig. 6. Dependence of SilC*°ftM2X(x) on data portion size.

is t= Nm, and w = m/M shows what proportion of the
original set of clustering experiments needs to be con-
ducted. Let M = 32 (as presented in this work), C = 3,
all =1, allv;;= 10, m=4.

Then the number of variants for enumerating clus-
tering parameter values (/N) is 30, the total number of
clustering experiments for the iterative process (7) is

SCIENTIFIC AND TECHNICAL INFORMATION PROCESSING  Vol. 52

960, and the number of clustering experiments for the
proposed process (7) is 120. Hence, the proportion of
clustering experiments that needs to be conducted
when implementing the proposed process, from the
number of required experiments in the original pro-
cess (w) is 0.125, which corresponds to a reduction by
a factor of 1/0.125 = 8.
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CONCLUSIONS

In this work, it was proposed to reduce the search
space for optimal parameters of the clustering process
through its division into two stages: (1) search for the
best dissimilarity spaces (IDSs), defined by data-trans-
formation parameters together with the dissimilarity
measure defined on the transformed data, and
(2) search for optimal algorithms and -clustering
parameters for the best DSs found in the previous
stage. At the same time, comparison of DSs by degree
of correspondence to the solved task at stage 1 is pro-
posed to be performed based on the silhouette coeffi-
cient using a small amount of labeled data.

Using the lenta-ru-news text dataset, the applica-
bility of the proposed DS assessment method at stage
1 was verified. Verification was performed by compar-
ing DS assessment based on SC with results of external
clustering quality assessment on 10000 examples with
the variable “number of clusters” parameter. For
assessments obtained on datasets with a size of 40 exam-
ples or more, a high degree of correlation with external
clustering quality assessment was established. This
makes it possible to conclude that the proposed assess-
ment method is applicable in the proposed clustering
process on the considered dataset using the data pre-
processing methods, clustering algorithm, and their
parameters considered in the work. On this basis, it is
possible to assume that the proposed method can also
be applied to other datasets using other data prepro-
cessing methods, clustering algorithms, and their
parameters.

An assessment of the expected efficiency improve-
ment in the number of required experiments when
applying the proposed clustering process compared to
the iterative one was provided.

As further research directions, it is advisable to
consider the possibility of assessing the effectiveness of
combining the proposed approach with existing meth-
ods for optimizing the search for machine learning
process parameters, the influence on the correlation
between assessment based on the silhouette coeffi-
cient and external clustering quality assessment: the
degree of data diversity, the proportion of labeled
classes from the set, types of clustered data (such as
textual, tabular, visual, etc.), and the type of clustering
algorithm used; it is also advisable to investigate other
measures, in addition to the SC, for assessing DS cor-
respondence to the solved task.

FUNDING

This work was supported by ongoing institutional fund-
ing. No additional grants to carry out or direct this particu-
lar research were obtained.

SCIENTIFIC AND TECHNICAL INFORMATION PROCESSING  Vol. 52

CONFLICT OF INTEREST

The authors of this work declare that they have no con-
flicts of interest.

This article reflects the personal position of the authors.
The content and results of this study should not be consid-
ered, including being cited in any publications, as the offi-
cial position of the Bank of Russia or an indication of offi-
cial policy or regulatory decisions. Any errors in this mate-
rial are exclusively those of the authors.

REFERENCES

1. Ackerman, M., Adolfsson, A., and Brownstein, N., An
effective and efficient approach for clusterability evalu-
ation, arXiv Preprint, 2016.
https://doi.org/10.48550/arXiv.1602.06687

2. Bergstra, J. and Bengio, Y., Random search for hyper-
parameter optimization, J. Mach. Learn. Res., 2012,
vol. 13, no. 2, pp. 281—-305.

3. Bora, M.D.J. and Gupta, D.A.K., Effect of different
distance measures on the performance of K-means al-
gorithm: An experimental study in Matlab, Internatin-
onal Journal of Computer Science and Information Te-
chonolgies, 2014, vol. 5, no. 2, pp. 2501-2506.

4. Brazdil, P., Giraud-Carrier, C., Soares, C., and Vilalta,
R., Metalearning: Applications to Data Mining, Cogni-
tive Technologies, Berlin: Springer, 2008.
https://doi.org/10.1007 /978-3-540-73263-1

5. Dash, M., Choi, K., Scheuermann, P., and Liu, H.,
Feature selection for clustering—A filter solution, 2002
IEEFE International Conference on Data Mining, 2002.
Proceedings., Maebashi City, Japan, 2002, IEEE, 2002,
pp. 115—122.
https://doi.org/10.1109/icdm.2002.1183893

6. Data Clustering: Algorithms and Applications, Aggarwal,
C.C. and Reddy, C.K., Eds., New York: Chapman and
Hall/CRC, 2014.
https://doi.org/10.1201,/9781315373515

7. Feurer, M. and Hutter, F., Hyperparameter optimiza-
tion, Automated Machine Learning, Hutter, F., Kot-
thoff, L., and Vanschoren, J., Eds., The Springer Series
on Challenges in Machine Learning, Cham: Springer,
2019, pp. 3—33.
https://doi.org/10.1007/978-3-030-05318-5_1

8. Hernandez-Reyes, E., Garcia-Hernandez, R.A., Car-
rasco-Ochoa, J.A., and Martinez-Trinidad, J.F., Doc-
ument clustering based on maximal frequent sequenc-
es, Advances in Natural Language Processing, Lecture
Notes in Computer Science, vol. 4139, Berlin: Springer,
2006, pp. 257—267.
https://doi.org/10.1007/11816508_27

9. Holder, Ch., Middlehurst, M., and Bagnall, A., A re-
view and evaluation of elastic distance functions for
time series clustering, Knowl. Inf. Syst., 2023, vol. 66,
no. 2, pp. 765—809.
https://doi.org/10.1007/s10115-023-01952-0

10. Hui, X. and Li, Z., Clustering validation measures, Data
Clustering: Algorithms and Applications, Boca Raton,
FL: CRC Press, 2014, pp. 571—606.

11. Jain, A.K., Murty, M.N., and Flynn, P.J., Data clus-
tering, ACM Comput. Surv., 1999, vol. 31, no. 3,
pp. 264—323.
https://doi.org/10.1145/331499.331504

No.5 2025



12

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

YUFEREYV, RAZIN

Kassambara, A., Practical Guide to Cluster Analysis in R:
Unsupervised Machine Learning, STHDA, 2017.

Kaufman, L. and Rousseeuw, P., Clustering by means of
medoids, Data Analysis Based on the L1-Norm and Re-
lated Methods, Dodge, Y., Ed., North-Holland, 1987,
pp. 405—416.

Li, Y., Zhang, Y., and Wei, X., Hyper-parameter esti-
mation method with particle swarm optimization, arXiv
Preprint, 2020.
https://doi.org/10.48550/arXiv.2011.11944

Mahdavi, K., Enhanced clustering analysis pipeline for
performance analysis of parallel applications, PhD Dis-
sertation, Barcelona: Universitat Politécnica de Catalu-
nya, Departament d’Arquitectura de Computadors,
2022.

https://doi.org/10.5821 /dissertation-2117-375586

Nelder, J.A. and Mead, R., A simplex method for func-
tion minimization, Comput. J., 1965, vol. 7, no. 4,
pp. 308—313.

https://doi.org/10.1093 /comjnl/7.4.308

Nguyen, Q.H. and Smith, V.J.R., Internal quality mea-
sures for clustering in metric spaces, International Jour-
nal of Business Intelligence and Data Mining, 2008,
vol. 3, no. 1, pp. 4—29.
https://doi.org/10.1504/ijbidm.2008.017973

Romano, S., Vinh, N.X., Bailey, J., and Verspoor, K.,
Adjusting for chance clustering comparison measures,
J. Mach. Learn. Res., 2016, vol. 17, no. 1, pp. 4635—
4666.

Rousseeuw, P.J., Silhouettes: A graphical aid to the in-
terpretation and validation of cluster analysis, J. Com-
put. Appl. Math., 1987, vol. 20, pp. 53—65.
https://doi.org/10.1016/0377-0427(87)90125-7
Schneider, M., Grinsell, J., Russell, T., Hickman, R.,
and Thomson, R., Identifying indicators of bias in data
analysis using proportionality and separability metrics,
Proceedings of SBP-BRiMS Conference, Washington,
DC, 2019. http://sbp-brims.org/2019/proceedings/pa-
pers/working_papers/Schneider.pdf. Cited January,
2024.

Thornton, C., Hutter, F., Hoos, H.H., and Leyton-
Brown, K., Auto-WEKA: Combined selection and hy-
perparameter optimization of classification algorithms,
Proceedings of the 19th ACM SIGKDD International
Conference of Knowledge Discovery and Data Mining,
Chicago, 2013, Ghani, R., Senator, T., Bradley, P., and

He, J., Eds., New York: Association for Computing
Machinery, 2013, pp. 847—855.
https://doi.org/10.1145/2487575.2487629

22. Tong, Y. and Hong, Z., Hyper-parameter optimization:
A review of algorithms and applications, arXiv Preprint,
2020.
https://doi.org/10.48550/arXiv.2003.05689

23. Vincent, A.M. and Jidesh, P., An improved hyperpa-
rameter optimization framework for AutoML systems
using evolutionary algorithms, Sci. Rep., 2023, vol. 13,
no. 1, p. 4737.
https://doi.org/10.1038 /s41598-023-32027-3

24. Vinh, N.X., Epps, J., and Bailey, J., Information theo-
retic measures for clusterings comparison, Proceedings
of the 26th Annual International Conference on Machine
Learning, Montreal, 2009, New York: Association for
Computing Machinery, 2009, pp. 1073—1080.
https://doi.org/10.1145/1553374.1553511

25. Vysala, A. and Gomes, J., Evaluating and validating
cluster results, Computer Science Information Technolo-
gy, Wyld, D.C. et al., Eds., AIRCC Publishing Corpo-
ration, 2020, vol. 10, no. 9, pp. 37—45.
https://doi.org/10.5121/csit.2020.100904

26. Wu, J., Chen, X.-Y., Zhang, H., Xiong, L.-D._, Lei, H.,
and Deng, S., Hyperparameter optimization for ma-
chine learning models based on Bayesian optimization,
J. Electron. Sci. Technol., 2019, vol. 17, no. 1, pp. 26—40.
https://doi.org/10.11989/JEST.1674-862X.80904120

27. Xu, R. and Wunschii, D., Survey of clustering algo-
rithms, IEEE Trans. Neural Networks, 2005, vol. 16,
no. 3, pp. 645—678.
https://doi.org/10.1109/tnn.2005.845141

28. Yang, L. and Shami, A., On hyperparameter optimiza-
tion of machine learning algorithms: Theory and prac-
tice, Neurocomputing, 2020, vol. 415, pp. 295-316.
https://doi.org/10.1016/j.neucom.2020.07.061

Translated by O. Pismenov

Publisher’s Note. Allerton Press remains neutral
with regard to jurisdictional claims in published maps
and institutional affiliations.

Al tools may have been used in the translation or
editing of this article.

SCIENTIFIC AND TECHNICAL INFORMATION PROCESSING  Vol. 52 No.5 2025




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends false
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile (Color Management Off)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 290
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 290
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.03333
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 800
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 2400
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /RUS ()
    /ENU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


