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AN ALGORITHM FOR CREATING A SEMI-SYNTHETIC DATASET FOR
DIABETES

Recent advances in the areas of artificial intelligence and machine learning have opened up new
avenues for enhancing the practice of medical diagnosis. However, researchers face difficulties in
accessing quality datasets because of the sensitive nature of real clinical data related to diabetes
mellitus. The main objective of this research is to introduce an algorithm intended to generate a
semi-synthetic training dataset aimed at improving classification accuracy for diabetes mellitus,
particularly type 1 and type 2 diabetes. An algorithm to generate semi-synthetic diabetes data by
statistically analyzing clinical attributes from real patient records. For improving the generation of
synthetic samples without altering the properties of the original data, a similarity-based approach
focusing on class-object relations was used. The approach used successfully generated synthetic
data instances that preserved the inherent structure and distribution typical of real patient data.
A similarity-based mechanism ensured the relevance of the created instances, while the study
outlined a sequence of steps intended to improve the quality of synthetic datasets. The proposed
algorithm creates artificial datasets for diabetes classification with patient data protection. This
methodology led to the rise in intra-class similarity from 76.18% to 82.93%, which in turn enhanced
the diagnostic accuracy of artificial intelligence-based models.

Key words: diabetes prediction, semi-synthetic dataset, Data augmentation, machine learning
algorithms, synthetic medical data, generative model, object similarity.
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KanT quaberiHe apHaJIFaH >KapThLJIAll CUHTETUKAJIBIK, J€PEKTEP YXUBIHTBIFbIH KYPaCTbIPY

ajaropuTMmi

ZKacanpr MHTEJUIEKT IEeH MAIITMHAJIBIK, OKBITY CAJIACHIH/IAFbI COHFBI XKETICTIKTEp MEIUITUHAJIBIK, 1~
arHOCTHUKA TOyKipubeCiH KeTiipy/IiH KaHa MyMKIHIIKTepiH amThl. AJtaiiia, 3epTreyiiaep KaHT
JuabeTiHe KAThICThI HAKTHI KJIMHUKAJIBIK JIE€PEKTEPIH KYIINs CUIIAThIHA OailJIAHBICTHI CallajIbl MOJIi-
METTEp KUBIHTBIFBIHA KOJI JKETKI3y/le KUBIHJIBIKTapra Tam 0osyma. Bysr 3eprreyain 6acTsl Mak-
caTel - KaHT auabeTiH, ocipece 1-mmi »koHe 2-1mi Tmmreri AuaderTi KIKTEy MQJITH apTThIPYFa
OarpITTaFaH )KaPThUIAl CHHTETUKAJIBIK OKY JE€PEKTEP YKUBIHTHIFBIH KYPY ajaroputmin yeoiny. Ha-
YKaCTap/IbIH HAKTHI 2Ka30a/IapblHAH AJIbIHFAH KJIMHUKAJIBIK KOPCETKIIITEP/Il CTATUCTUKAJIBIK, TaJl-
Jay apKbLIbL 2KapThlJIail CHHTETHKAJBIK, 1rnabeT JepeKTepiH Kypy ajJropuTmi 93ipJieH/i.
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Bacranksr mepekTepain KacHeTTepin e3repTiiell CHHTETUKAJIBIK, YITLIep/Ii XKacayIbl 2KaKCapTy YIIiH
CBIHBITI-HBICAH KATHIHACTAPBIHA HETI3eTeH YKCACTHIK TOCLI KOJIIAaHBLI IR Bys Tocin HaykacTap-
JIBIH HAKTHI JIeEPEKTEPIHE TOH 1K1 KYPBIJIBIMbI MEH TapaJIyblH CAKTANTHIH CHHTETUKAJIBIK, JIEPEKTED
YATiIEpiH COTTI 2Kacayra MyMKIH/IK Oepi. ¥ KCACTBIKKA HET13/Ie/ITeH MEXaHU3M KacaJiraH y/rijep-
JIiH, ©3EKTLIIrH KaMTaMachI3 €TTi, ajJ 3ePTTEY CHHTETUKAJIBIK, JEPEKTEP KUBIHTHIFBIHBIH, CATACHIH
apTTHIpyFa apHAJFaH KaJaMaap Ti30eriH YChIHIbI. Y ChIHBLIFAH AJITOPUTM HAYKACTAD TYPAJIbI Je-
pPeKTepii KOprail OTBIPHII, JUA0ETTi KIKTey YIIiH YKACAHIbI AePEeKTep YKUBIHTHITBIH Kypaabl. By
aicTeMe KJIacimiyiK yKeacThIKThI 76.18%-1an 82,93%-ra jeitin apTTLIpyra aKesii, Oy o3 Ke3eril-
JIe YKACaHIbl MHTEJJIEKTKE HETi3JIeJINeH MOJIEJIbEP/IiH, TUATHOCTUKAJIBIK, JIJIJIITIH >KOFAPhIIATTHL.
Tyitia ce3aep: kauT quaberin 60JKAY, XKAPThLIa CHHTETUKAJIBIK IEPEKTED YKUHAFDI, JePEeKTeP/Ii
KODe!Ty, MAITUHAJIBIK, OKBITY AJTOPUTMIEP], CHHTETUKAJIBIK, MEeIUIIMHAJIBIK JIePEKTeD, TeHepaTUB-
TiK MOJIEJb, OOBEKTIIEPIiH, YKCACTHIFDI

A.X. Humanos!”, ®.3. Menrrypaes?, ®.®. Omnambepranos’, V.B. Amnaspos®, M.A. Xacanosa?,

IT. Tounépona’
! TamkenTckuil yHIBEpCHTET HH(POPMAIIOHHLIX TEXHOJOTHH nMenu MyxaMMaa aib-Xopesmu, TallkenT,
V3b6ekucran
2 JlenaycKuii HHCTHTYT IIpeIIPHHAMATEILCTBA U Hejaroruky, Jenay, Ya6ekucran
3Tepmescknit dumasn TamkenTcKoil MequIMHCKOI akaaemun, Tepmes, Ys6exucran
4TaIKenTCKAsT MeTHIIMHCKAST aKaIeMust, TalTkeHT, Y30eKncTan
*e-mail: nishanov akram@mail.ru
AaroputMm OJisi co3JaHUSI MOJIyCUHTETUYECKOTO Habopa /JaHHBIX MO aAuabery

[Tocnename mocTukennsi B 00JIACTH MCKYCCTBEHHOTO WHTEJJIEKTA M MAITHHHOTO O0yYeHUs OTKPBI-
JI HOBbIe BO3MOXKHOCTH JIJIsl COBEPIIIEHCTBOBAHNS MIPAKTUKYM MEJIUIUHCKOM quaraoctuku. O HaKO
HCCJIEIOBATENN CTAJIKUBAIOTCS C TPYIHOCTSIMH B JOCTYIlEe K KadeCTBEHHBIM HaOOpaM JAHHBIX U3-
38 KOH(DUIEHIINAJIBHOCTH PeasIbHBIX KJIUHUYECKUX JIAHHBIX, CBSI3aHHBIX C CaXapHBIM JIUA0ETOM.
OcCHOBHOIT TIEJIBIO JAHHOTO UCCJIEJIOBAHUS SIBISETCS Pa3pabOTKa aJropuT™a, IpeHAa3HAYeHHOrO
JIJIst TEHEPAITUH TIOJIyCUHTETUIECKOTO 00y IaroIero Habopa JaHHbIX, HAITPABJIEHHOTO HA TIOBBIIEHUE
TOYHOCTH KJACCU(UKAIIAN CaXapHOro JuabeTa, B 9acTHOCTH, quabera 1 u 2 Tuna. Beur pazpaboran
AJITOPUTM [IJIsl TEHEPAINY [IOJIYCHHTETUIECKUX TAHHBIX O JHa0eTe IIyTeM CTATUCTUIECKOTO aHAIA3A
KJIMHUYECKUX aTpUOyTOB U3 peasibHbIX 3aluceil manueHToB. Jjisi yrydineHus reHepaun CHHTeT -
JecKuX BbIOOPOK 6e3 M3MeHeHMsl CBONCTB MCXOJHBIX JAHHBIX OBLI UCIIOJIB30BaH IIOIXO0J, OCHOBAH-
HBIIl HA CXOZCTBE U OPUEHTUPOBAHHBIN HA OTHOIIEHUS MEXK/Ty KJIACCAMA U O0bEKTAMM. JTOT TOIXOT,
YCIIEITHO CT€HEPUPOBAJI IPUMEPBI CHHTETUIECKUX JAHHBIX, KOTOPbIE COXPAHMIIN IPUCYIILYIO CTPYK-
TYpY U pacIpejiejieHue, TUTNIHbIE J[JIsI PEAJIHHBIX JTaHHBIX MarueHToB. MexannsM, OCHOBAHHBIN HaA
CXOJICTBE, 00ECIIeYnJI PEJIEBAHTHOCTD CO3/IAHHBIX IPUMEPOB, B TO BPEMd KaK B UCCJIEIOBAHUH ObLIA
OIIpejieJIeHa TIOC/Ie0BATE/IbHOCTD IIIAr0OB, HAIIPABJIEHHBIX Ha MOBBIIIEHE KA9eCTBA CHHTETUIECKIX
HAOOpPOB JMaHHBIX. [IpeIoyKeHHbBI AJITOPUTM CO3/Ia€T UCKYCCTBEHHBIE HAOOPHI JTAHHBIX JJIsd KJIac-
cuduranym auabeTa ¢ 3aluTONl JAHHBIX HANEeHTOB. JlaHHas MeTOIMKa MPUBEJa K YBEJIMIEHUIO
BHYTPHUKJIACCOBOrO cxozcTBa ¢ 76.18% mo 82.93%, 4ro, B CBOIO 0Yepe/ib, OBLICUIIO JUAIHOCTUIE
CKYIO TOYHOCTb MOJIeJIeil Ha OCHOBE MCKYCCTBEHHOI'O MHTEJIJIEKTA.

Kurouessie ciioBa: [Ipornosuposanue juabera, MOJyCUHTETHYECKNT HabOp JaHHBIX, ayrMeHTa-
[Usl JTAHHBIX, AJITOPUTMBI MAITUHHOTO OOYYeHWs], CHHTETUIEeCKUEe MEIUIINHCKUE JaHHbIe, TeHepar-
TUBHAS MOJIEJIb, CXOJICTBO OOBEKTOB.

1 Introduction

In recent years, machine learning architectures have been widely used in various fields,
including medicine [1-5]. Artificial intelligence systems enable improvements in medical
diagnostics, early disease detection, and personalized patient care. However, the effectiveness
of deep learning algorithms is directly related to the volume and quality of data. In
particular, since medical data contains personal information, maintaining its confidentiality
is a significant challenge.
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Diabetes mellitus is a global problem today, with its prevalence increasing year by year.
According to the World Health Organization, 108 million people were affected by this disease
in 1980, and by 2014 this figure had reached 422 million [6]. The International Diabetes
Federation (IDF) projects that this number could rise to 783 million people by 2045. Diabetes
is also widespread in Uzbekistan, with 6.3% of the population aged 20-79 suffering from this
disease, according to XDF data for 2021.

The use of synthetic data is of great importance in medicine. Synthetic data serves to
create a safe environment for analysis and machine learning without disclosing personal data
of real patients. In creating synthetic data, statistical models, probabilistic analysis, machine
learning, and deep learning methods are employed [7-9]. Synthetic data is divided into three
types: fully synthetic, semi-synthetic, and hybrid. Semi-synthetic data is based on generating
new data while preserving the statistical characteristics of real patient data. The hybrid
approach is used to create large volumes of synthetic data based on small real databases.

This article examines 6 classes and 140 objects for type 1 diabetes, and 16 classes and 340
objects for type 2 diabetes. The small number of objects belonging to certain classes reduces
the reliability of the classification process. Therefore, it is crucial to improve the accuracy of
the analysis results by increasing the number of objects using synthetic data. This approach
aims to enhance the efficiency of artificial intelligence algorithms and improve the diagnosis
of diabetes.

2 Related works

Several studies have been conducted on increasing synthetic data for early detection of
diabetes mellitus, including P.Sampath, G.Elangovan, K.Ravichandran, and others, who
proposed an approach to predicting diabetes using the SMOTE synthetic sampling technique
using the ensemble machine learning technique [10]. Among these, P. Sampath, G. Elangovan,
K. Ravichandran, and others proposed an approach to predicting diabetes using the
SMOTE synthetic sampling technique in combination with ensemble machine learning [10].
Z. Tagmatova, A. Abdusalomov, R. Nasimov, and others proposed a rule-based blending
method to represent the quality of the data distribution histogram for assessing the similarity
between different classes [11]. Casey Greene suggests early detection of diabetes through
data generation on the application of artificial intelligence and machine learning methods in
medicine.

There have been a small study on the synthetic multiplication of tabular data presented
in the nominal space, reflecting the main symptoms of diabetes mellitus. Moreover, due to
the high complexity of hybrid algorithms designed for tabular data existing only in nominal
space when classifying diabetes mellitus, this study proposes a relatively simple approach.

3 Problem statement

Suppose that in the N-dimensional space of nominal features, datasets of breast cancer cases

_ . . . . _ 1 2 N
Tp1, Tp2, - - -, Tpm, €EXp, p=1,7 13 given. Each object in the datasets x,; = (xpi, Ty - ,xpi),
i = 1,m,, represents a patient in the space of N -dimensional nominal features. Here,

Tpi, is read as the i-th object of the p - class, N denotes the number of features that
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comprise the objects, and m, denotes the number of objects in the p-class. So, patients
Ty = (25;, 22, ..., x)) constitute the i (i = 1,m,) objects of the p -class [12-16].

Problem. It is necessary to generate synthetic training samples using the general sample
z; € X,i=1,M in a given N-dimensional space of nominal features, adding & new objects
to each class. In doing so, it is required that the degree of similarity between the objects of
classes @p1, Tpa, - - . Tpm, € Xp,p = 1,7 be no less than § > 55 . Here, class X, consists of m,
objects T, ..., p, , and X =J,_; X,.

Let the quantity indicating the similarity of objects in the space of nominal symbols be
determined by p? (z,; x,,) and calculated by (1):

' 1, if (xgn —al.)=0;
Pin‘ (Tpi, Tpg) = (1)
0, otherwise

where p=1,r;1#¢=1,m,;j =1, N.
The expressed quantities (1) are the parameters of the vector, which is expressed in the

) 1
following form pp; (i, Tpg) = (Pp; (TpiTpg) > Ps (TpiTpg) 5 - - - , Oy (Tpi Tpg) -

So, for any two objects x,, and z,, of class p in the bool vector space, there exists
a bool vector pp; (T,:,1p,) = (pll)i (ZpiTpq) s Poi (TpiTpg) s - - -, Py (Tpi,Tpg). The components of

this vector indicate the similarity or difference between the two objects with respect to the
considered feature. If pz)i (@pi,xpg) = 1, then the objects z,; and x,, are similar in terms of the
j- feature; otherwise, that is, if p;i (@pi,Tpy) = 0, it means they are not similar with respect
to the j- feature [8-9].

Let’s list the following stages of solving the above-mentioned problem of creating a semi-
synthetic datasets:

1. First, the objects of the training set x; € X,i = 1, M, are divided into r classes. That is,
based on the RCM program, the objects 1, 22, ..., Tpm, € X, p = 1,7 are separated
into classes;

2. Based on the equations (1) given above, all p = 1,r; i # ¢ = 1,m,j =
I, N for all parameters of the vector ppi(xpxp,). That is pp(2pxp,) =
(p;n. (@i, Tpq) ,pf)i (i Tpq) 5 - - - ,p% (@pi xpq) vector symbols are calculated for p = 1,r; ¢ #

q=1,mp;j=1,N;
3. The position of the ¢-object in the optional p-class in the remaining set of m,—1 objects
of this class is evaluated as follows [10,11]:

mp—1 N

S P (@) p=Lr si=Lmyiq.

g=1 j=1

1

:mp—l

Lpi (mpi,Xp)

4. The general grade of the arbitrary p-class is calculated based on the criterion
r,(X,) = 1,, S Tpi (26.X,), p=1,r. The degree of similarity of their objects is

T om

evaluated as follows:

T, (X,)*100%

vp (Xp) = = N

, p=1,r
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5. When synthetically creating a new object T for classes X, p = 1,7, objects created with
the preservation of essential features that ensure an increase in the average similarity
level v, (X,) of objects in this class are added to this class.

6. If the number of objects in class p is m, = 1, then when creating a synthetic object,
it is created while preserving the features that distinguish the object of the class from
objects of other classes. It is required to satisty v, (X,) >¢.

These calculations are performed for all objects of the semi-synthetic datasets z,;, , p =
1,7 i =1, K; and the obtained new classes x,, T2, .., Tpm, EXp, D = 1,7, produce a semi-
synthetic datasets. Here, m, = m, + K.

4 Diabetes symptoms and real dataset

In this study, 1106 medical records of patients with diabetes mellitus were examined, of
which 480 were deemed suitable in collaboration with doctors from the regional endocrinology
clinic. Among these, 340 were classified as type 2 diabetes, and 140 as type 1. For type 2
diabetes, 50 susceptible signs of 19 symptoms were identified. Based on these objects and
symptoms, they were categorized into 16 classes depending on the type of disease. For type
1 diabetes mellitus, 10 symptoms were divided into 12 perceivable features and 7 classes.
When classifying diabetes mellitus using the RCM program, the degree of object similarity
was divided into classes up to 65%. Symptoms and signs for type 1 and type 2 diabetes are
presented in Tables 1-2.

Table 1

Symptoms and signs for Type 2
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Symptoms of diabetes

Signs of possible symptom manifestation

Age (Age at the onset of illness)

1- Up to 30 years old
2- Over 30 years old

Mouth dryness

1- No dry mouth
2- Mild or moderate dry mouth
3- Severe dry mouth

Feeling of thirst

1- No feeling of thirst
2- Mild or moderate feeling of thirst
3- Strong feeling of thirst

Drinking water

1- Normal
2- Moderate
3- Frequently and often

Frequent and excessive urination

1- Normal
2- Moderate
3- Frequent and increased

By descent

1- Yes
2- No

Mental and emotional stress

1- Yes
2- No

Pancreatic injuries

1- Yes
2- No

Appetite

1- Normal
2- Increased appetite

Rate of disease progression

1- 10 days to 6 months
2- Longer than 6 months
3- Unknown

Pain in the legs

1- None
2- Light
3- Strong

Frostbite on the hand

1- None
2- Light
3- Strong

Persistent sores on palms/fingers

1- No
2- Yes

Tingling in the feet/toes

1- None
2- Light
3- Strong

Frostbite in the feet/toes

1- None
2- Light
3- Strong

Warmth in the feet/toes

1- None
2- Light
3- Strong

Non-healing wounds on feet/toes

1- None
2- Light
3- Strong

Difficulty controlling urination

1- Can hold
2- Can’t hold

Getting hungry quickly

1- None
2- Light
3- Strong
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Table 2
Symptoms and their recognizable signs for Type 1

T/r Symptoms of diabetes Signs of possible
symptom manifestation

st Age (Age at the onset of | 1- Up to 30 years old
illness) 2- 30 to 35 years old
52 Mouth dryness 1- No dry mouth
2- Mild or moderate dry
mouth

3- Severe dry mouth

s Feeling of thirst 1- No feeling of thirst

2- Mild or moderate feeling
of thirst

3- Strong feeling of thirst

S Frequent and  excessive | 1- Normal urination
urination 2- Moderate urination

3- Frequent and increased
urination

S General fatigue 1- No general weakness

2- Moderate  general
weakness

3- Severe general weakness

58 Losing 10 kilograms in a | 1-yes
month 2-no
s’ By descent 1-yes
2-no
58 Pancreatic injuries | 1-yes
(infectious and non- | 2-no
infectious)
59 Mental and emotional stress | 1-yes
2-no
510 Rate of disease progression | 1- From 10 days to 1
month.
2- From 1 month to 3
months.

3- Longer than 6 months

The first column of the table presents the designation of symptoms, the second column
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contains the names of symptoms of diabetes mellitus, and the third column lists the possible

signs that these symptoms may exhibit.

The dataset, created based on the aforementioned symptoms and their indicators, has
been converted to a nominal space, which is crucial for the early diagnosis of diabetes mellitus

(Table 3-4).
Appearance of the dataset for Type 2
Table 3
T (2 [ 3 T2 55 [0 157 [ 559 [ 501 1] 512] s3] 58] 515] 416] 171 58] 19] Class
xl 2 3 2 3 2 1 1 2 1 1 3 3 1 3 3 3 2 2 2 1
22 2 3 2 3 3 2 2 2 1 2 3 3 2 3 3 3 2 2 3 1
a3 2 3 2 2 3 2 2 2 1 2 3 2 1 3 3 3 2 2 2 1
x4 2 3 3 3 3 2 1 2 1 2 3 1 1 3 3 3 1 2 2 1
xP 2 3 3 3 3 2 1 2 1 2 3 3 1 3 3 3 3 2 1 1
233602 13 |3 |3 (2 (|2 (122 (2|2 |1 |11 ]2 |1 |1 |1 |1 |16
23702 13 13 13 (3 [2 (121221122111 |1 |16
2382 13 13 |3 [3 |21 ]2 1121211 ]2 ]2 111 ]1]16
2902 3 3 [3 3 [2 1 ]2 1 ]2]2 21122111 |16
202 [3 3 13 [3 212 1212 21112121111 11116
The first training dataset consists of 340 objects, which have been categorized into 16
classes based on 19 features.
Appearance of the dataset for Type 1
Table 4
X! x? x xt x a0 x’ a8 x? 210 Class
xt 1 3 3 3 3 2 2 2 2 1 1
x? 1 3 3 3 3 2 2 2 2 1 1
3 1 3 3 3 3 1 2 2 2 1 1
xt 1 3 2 3 3 2 2 2 2 1 1
x° 1 3 3 3 3 2 2 2 2 1 1
2130 1 3 3 3 2 2 1 2 2 1 7
137 1 3 3 3 2 2 1 2 2 1 7
138 1 3 3 3 3 2 1 2 2 1 7
139 1 3 3 3 1 2 1 2 1 1 7
2140 1 3 3 3 1 2 1 2 2 1 7

The database for type 1 diabetes contains 140 objects, which are categorized into 7 classes

based on 10 characteristics.

(Fig. 1) shows a diagram of the existing classes in the dataset for type 2 diabetes, broken

down by objects.
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Figure 1. Objects count in the classes of type 1 diabetes mellitus

This training sample consists of 340 objects, which have been divided into 16 classes based
on 19 features using a clustering algorithm focused on a set of informative characteristics.
The distribution of objects across classes is as follows: class 1 contains 42 objects, class 2 has
3 objects, class 3 has 4 objects, class 4 has 1 object, class 5 has 51 objects, class 6 has 45
objects, class 7 has 2 objects, class 8 has 77 objects, class 9 has 32 objects, class 10 has 27
objects, class 11 has 1 object, class 12 has 34 objects, class 13 has 3 objects, class 14 has 6
objects, class 15 has 4 objects, and class 16 has 8 objects.

The diagram of the existing classes in the educational sample for the type 1, respectively,
in the section of objects, is shown in Fig. 2.
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Figure 2. Objects count in the classes of type 1 diabetes mellitus

In the educational sample for type 1 diabetes mellitus, 140 objects are provided. Using an
algorithm for selecting a set of informative features, these objects are divided into 7 classes
based on 10 characteristics. The distribution of objects across classes is as follows: 43 objects
in the 1st class, 8 objects in the 2nd class, 3 objects in the 3rd class, 19 objects in the 4th
class, 54 objects in the 5th class, 7 objects in the 6th class, and 7 objects in the 7th class.
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These dataset include subjective and objective signs of types of diabetes mellitus, genetic
predisposition, and the body’s various reactions to the disease. The possible values of the
symptoms represent the severity of the disease and the rate of its progression. The dataset
also serves to improve disease diagnosis, identify the illness in its early stages, and develop
individual therapeutic approaches. However, the insufficient number of objects in all existing
classes affects the complete and successful implementation of the classification process. As a
solution to this problem, an algorithm for creating a new synthetic object based on existing
objects in the class was developed.

5 Algorithm for creating a semi-synthetic dataset on diabetes

This algorithm aims to create a new expanded dataset by evaluating the similarity of synthetic
objects generated for a nominal feature space.

The algorithm consists of the following steps.

Step 1. The objects of the general training sample are entered into the database. The
initial database is formed in the context of all objects z;€X,i = 1, M;

Step 2. The process of preliminary data processing is carried out. This stage involves
data cleaning, which includes eliminating errors, restoring lost values, removing duplicates,
and clarifying ambiguous information in the collected data. After these adjustments, data
normalization is performed.

Step 3. The general training dataset is preliminarily divided into classes
Tpls Tp2s - o Tpm, €Xp, p=1,r. o

Step 4. For each formed class, the average similarity values of objects v, (X,), p=1,r
are determined.

Step 5. A new object T is created for classes X,,, where p = 1, r, while preserving essential
features that ensure an increase in the average similarity level v, (X,) of objects within this
class.

Step 6. If a class p contains only one object (m, = 1), then when creating a synthetic
object, it is formed while preserving the features that distinguish the object of this class from
objects of other classes.

Step 7. Steps 5 and 6 are repeated until K new synthetic objects are added to each class.
As a result, classes consisting of hybrid objects are formed.

The problem mention in Section 3 is solved using the proposed algorithm.

6 Experimental results

In the experimental trials, classes with fewer than 20 objects were selected from the general
educational sample, based on which synthetic objects were created (Fig. 1).

The results obtained using the algorithm for creating a semi-synthetic dataset based on
the average similarity of objects within a class are presented in the following (Table 4). The
aforementioned table was populated according to the procedure described above.

The results of this experiment are aimed at evaluating the effectiveness of the algorithm
for creating a semi-synthetic dataset. The study describes the number of objects belonging
to different classes, their degree of similarity, and the changes observed after introducing
synthetic objects. As evident from the table, the number of real objects in classes varies, and
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the degree of similarity between them differs. After the introduction of synthetic objects,
these similarities increased correspondingly.
Table 4
Analytical results of the algorithm for creating a semi-synthetic dataset (K=50)
Class 2 3 4 7 11 13 14 15 16
Object 3 4 1 2 1 3 6 4 8
count
Average 71.93 | 76.32 | - 68.42 | - 75.44 | 77.54 | 79.82 | 83.83
object
similarity
(%)
Average 86.01 | 87.18 | 69.59 | 89.36 | 70.51 | 86.68 | 81.93 | 88.27 | 86.88
similarity
between
classes
including
synthetic
objects (%)
Difference(%)4,08 | 10,86 | - 20,94 | - 11,24 4,39 | 8,45 | 3,05
The data in the table indicate that initially the average degree of similarity between
classes was 76.18 percent. However, after implementing the semi-synthetic dataset algorithm,
the average degree of similarity between classes increased to 82.93 percent (Fig. 3).

100
80
60
40

20

2 3 4 7 11 13 14 15 16

Original dataset Semi-synthetic dataset

Figure 3. Change in average similarity levels between class objects

To comparatively assess the reliability of the developed algorithm, a classification of the
created hybrid training sample was conducted using popular machine learning methods. The
recognition rates for each class using three different methods are shown in detail in Table 5.

The results of the experimental trials demonstrated that the dataset obtained through
the algorithm developed for creating a semi-synthetic dataset has high reliability.
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Class Decision Tree | KNIN Proposed

(Precision) (Precision) algorithm
(Precision)

2 93% 100% 100%

3 100% 100% 100%

4 100% 100% 100%

7 100% 100% 100%

11 90% 100% 100%

13 100% 100% 100%

14 94% 100% 100%

15 91% 91% 91%

16 93% 74% 80%

Accuracy 95,7% 94% 96,6%

7 Conclusion

This article proposes the use of artificial intelligence and machine learning technologies for
the classification of diabetes mellitus. Due to data confidentiality issues and the problematic
nature of directly accessing real patient information, an algorithm for generating synthetic
training samples has been developed. This algorithm ensures the creation of new synthetic
objects while preserving the statistical characteristics of real data.

The work developed a mechanism for generating synthetic data based on the clinical signs
of patients with type 1 and type 2 diabetes mellitus. For type 2 diabetes, 16 classes and 340
objects were examined, while for type 1 diabetes, 7 classes and 140 objects were analyzed.
This approach helps to expand the database and improve the accuracy of artificial intelligence
models in diagnosing the disease.

The proposed algorithm aims to calculate the similarity degree of class objects and
optimize their distribution. After the addition of synthetic objects, the average similarity
degree of the classes increased from 76.18% to 82.93%.

In conclusion, it should be emphasized that in this study, an algorithm for generating
synthetic training samples was developed to improve the classification and diagnosis of
diabetes mellitus, while maintaining patient data confidentiality. This algorithm ensures the
creation of new objects while preserving the statistical properties of the original data.

References

[1] Gonzales, A., G. Guruswamy, and S. R. Smith. “Synthetic Data in Health Care: A Narrative
Review.” PLoS Digital Health 2 (2023): e0000082.

[2] Kokosi, T., and K. Harron. “Synthetic Data in Medical Research.” BMJ Medicine 1 (2022):
e000167.

[3] Turimov Mustapoevich, D., D. Muhamediyeva Tulkunovna, L. Safarova Ulmasovna, H.
Primova, and W. Kim. “Improved Cattle Disease Diagnosis Based on Fuzzy Logic Algorithms.”
Sensors 23 (2023): 2107.



126

An algorithm for creating a semi-synthetic . ..

4]

[5]

[6]

17l

18]

19]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

McDuff, D., T. Curran, and A. Kadambi. “Synthetic Data in Healthcare.” arXiv (2023).
arXiv:2304.03243.

Surendra, H., and H. Mohan. “A Review of Synthetic Data Generation Methods for Privacy
Preserving Data Publishing.” Journal of Scientific and Technology Research 6 (2017): 95-101.

Aljohani, A., and N. Alharbe. “Generating Synthetic Images for Healthcare with Novel Deep
Pix2Pix GAN.” Electronics 11 (2022): 3470.

Kaur, D., M. Sobiesk, S. Patil, J. Liu, P. Bhagat, A. Gupta, and N. Markuzon. “Application
of Bayesian Networks to Generate Synthetic Health Data.” Journal of the American Medical
Informatics Association 28 (2021): 801-811.

Reiter, J. “Using CART to Generate Partially Synthetic Public Use Microdata.” Journal of
Official Statistics 21 (2005): 441-462.

Noguer, J., I. Contreras, O. Mujahid, A. Beneyto, and J. Vehi. “Generation of Individualized
Synthetic Data for Augmentation of the Type 1 Diabetes Data Sets Using Deep Learning
Models.” Sensors 22, no. 13 (2022): 4944. https://doi.org/10.3390/s22134944.

Sampath, P., G. Elangovan, K. Ravichandran, et al. “Robust Diabetic Prediction Using
Ensemble Machine Learning Models with Synthetic Minority Over-Sampling Technique.”
Scientific Reports 14 (2024): 28984. https://doi.org/10.1038/s41598-024-78519-8.

Tagmatova, Z., A. Abdusalomov, R. Nasimov, N. Nasimova, A. H. Dogru, and Y. I. Cho. “New
Approach for Generating Synthetic Medical Data to Predict Type 2 Diabetes.” Bioengineering
10, no. 9 (2023): 1031. https://doi.org/10.3390/bioengineering10091031.

Nishanov, A., O. Ruzibaev, and N. Tran. “Modification of Decision Rules ‘Ball Apolonia’ in
the Problem of Classification.” In 2016 International Conference on Information Science and
Communications Technologies (ICISCT), 2016. https://doi.org/10.1109/ICISCT.2016.7777382.

Nishanov, A., Sh. Saidrasulov, and E. Babadjanov. “Analysis of Methodology of
Rating Evaluation of Digital Economy and E-Government Development in Uzbekistan.”
International Journal of Early Childhood Special Education 14, no. 2 (2022): 2447-2452.
https://doi.org/10.9756 /INT-JECSE /V1412.230.

Nishanov, A., O. Ruzibaev, J. C. Chedjou, K. Kyamakya, K. Abhiram, D. De Silva, G. Djurayev,
and M. Khasanova. “Algorithm for the Selection of Informative Symptoms in the Classification
of Medical Data.” In Developments of Artificial Intelligence Technologies in Computation and
Robotics, vol. 12 (2020): 647-658. https://doi.org/10.1142/9789811223334 0078.

Nishanov, A., M. Akbarova, A. Tursunov, F. Ollamberganov, and D. Rashidova. “Clustering
Algorithm Based on Object Similarity.” Journal of Mathematics, Mechanics and Computer
Science 123, no. 3 (2024): 108-120. https://doi.org/10.26577 /JMMCS2024-v123-i3-4.

Nishanov, A., F. Zaripov, B. Akbaraliev, E. Babadjanov, and B. Geldibayev.
“Improved Deep Learning Model for Cattle Identification Using Muzzle Images.”
Journal —of Mathematics, Mechanics and Computer Science 125, no. 1 (2025).
https://doi.org/10.26577/IMMCS2025125102.



A Kh. Nishanov et al. 127

[17] Nishanov, A., A. Tursunov, F. Ollamberganov, and D. Rashidova. “Algorithm for Clustering
Different Types of Drugs Affecting Blood Pressure.” Journal of Mathematics, Mechanics and
Computer Science 125, no. 1 (2025). https://doi.org/10.26577 /IMMCS2025125104.

Asmopaap mypasv, MaIAIMEM.:

Huwanos Axpam Xacanosuyu — doxmop mexnuveckux Hayx, Myxammed aa-Xopeamu amoirdaesl
Tawxernm axnapammolk, METHOAOZUANGD YHUBEPCUMEMIHIK, NPOLDAMMAABE UHHCEHEPUA BAKYAb-
meminir, npogeccopu, (Tawrkenm, Osbexcman, ssexmpondur, nowma: nishanov _ akram@mail.ru).

Menemypaes @aprod 3usmosuy — Jleway Kocinkepaix srcone nedaz02uka UHCMUMymuviHoly, Ax-
NAPAMMBIK, METHON02UANAD KaPeIpacoinvir, aza oxuimywsice (enay, Osbexcman, siekmpordolk no-
wma: f.mengtoraev@dtpi.uz).

Onnambepearos Datizysna Paprod yeau — Myzammed aa-Xopeamu amvndazo. Tawkenm axna-
DAMIMBLE, METHONOLUAAGD YHUBEPCUMEMIHIH, HCY eI Hcone KoadaHbaAbL Npo2pammanay Kagedpac-
vinor, dokmopanmos (Tawxenm, O36excman, saexmporndvs nowma: fayzulla0804@gmail.com,).

Aanaapos Yemamorcon Bexmawosuy — Tawkenm meduyuna axademuacoinoiy, Tepmes duiuanvi-
o, Twki aypyaap nponedesmuracol, OHAAMY, IMHOLBLABIM HCOHE IHIOKPUHOAORUSA KaPedpacbiHbliH
okoimywovicol (Tepmes, Ozbexcman, aaexmpondo nowma: criptolione7777@gmail.com,).

Xacarnosa Maauxa Axpamosna — Tawrenm meduyuna axademuscoimviy, No2 darxysvmemininy, 2oc-
numabouk mepanus kageopacoinvir, oxvimyws, accucmenmi (Tawxenm, ©sbexcman, saekmponovu
nowma: malikabonuzasanova@gmail.com,).

Honuéposa lyawan Towmupsdaesna — Jenay xacinkepair oicone medazo2ura uHCMUMYMvHbLH,
Axnapammuorx, mexnosoeuarap Kagpedpacvinviry okoimywvicos (Aenay, Osbexcman, srexmpondvir no-
wma: gulshandoniyorova68@gmail.com).

Ceedenusn 06 asemopax:

Huwanos Azpam Xacamosuy (omeemcmeenmwili asmop) — 0oKmop merHuueckur Hayk, npo-
peccop Paxysvmema npoepammnoli unsicenepuu Tawxenmckozo yHusepcumema UHGOPMAUUOH-
Holr mexnoaozull umenu Myzammada Anr-Xopasmu (Tawrenm, Ysbexucman, srekmpornas nowma:
nishanov_ akram@mail.ru);

Menemypaes Dapxrod Suamosuy — cmapwut npenodasamens Kadedpov, UHGOPMAUUOHHDLT MET-
nonoeuti Jlenayckozo uncmumyma npednpunumamesvemsa u nedazozuryu (/enay, Yabexucman,
anexkmpornasn nowma: f.mengtoraev@dtpi.uz);
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