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In the article, the problem of improving the support vector method based on the hybrid approach, designed to solve the problem
of diagnosis of cardiovascular diseases in the medical field, is considered. It is noted that the hybrid approach in adjusting the
hyperparameters of this method allows to achieve better results compared to individual methods.

The aim of the work is to develop an improved support vector machine based on an evolutionary hybrid algorithm by adjusting
hyperparameters.

Material and methods. In this case, a hybrid algorithm was developed, which is a combination of particle swarm and artificial
immune system algorithms, designed to adjust the hyperparameters of the support vector method.

Findings and their discussion. This hybrid algorithm combines the global search capabilities of the particle swarm algorithm and
the local optimization capabilities of artificial immune systems. In order to conduct experimental research using the developed
algorithm, cardiovascular diseases in the medical field were selected. By perfectly adjusting the hyperparameters of the support vector
method, the classification results were improved.

Conclusion. Thus, the possibility of diagnosing several types of cardiovascular diseases with high accuracy was achieved. At the
same time, results were obtained from the developed algorithm and existing algorithms, and they were compared and analyzed.
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B daHHoli cmamee paccmampueaemca npobsaema cosepuweHcmeo8aHus Memoda OnopHbIX 8eKMopoe nocpedcmseom 2ubpud-
HO20 M00x00a, NpedHa3HaYeHHO20 041 peweHUs 3a0a4u OUa2HOCMUKU cepdevyHo-cocyducmelx 3abonesaHuli. Ommevyaemcs, Ymo
2UubpuodHbIli N00X00 K Hacmpolike auneprnapamempos 3moz20 Memood Mo380sag8em 006uMbCA AYHWUX Pe3ysbmamos o CPA8HEHUH
C UHOUBUOBYAAbHBIMU Memooamu.

Llenb uccnedosaHua — paspabomame yayqweHHblli Memood OnopHbIX 8EeKMOpPOo8 HA OCHO8E 380/OUUOHHO20 2UbpPUOHO20
asz0pumMMa nymem KOppekmuposKU 2uneprnapamempos.

Mamepuan u memodel. Aemopamu paszpabomaH 2ubpudHebili anzopumm, npedcmasadouwuli coboli KombuHayur anzo-
pPUMMOB PoA Yacmuy U UCKYCCMBeHHO020 UMMyHUmMema, npedHa3Ha4yeHHbil 018 HacmpolKu aunepnapamempo8 memood
OMOPHbIX BEKMOPOS.
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Pe3ynbmameol u ux obcyxoeHue. [pednoxeHHbIl 2ubpudHbll anzopumm coyemaem 8 cebe 803MOHHOCMU 2106a1bH020
MOUCKA 0a120pUMMA POA HACMUY, U 803MOXHOCMU /I0KAAbHOU 0MMuMU3ayuu UcKyccmeeHHo20 uMmyHumema. Ana nposede-
HUA 3KCrepuMeHmMasnbHbIX UccaedosaHull ¢ Uucnonb3o8aHuem pa3pabomaHHo20 anzopumma bbiau 86I6pPaHbLI cepOeyHo -cocy-
ducmele 3ab60nesaHus. baazodapsa udeansvHoli HaOcmpolike sunepnapamempos Memooda OrNOPHLIX 8EKMOPO8 yy4YlieHbl pe-
3ynemamel KAaccu@uKayuu.

3akntoveHue. Takum obpasom, docmuzaHyma 803MOHHOCMb OUA2HOCMUKU HEeCKO/bKUX 8U008 cepdevHo-cocyoucmeoix 3abosne-
8aHuli ¢ 8bIcOKOlU mo4yHocmbto. [Ipu aMom nosnyyeHsl pesyasmamsi, 0ocmuzHymele ¢ MOMOWwblo paspabomaHHoO20 anzopumma
U cywecmsyrowux an20pummos, a makxce nposedeHsl Ux CpasHeHUe U aHanMU3.

Kniouesble cnosa: poli yacmuuy, euneprnapamemp, UCKYCCMBEHHAA UMMYHHAA cucmemd, 2ubpudHsili anzopumm, nokasamerns
npucriocobneHHocmu.

t is known that cardiovascular diseases (CVD) are among the most common diseases worldwide, and their
complications can lead to serious negative consequences [1]. For this purpose, it is necessary to develop
innovative methods that will be accurate and effective for early detection, prevention and treatment of these
diseases [2; 3]. In this regard, automation and optimization of the medical diagnostics process using
intelligent analysis methods, in particular support vectors and evolutionary algorithms, is one of the urgent
issues. The article discusses the development of an improved support vector algorithm based on a hybrid
approach for the diagnosis of several types of CVD.
Suppose that a set of weakly formed processes and objects (the research sample) is represented as

follows: X1, Xpz1- s Xpm € X, p=1r . Here the object x, = (xpir X535 xpi) i =T1,my, s

considered in an N-dimensional data space, and Xpp=1r1 denotes a set of classes consisting of my objects
Xp1, ...,xpmp. At this time, it is necessary to determine to which class in a given training sample an object

. 1 n
with an unknown class belongs X' ¢y« v oy X0 Xhggoe Xt

Purpose of the work: improve the support vector machine based on a hybrid approach designed to solve
the problem of diagnosing cardiovascular diseases.

The aim of the work is to develop an improved support vector machine based on an evolutionary hybrid
algorithm by adjusting hyperparameters.

Material and methods. Support Vector Machine (SVM) is widely used to analyze high-dimensional data
in data mining problems. SVM is a data processing method that uses linear combinations of basis vectors to
represent complex objects. One of the key aspects of working with SVM is the optimization of its
hyperparameters, which improves the efficiency and quality of the model’s predictions [4]. There are a
number of parameter tuning methods, including gradient descent, genetic algorithms, particle swarm
algorithms, artificial immune systems, and other widely used algorithms. A hybrid evolutionary approach to
tuning the hyperparameters of an SVM model can achieve better results than individual methods [5; 6].

Below, we will consider the development of a hybrid algorithm formed by combining particle swarm
optimization and artificial immune system algorithms for tuning SVM hyperparameters and its application to
the problem of predicting SVM.

Brief description of the particle swarm algorithm. Particle swarm optimization (PSO) is an optimization
algorithm that has been compared to the social behavior of birds and fish. The algorithm works by launching
a swarm of particles into a motion space, where each particle represents a potential solution. The particles
move through the search space toward the best position found by the swarm and toward their own best
position, thereby approaching the optimal solution. It should be noted that the particle swarm algorithm is a
popular evolutionary algorithm in the field of artificial intelligence and machine learning [7; 8].

In the particle swarm algorithm, particles (a swarm of agents) move through a search space in search
of an optimal solution. Each particle in the swarm has three parameters: speed, position, and fitness value.
Each particle keeps track of its best position. The global best position is the best value of any particle. Each
particle in the swarm changes its direction depending on its current position, speed, and local and global
best values [9; 10].

Brief description of the Artificial Imnmune System (AlIS) algorithm. AlS is an adaptive computing system
based on models, principles, mechanisms and functions described in theoretical immunology, used to solve
practical problems.
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Although natural immune systems have not been fully studied, today there are basic theories that explain
the functioning of the immune system and describe the interaction of its elements, which are [11]:

* negative selection theory;

¢ clonal selection theory;

e immune network theory;

They served as the basis for the creation of four types of AIS algorithms (clonal selection algorithm,
negative selection algorithm, immune network algorithm, dendritic algorithm) [12].

The main idea in creating the AlS algorithms was genetic and evolutionary computational algorithms. Both
of these algorithms are evolutionary algorithms.

Below is information about AlS algorithms [13]:

1. Clonal selection algorithm. This type of AIS is based on the theory of clonal selection of the immune

system. This involves creating a diverse set of antibodies and selecting the most effective ones through
a process of clonal reproduction and mutation. This algorithm is often used to solve optimization,
classification, and pattern recognition problems.

2. Negative selection algorithm: This algorithm is based on the immune system’s concept of self-non-self
differentiation. It involves creating a set of recognizable antibodies and comparing them with a set of
other antigens to detect anomalies or deviations. The negative selection algorithm is commonly used
to detect leaks and anomalies in computer networks.

3. Immune network algorithm: This algorithm is based on the interactions between immune cells of the
immune system. It models the interactions as networks and uses network mechanisms such asimmune
network dynamics and immune network optimization to solve optimization and pattern recognition
problems.

4. Dendritic cell algorithm: This algorithm is based on the behavior of dendritic cells of the immune
system, which play an important role in antigen presentation and immune response. It involves
collecting and processing information from antigens to generate appropriate responses. It is also used
to solve various problems, including clustering and classification of data.

Almost all immune simulators are based on negative and clonal selection algorithms. Antigens are like bit
strings — a sequence of zeros and ones. AIS must create antibody detectors that can quickly recognize
anomalies in the data stream [14].

The algorithms of the AIS are used to find solutions to a number of complex mathematical and
technological problems. Therefore, it can be considered one of the intelligent systems.

The above algorithms can be combined and used to tune the hyperparameters of the SVM algorithm. This
provides increased diagnostic accuracy of the SVM classifier. The steps to implement an evolutionary hybrid
algorithm designed to tune the hyperparameters of an SVM model for CVD prediction using particle swarm
and artificial immune system algorithms are as follows:

1. Data input and standardization. Data about patients are read from the dataset used for CVD diagnosis
and expressed as variables:

X = {X1, X2, .. Xn}’ y = {yl, Y2, .y yn}.

Then they are standardized:

where 4 is the mean value, o is the variance.

2. Optimization of SVM hyperparameters using particle swarm algorithm. The optimal parameters C and
y are determined using the particle swarm algorithm. The velocity of each particle is updated using the
following formula:

Vi =Wy e (- X0) +Cpn (g - x),
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where w is the coefficient of inertia, C,,C,is the velocity constant, I , I, is a random number in the range

[0,1], p i — the best position of the particle, g — the global best position. The position of the particle is
updated as follows:

(t+1) __
i =

X x4y

Fitness Function:

f(C,y)=1-Accuracy(C,y),
where Accuracy ( C,y) — accuracy of the SVM model. Optimal C and y are found as follows:
(C”,y")=argmin(C,y).

3. Improve the identified hyperparameters using the artificial immune system algorithm. This algorithm
further adapts C and y through mutation:

C'=C-(1+4-(r-05)),
y' =y -@+p-(r-05)),

where 8 — mutation rate (=0.1), and r — a random number in the range [0,1]. The model with the best
parameters is selected:

(Coinat 1 7 finat ) = 2rgmin(C, y) .

4. Classification with a SVM model with tuned hyperparameters. The SVM model operates with the
following radial basis function (RBF kernel):

K(x, %) =exp(=7 [ % =X IF)-

The SVM model performs classification using the following optimal hyperplane:
f(x)=> ay,K(x,x)+b-
i=1

Here
f(x)20=y=1 f(X)<0=>y=-1.

5. Iteration: Steps 2—4 are repeated until the specified iteration steps are completed or until high
classification accuracy is achieved.
6. Predicting a new object. The new object X n.wis standardized and fed to the SVM model:

g =sign(X ey, K (%, X,,) +b).

7. End of the algorithm.

The goal of this hybrid algorithm is to create the best classifier by optimizing the hyperparameters of the
SVM model, namely C and y, using particle swarm and artificial immune system algorithms.

Results and their discussion. To test the developed algorithm, computational experiments were
conducted on the CDD and ECG datasets used in the diagnosis of cardiovascular diseases (CVD). Datasets
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were obtained that predict the presence or absence of cardiovascular diseases (cardiovascular disease
dataset, https://www.kaggle.com/datasets/jocelyndumlao/cardiovascular-disease-dataset) and diagnose
cardiovascular diseases based on ECG data (ECG dataset, https://www.kaggle.com/code/thakursankalp/
detecting-cardiac-ailments-ml-w-ecg-data). The CDD study sample included data from 1000 patients who had
12 features. The last column of the dataset is a class column indicating whether the disease is present
(represented by 1) or absent (represented by 0).

ECG dataset consisted of 1200 records from patients diagnosed with CVD, which were divided into
4 groups according to the diagnoses given to the patients, namely: ARR — arrhythmia (1-300),
AFF — fibrillation atrial (301-600), CHF — congestive heart failure (601-900), and NSR — normal sinus
rhythm (901-1200). The data is based on the MIT-BIH physiological network database. So, the file contains
records of 1200 x 56. Column 1 contains the serial number of the record, and column 56 contains the type of
disease. The remaining columns are features, which are the results of the ECG [10].

These datasets are used to determine the diagnostic capabilities of the SVM algorithm and improved SVM
algorithms based on the hybrid approach.

Below are the results obtained by the SVM algorithm using the CDD and ECG datasets (Fig. 1-2).

Results for the CDD dataset:

Confusion matrix

Classification report:
precision recall f1-score support

100

80

0 09 095 096 83
1 097 097 097 117

60

True class

accuracy 0.96 200
macroavg 096 096 0.96 200
weightedavg 096 096 096 200

- 40

-20

Predicted class

Fig. 1. Confusion matrix obtained using the SVM algorithm on the CDD dataset

Results for the ECG dataset:

Cenfusion matrix
60
Classification report:

precision recall fl-score support s
AFF 091 0.80 0.85 60
ARR 1.00 1.00 1.00 62
CHF 082 093 0.88 60
NSR 1.00 0.98 0.99 58

40

30

True class

=20

accuracy 0.93 240
macroavg 093 0.93 0.93 240
weightedavg 093 0.93 093 240

-10

Predicted class

Fig. 2. Confusion matrix obtained using the SVM algorithm on the ECG dataset
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The results obtained from the improved SVM algorithm based on the hybrid approach are presented

below (Fig. 3-4).
Results for the CDD dataset:

Classification report:
precision recall fl-score support

0 099 099 0.99 83 2
1 099 099 099 117 2
accuracy 0.99 200

macroavg 099 099 0.99 200
weightedavg 099 099 0.99 200

Confusion matrix

-40

- 20

Predicted class

Fig. 3. Confusion matrix obtained using the improved SVM algorithm on the CDD dataset

Results for the ECG dataset:

Classification report:
precision recall fl-score support

AFF 1.00 0.93 0.97 60

ARR 0.98 1.00 0.99 62 .
CHF 094 100 0.97 60 s
NSR  1.00 0.98 0.99 58 =
accuracy 0.98 240

macroavg 098 098 0.98 240
weightedavg 0.98 0.98 0.98 240

AFF

ARR

CHF

NSR

Confusion matrix

60

50

40

- 30

-20

-10

ARR CHF
Predicted class

'
AFF NSR

Fig. 4. Confusion matrix obtained using the improved SVM algorithm on the ECG dataset

The obtained results create the possibility of developing software tools with high diagnostic accuracy.
The accuracy of the improved SVM algorithm is compared with the results obtained using existing classifiers

in the WEKA and KNIME programs (Table).

Table

Classification accuracy of algorithms

Naive Bayes | IBk Random 148 S MO Hybrid algorithm
Forest
In Weka 90.25% 97.33% 97.18% 97.28% 95.2% 98.0%
Ada Boost Logistic Naive Bayes | SVM Random Hybrid algorithm
Forest
In Knime 75.0% 93.33% 88.75% 93.75% 96.66% 98.0%
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The table shows that the classification accuracy of the improved SVM algorithm is higher than that of

other algorithms. This result was obtained by tuning the SVM hyperparameters using a combination of the
PSO and AIS algorithms. The developed algorithm has the following advantages:

— Combines the global search capabilities of the particle swarm algorithm and the local optimization
capabilities of artificial immune systems;

— The algorithm, developed using the mutation and selection mechanisms of the artificial immune
system algorithm, increased its adaptability to various environments;

— The particle swarm algorithm approaches the optimal solution, while artificial immune systems
improve it even more;

— Improving classification results by fine-tuning the hyperparameters of the SVM model.

Conclusion. The performance results of the proposed SVM algorithm itself and its improved version by

adjusting the hyperparameters based on the evolutionary hybrid algorithm show that for the CDD dataset,
the classification accuracy in the SVM algorithm was 96%, and in the improved algorithm — 99%. For the ECG
dataset, the classification accuracy in the SVM algorithm was 93%, and in the improved algorithm — 98%.
Accordingly, the accuracy was increased by 3% in the CDD dataset and by 5% in the ECG dataset by adjusting
the hyperparameters. The application of the improved SVM algorithm to create software tools used to solve
diagnostic problems significantly improves the diagnostic accuracy. Thus, it is possible to create a software
tool with high diagnostic accuracy.
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