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1 INTRODUCTION

In today's

clustering, spanning tree method, minimal spanning tree, Prim’s algorithm, Davies-Bouldin Index, SV Index,
real data analysis, automated quality assessment, parallel algorithms, data visualization.

This paper presents the development of an automated system for assessing the quality of the spanning tree
method in clustering real data tuples. The system is designed to enhance the efficiency and accuracy of data
clustering, allowing researchers and data analysts to uncover meaningful patterns within large datasets. The
software reads data from Excel files, constructs a minimal spanning tree using Prim's algorithm, clusters the
tree, and evaluates clustering quality using the Davies-Bouldin Index and the SV Index. The program's user-
friendly interface simplifies the processes of loading data, constructing index plots, and saving clustering
results. Experiments conducted on different datasets demonstrate the program's accuracy in reading data,
saving clustering variants, and calculating quality indices. The implementation of parallelized algorithms for
constructing the minimal spanning tree significantly improves performance, enabling the processing of large
datasets efficiently. This automated system provides a robust tool for the quality assessment of the spanning
tree method in clustering real data tuples, with broad applicability across various domains such as medicine,
biology, physics, and economics. Future enhancements may include additional clustering methods, improved
visualization features, and a web-based version of the program to facilitate global collaboration among
researchers and analysts.

analysts to quickly and accurately evaluate the quality
of clustering, thus allowing them to make more
informed decisions based on the results obtained

world, where data volumes are
(Sun, Wang, Zhang, Hu, Sun, Lu, 2022).

continuously growing, the need for automated quality
assessment of clustering methods is becoming
increasingly important. One of the most effective
clustering techniques is the spanning tree method,
which is particularly useful for clustering real data
tuples (Zhang, Pang, Zhang, Du, 2023; Muppoori,
Mothukuri, 2021). Developing a software system for
the automated quality assessment of the spanning tree
method for clustering real data tuples is highly
relevant. This system enables researchers and data
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Data clustering is a fundamental method of data
analysis that reveals hidden patterns and structures in
large datasets. Among various clustering methods,
the spanning tree method stands out for its efficiency
and effectiveness. However, to fully utilize the
potential of the spanning tree method, it is essential to
accurately assess its quality. This paper proposes the
development of an automated system for the quality
assessment of the spanning tree method using metrics
such as the SV index and the Davies-Bouldin index
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(Rojas Thomas, Pefias, Mora,
Binaghi, 2018).

The challenge with clustering real data tuples lies
in selecting the appropriate clustering method and
evaluating the quality of the formed clusters. Real
data tuples consist of multiple numerical features,
making it crucial to choose a method that can handle
this complexity and ensure meaningful cluster
formation (Zheng, Wang, Xu, Pan, Zhang, 2023). The
primary goal of this study is to automate the quality
assessment of the spanning tree method for clustering
real data tuples and to determine the optimal number
of clusters. To achieve this goal, it is necessary to
implement a program for loading real data tuples
from an Excel file, develop the spanning tree method
for clustering the data into the optimal number of
clusters, create algorithms for evaluating the
clustering quality using the Davies-Bouldin index and
the SV index (Saha, Bandyopadhyay, 2009;
Viktorov, Gibadullin, 2025), and save the selected
clustering model and evaluation results in an Excel
file.

The development of an automated system for
quality assessment of the spanning tree method has
multiple advantages. It provides researchers and data
analysts with a powerful tool to automatically
evaluate clustering quality using various metrics,
make quick and accurate decisions regarding the
optimal number of clusters, and apply the method
across various fields such as medicine, biology,
physics, and economics (Uteyev, Gibadullin, 2024;
Gizatullin, Gizatullin, Nuriev, 2024). In practice, this
system can be used in various domains, including
classifying diseases and identifying hidden signs in
medicine, analyzing experimental data and
uncovering patterns in system behaviors in physics,
and segmenting markets and determining consumer
preferences in economics (Gibadullin,
Baimukhametova, Perukhin, 2019).

The methodology involves several steps. First, a
program is developed to load real data tuples from an
Excel file, considering specific constraints to ensure
compatibility with the application. Second, the
spanning tree method for clustering real data tuples
into any possible number of clusters is implemented
using Prim's algorithm for constructing the minimal
spanning tree (Chopade, More, 2017). Third, the
SEMST method is applied for clustering the minimal
spanning tree into clusters (Biswas, Paul,
Bhattacharya, 2015). Fourth, the clustering quality is
evaluated using the Davies-Bouldin index and the SV
index, and the results are displayed in a
DataGridView component for easy analysis. Finally,
the chosen clustering model and evaluation results are

2013; Vergani,
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saved in an Excel file for further reference (Ying Bai,
2010).

The expected outcome of this study is a robust
software system that automates the quality
assessment of the spanning tree method for clustering
real data tuples. This system will significantly reduce
the time required for analyzing clustering quality,
thereby enhancing the efficiency and effectiveness of
data analysis processes across various domains. The
development of an automated system for the quality
assessment of the spanning tree method for clustering
real data tuples has substantial theoretical and
practical significance. It provides a reliable tool for
researchers and data analysts, enabling them to make
well-informed decisions based on accurate clustering
quality evaluations. The potential application of this
system spans multiple fields, making it a versatile and
valuable contribution to the data analysis domain
(Liu, Shi, 2023; Gibadullin, Vershinin, Minyazev,
2018).

2 THEORETICAL FOUNDATIONS

In the realm of data analysis, clustering stands out as
a crucial method that enables the grouping of data
objects into clusters based on their similarities or
differences. This process is particularly challenging
when dealing with real data tuples, which consist of
multiple numerical features. The complexity of real
data tuples necessitates the selection of an appropriate
clustering method and the accurate evaluation of the
resulting clusters' quality.

The spanning tree method is a widely recognized
approach for clustering real data tuples. This method
involves constructing a minimal spanning tree (MST)
that connects all the vertices of a graph without
forming any cycles and ensures the minimum
possible sum of edge weights. The concept of using
MST for clustering was first introduced by C. T. Zah
in 1971. The spanning tree method is advantageous
for its efficiency and effectiveness in revealing
hidden patterns within large datasets. However, its
full potential can only be realized through accurate
quality assessment.

To address the challenges associated with
clustering real data tuples, this study proposes the
development of an automated system for the quality
assessment of the spanning tree method, utilizing
metrics such as the SV index and the Davies-Bouldin
index. The primary objective is to automate the
assessment process to determine the optimal number
of clusters, thereby ensuring meaningful and accurate
cluster formation.



The core issue with clustering real data tuples lies
in selecting a suitable method and accurately
evaluating the quality of the clusters formed. Real
data tuples, characterized by multiple numerical
features, present a significant challenge in terms of
complexity and variability. An effective clustering
method must be capable of handling this complexity
while ensuring that the resulting clusters accurately
reflect the structure of the original data.

Internal measures of clustering quality are
essential for determining how well a clustering
algorithm groups similar objects without external
information. These measures provide insights into the
compactness and separation of clusters, which are
critical for assessing clustering performance. Some of
the widely used internal quality assessment indices
include the Silhouette Index, the Davies-Bouldin
Index (DBI), and the Dunn Index.

The Silhouette Index evaluates clustering quality
by considering both intra-cluster and inter-cluster
distances. It aims to maximize the silhouette
coefficients for all objects, thereby ensuring optimal
clustering. The Davies-Bouldin Index assesses
clustering quality by calculating the ratio of intra-
cluster distances to inter-cluster distances. A lower
DBI indicates better clustering quality, as it reflects
more compact and well-separated clusters. The Dunn
Index focuses on minimizing intra-cluster distances
while maximizing inter-cluster distances, thus
ensuring that clusters are both compact and distinct.

The spanning tree method is a powerful algorithm
for solving clustering tasks using a minimal spanning
tree. An MST is a subgraph that includes all vertices
of the graph and is a tree, meaning it contains no
cycles. The MST is constructed in such a way that the
sum of the edge weights is minimized. This method
can be applied to various optimization tasks, such as
route planning, transportation system design, and
energy expense optimization.

Several distance metrics can be utilized in the
spanning tree method, each with its advantages and
specific use cases. The Euclidean Distance is the most
commonly used metric, measuring the straight-line
distance between two points in multi-dimensional
space. It is precise for measuring direct distances and
is widely applicable in various domains. The
Manhattan Distance (City-Block Distance) measures
the distance between two points by moving along the
axes at right angles. This metric is particularly useful
in urban planning and transport routing tasks, where
movements are constrained along grid-like patterns.
The Chebyshev Distance, also known as the
maximum metric, measures the maximum difference
between the corresponding coordinates of points. It is
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useful in scenarios where the maximum deviation in
any one dimension is critical. The Bray-Curtis
Distance measures dissimilarity between two points
by considering the sum of the absolute differences
divided by the sum of the absolute values of the
coordinates. This metric is effective in ecological and
environmental studies.

Each of these metrics has its strengths and is
suitable for different types of data and clustering
tasks. For instance, the Euclidean distance is
preferred for its accuracy in measuring direct
distances, while the Manhattan distance is more
applicable in tasks involving movements along
coordinate axes.

Several algorithms can be used to construct the
minimal spanning tree, each with its own advantages
and computational efficiencies. Prim's Algorithm is a
widely used method for finding the MST in a
weighted undirected graph. It starts from an arbitrary
vertex and iteratively adds the minimum weight edge
connected to the visited vertices until all vertices are
included in the MST. The algorithm is effective for
its simplicity and computational efficiency, making it
suitable for a wide range of applications. Prim's
Algorithm can be summarized as follows: an arbitrary
starting vertex is selected and added to the set of
visited vertices. The algorithm then finds all edges
connected to the visited vertices and chooses the one
with the minimum weight, adding the new vertex
connected by the chosen edge to the set of visited
vertices. This process is repeated until all vertices are
visited, resulting in the MST.

The development of an automated system for the
quality assessment of the spanning tree method can
be facilitated by various development environments.
Visual Studio is a popular choice, offering
comprehensive tools for code editing, debugging, and
interface design. JetBrains Rider is another effective
environment, particularly for developing applications
in C#, F#, and Visual Basic, known for its code
assistance and debugging tools. Visual Studio Code
is a lightweight, free, and cross-platform code editor
that supports multiple programming languages,
making it versatile for various development tasks.

Each development environment provides unique
features and capabilities that can enhance the
efficiency and effectiveness of the development
process. Visual Studio offers a robust set of tools and
integrations, making it ideal for large-scale projects.
JetBrains Rider provides advanced code analysis and
navigation features, which can significantly improve
productivity. Visual Studio Code, with its extensive
library of extensions and plugins, offers a



customizable development experience that can be
tailored to specific project needs.

The theoretical foundations of the spanning tree
method and the associated clustering quality
assessment indices provide a comprehensive
framework for developing an automated system for
clustering real data tuples. By understanding the
complexities and requirements of clustering, the
selection of appropriate distance metrics, and the
implementation of efficient algorithms, it is possible
to create a robust system that enhances the accuracy
and reliability of clustering outcomes. The
development environments play a crucial role in
facilitating the implementation and refinement of this
system, ensuring that it meets the needs of researchers
and data analysts across various domains.

3 PROGRAM DEVELOPMENT

The development of a software system for loading
real data tuples from an Excel file into the program
involved two primary tasks: establishing constraints
for the Excel file and creating an algorithm for
loading the data tuples into the program. These tasks
were crucial to ensure the program's compatibility
and functionality.

Setting constraints for the Excel file was essential
because the program could not adapt to every possible
file format. The constraints were as follows:

1) Data should start from cell Al on the first sheet.
2) Columns must be labeled at the top.

3) Data should be organized sequentially from top to
bottom.

4) Only the first sheet of the Excel file should contain
data.

5) No extraneous information should be present on
the sheet.

These constraints ensured that the program could
reliably read the data from the Excel file without
encountering format-related issues.

To develop the algorithm for loading real data
tuples from an Excel file into the program using C#,
the *Microsoft.Office.Interop.Excel’ NuGet package
was employed. This package is a key component of
the .NET ecosystem for interacting with Excel files.
The program used the following steps to load the data:
1) Open the Excel application:

Excel Application ObjWorkExcel =
Excel Application(),

2) Open the Excel file using "OpenFileDialog’ to
specify the file path:

OpenFileDialog ofd = new OpenFileDialog();

ofd DefaultExt = "*.xlsx";

new
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ofd.Filter = "Microsoft Excel (*.xIs*)|*xls*";
ofd.Title = "Select Excel Document";
if (ofd.ShowDialog() != DialogResult. OK)

{

MessageBox.Show("No  file selected”, "Data
Loading...", MessageBoxButtons.OK,
MessageBoxIcon.Error);

return,

!

s
Excel Workbook ObjWorkBook =
ObjWorkExcel. Workbooks.Open(ofd.FileName);
3) Access the first sheet of the Excel file:

Excel Worksheet ObjWorkSheet

(Excel Worksheet)ObjWorkBook.Sheets[ 1],

4) Determine the range of used cells:

Excel. Range ShtRange = ObjWorkSheet.UsedRange;
int rowCount = ShtRange.Rows.Count,

int colCount = ShtRange.Columns.Count;

5) Read the data from the Excel file and store it in a
suitable data structure.

The algorithm reads the data from the Excel file,
checks for duplicates, and stores the unique data
tuples for further processing.

The implementation of the spanning tree method
for clustering real data tuples involves two main
tasks: constructing the minimal spanning tree and
clustering the MST into the desired number of
clusters.

The first step is to calculate the edge weights
between the data objects using the Euclidean metric.
The edge weights are then used to construct the MST
through Prim's Algorithm, which iteratively adds the
vertex with the minimum edge weight to the spanning
tree. The algorithm can be summarized as follows:

1) Initialize the MST with an arbitrary starting vertex.
2) Repeatedly add the smallest edge connecting a
vertex in the MST to a vertex outside the MST.

3) Continue until all vertices are included in the MST.

A parallelized version of Prim's Algorithm was
implemented to improve performance, using
‘Parallel.For' loops to calculate edge weights
simultaneously. The code snippet below shows the
parallelized weight calculation:

Parallel For(0, length - 1, i =>

{

int a = length - i;
vershiny[i] = -1;
weight[i] = new float[a - 1];
for(intj=1;j<a; jt+)
{

for (int t = 0, t < CountColomum, t++)

{

weight[i][j - 1] += (float)Math.Pow(list/[i, t]
- list[j + i, t], 2);



}
weight[i][j - 1] = (float)Math.Pow(weight/[i] [j -
1], 0.5);

_excel_table[i] = new float[ CountColomum];
for (int t = 0, t < CountColomum, t++)

_excel _table[i][t] = list[i, t];

/
y2a

The MST is clustered using the SEMST method,
which involves sequentially removing edges with the
maximum weights. This process divides the MST into
clusters based on the desired number of clusters. The
steps are as follows:

1) Sort all edges by weight in descending order.

2) Remove the top edges until the number of clusters
is achieved.

3) Store each clustering configuration in an array of
arrays, ‘clustering_vershiny .

The developed system uses the Davies-Bouldin
Index and the SV Index to evaluate clustering quality.
The ‘Qualite control’ method calculates these
indices. The method initializes several arrays and
variables necessary for the calculations, ensuring
accurate quality assessments.

The final task involves displaying the clustering
results and saving the chosen clustering model to an
Excel file. The user selects the desired clustering
configuration from a DataGridView, and the program
saves the data in the specified format.

The development of this software system
automates the quality assessment of the spanning tree
method for clustering real data tuples, significantly
enhancing the efficiency and accuracy of data
analysis processes. The detailed implementation
ensures compatibility with Excel files, efficient MST
construction, effective clustering, and reliable quality
assessment.

4 EXPERIMENTS AND RESULTS

Any program must be thoroughly tested for
functionality after it has been written. In
programming, unforeseen errors often occur during
testing, which need to be corrected. Therefore,
experiments were conducted on two datasets with
tuples containing four and three values, respectively.
The program is automated and can independently
determine the number of values in a tuple,
significantly simplifying its usage. The success of the
experiments was evaluated based on several criteria:
1) The program reads all data from the Excel file.

2) The program correctly saves the chosen clustering
variant.
3) The program accurately calculates the indices.

For the experiments, two sets of real-valued
vectors were used. These datasets included one output
parameter and several input parameters. In the first
experiment, the output parameter was ZN_BLOOD,
and the input parameters were S _AREA and
ZN_ WATER. The total number of data vectors was
392. However, the number of objects might decrease
during program execution, as some data vectors may
be identical, and the program does not account for
duplicate objects.

In the second experiment, the number of input
parameters increased by one, where S AREA was
split into two input parameters: HEIGHT and
WEIGHT. The total number of vectors remained 392,
similar to the first dataset.

During the experiments, the quality indices were
analyzed. The values of the indices were normalized
to a uniform scale using the formula:

X — Xmin
X —
Xmax — Xmin

For the Davies-Bouldin Index, the most optimal
result was achieved with 10 clusters. The first decline
in the index value often indicates the appropriate
number of clusters, which was satisfactory for this
dataset (Fig. 1). In this case, the SV index results were
not necessary. The SV index in this program is
primarily used to support the main quality index,
Davies-Bouldin.
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Fig. 1. Graph of index values for the 1st data set.

For the second dataset (Fig. 2), the index values
also indicated that the optimal solution was the first
decline in the Davies-Bouldin Index, which suggested
four clusters.
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Fig. 2. Graph of index values for the 2nd data set.

These results demonstrate that the program
successfully performs the intended tasks. It does not
produce errors when used correctly, reads all data
from the Excel file, correctly saves the chosen
clustering variant, and accurately calculates the
indices.

The program interface is straightforward. Upon
launching the executable file, the main window of
"Clustering" opens. This window contains several
buttons and an empty table. The first step is to click
the "Load Data" button, which opens the
OpenFileDialog window for selecting the Excel file.
Once the data is loaded into the table, users can
proceed to construct the index plot by clicking the
"Build Index Plot" button. The plot displays two
lines: the blue line for the Davies-Bouldin Index and
the red line for the SV index.

To save a clustering variant, the user selects the
row corresponding to the desired number of clusters
in the table and clicks the "Save Data" button. The
selected clustering variant is saved in an Excel file,
maintaining the same order as the original file, with
clusters separated by spaces.

The developed program automates the quality
assessment of the spanning tree method for clustering
real data tuples, enhancing the efficiency and
accuracy of data analysis processes. The
implementation ensures compatibility with Excel
files, efficient construction of the minimal spanning
tree, effective clustering, and reliable quality
assessment. The experiments conducted confirmed
the program's functionality and accuracy in
evaluating clustering quality using the Davies-
Bouldin and SV indices.
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5 CONCLUSION

To conclude, the creation of an automated system for
assessing the quality of the spanning tree method in
clustering real data tuples addresses a critical need in
the field of data analysis. This system significantly
enhances researchers' and data analysts' capabilities
to perform efficient and accurate clustering, thereby
uncovering meaningful patterns and structures within
extensive datasets.

The central aim of this research was to automate
the quality assessment of the spanning tree method to
determine the optimal number of clusters for real data
tuples. This goal was accomplished by developing
software that can read data from an Excel file,
construct a minimal spanning tree using Prim's
algorithm, cluster the tree, and evaluate the clustering
quality using the Davies-Bouldin Index and the SV
Index. Additionally, the program offers features for
visualizing clustering results and saving selected
clustering models.

Experiments validated the program's
effectiveness in handling real datasets. It was tested
on two datasets with different configurations,
demonstrating its accuracy in reading data, saving
clustering variants, and calculating quality indices.
Normalizing the index values ensured consistent and
reliable quality assessments.

A significant outcome of this research is the
development of a wuser-friendly interface that
simplifies data clustering and quality assessment
processes. Users can load data, construct index plots,
and save clustering results effortlessly, making the
program accessible to individuals with varying levels
of technical expertise.

The program's flexibility and adaptability to
different data types and clustering tasks are enhanced
by its support for multiple distance metrics and
clustering algorithms. Its capability to handle
multiple input parameters and duplicate data vectors
increases its applicability in various fields such as
medicine, biology, physics, and economics.

The implementation of parallelized algorithms for
constructing the minimal spanning tree has markedly
improved the program's performance, allowing it to
process large datasets efficiently. This improvement
ensures the program's utility for real-time data
analysis, which is vital in many practical applications.

In summary, the automated system developed in
this research offers a robust and reliable tool for the
quality assessment of the spanning tree method in
clustering real data tuples. Its accuracy, efficiency,
and user-friendly interface make it a valuable
resource for researchers and data analysts across



various domains. The system's versatility and
adaptability to different datasets and clustering tasks
ensure its wide applicability and potential for future
enhancements.

Future work could focus on expanding the
program's capabilities to include additional clustering
methods and quality assessment metrics. Improving
the program's visualization features and integrating it
with other data analysis tools could further enhance
its usability and functionality. Developing a web-
based version of the program could also increase its
accessibility and facilitate collaboration among
researchers and analysts worldwide.
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