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Abstract

Purpose: The purpose of this article is to outline an algorithm for generating synthetic medical data in order to augment
small samples of data. Methods: To achieve the research goal, methods such as: correlation analysis (to identify
significant variables and the relationships between them), MDR analysis (to build logical chains of relationships between
medical data), and regression analysis (to model medical data variables to use this to generate synthetic data) were used.
Results: A database of heart failure patients that is publicly available was used to test the developed algorithm for
generating synthetic medical data in action; as a result, statistical relationships between data were found and used to
build linear regression models. Discussion: The proposed algorithm allows, with a few simple, yet important actions, to
perform the generation of medical data, which makes it possible to obtain large data sets that can be used to implement
machine learning methods in any tasks related to medicine.
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1. Introduction

Nowadays, many activities from different fields, that
humans used to do manually are getting automated,;
the same trend can be observed in medical field. New
programs and algorithms, that, for example, help
doctors make a diagnosis, are constantly being
developed. But there is a problem, when new and
improved algorithms require a big amount of data
(Big Data) for learning (especially when it concerns
neural networks), or for testing the results of analysis
(decision-making algorithm).

In addition to the necessity of big amounts of data
due to the confidentiality of medical records it can be
quite difficult to obtain such data. Even if aforesaid
data is retrieved, there is no guarantee that there are
no missed or false values present, as the human error
caused by the doctor who fills out these records, still
exists.

This paper addresses the creation of algorithm for
generation of synthetic medical data based on already
existing data base with the preservation of inter-factor
correlations and distribution of every value.

2. Analysis of the latest research and publications

Synthetic data is, in fact, a false data that has the same
scheme and statistical properties as the real one. In
other words, this data appears so real, that it is

impossible for a person to even disprove it [1].
Synthetic data is of great value, for the reason that
with a small amount of data it will be difficult to teach
the same machine learning algorithms, or with an
introduction of the new data there will be a
considerable number of errors. For example, the
project of ImageNet [2], aimed to solve the machine
vision problem contains more than 14 million images,
that are divided into 22 thousand categories. Due to
the amount of material, the objects recognition
algorithms are wrong only in 3.75% of cases, for
comparison, a human being is wrong in more than 5%
of cases [3].

Obtaining synthetic data is not a new problem. The
Gretel company [4], for example, has created a
software that is able to form an artificial array based
on already existing database. First of all, the software
analyzes the existing information, using data on trips
on Uber electric scooters. The software divides trips
into categories and marks them, after that the data is
anonymized using differential privacy [5].

A similar project was implemented at the
University of Illinois, where software engineers have
written a Python library, that can generate synthetic
data in structured formats (CSV, TSV) and partially
structured (JSON, Parquet, Avro). [6]. In first case,
generative-competitive networks were used [7], in
second case — recurrent neural networks [8].
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However, despite all the advantages of synthetic
data, it is often considered less accurate, even if it is
generated based on the real data, and it can also lead
to machine learning models that generate plausible
results, that are impossible to replicate in reality.
Nonetheless, real data can always be used for testing
of intelligent system algorithms. There is also an
argument that such technologies complicate the
learning process of the model and increase
development costs.

3. Research objective

The aim of this study is to create a synthetic data
generation algorithm, based on the existing database,
while maintaining inter-factor correlations and
distribution of every value. To achieve this, the
following tasks were assigned:

1. Evaluate the relationship between variables
using correlation, while rejecting the factors, that
have no relations at all.

2. Among the remaining factors, determine the
direction of the impact using MDR-analysis.

3. Develop mathematical models for
generation of medical data.

the

4. Research results

A publicly available medical database, retrieved from
Kaggle [9], was used in this study. The database
contains 299 patients with heart failure, from whom
13 different indicators were taken (missing data in the
database was omitted). These indicators are listed
below:

e Patient's age (Xo).

e Anemia (x1) — binary variable, where 0 means
absence of anemia, and 1 — its presence.

o Creatine kinase (x2).

¢ Diabetes (x3) — binary variable (0 — absence, 1 —
presence).

e Ejection fraction (x4).

e Hypertension (x5) — binary variable (0 —
absence, 1 — presence).

o Number of platelets (x6).

o Creatinine in plasma (x7).

e Sodium in plasma (x8).

o Gender (x9) — binary variable (0 — female, 1 —
male).

e Smoking (x10) — binary variable (0 — the patient
does not smoke, 1 — the patient smokes).

e Observation period (x11).

e Patient’s death (x12).

At the first stage of the study a correlation analysis
was performed. Since the data does not have a normal
(Gaussian) distribution, Spearman’s correlation was
used, which can be applied to both quantitative (Xo, X2,
Xa, Xe, X7, X8, X11, X12), and binary (X1, Xs, Xs, Xo, X10).
Fig. 1 shows a matrix of correlations between the
input indicators.
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Fig. 1. Correlation matrix of all indicators in data bases

In order to determine which variables are related,
the significance of these correlations was also taken
into account (Fig. 2):
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Fig. 2. Significance of correlation coefficients
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In statistics, relationships between variable
considered significant if the significance
correlation is less than 0.05. Fig. 3 shows
following variables:

Mix Aakumn 3MiHHUMK € 38R30K (p < 0.05)

x0: x7(p=0.006)

x1: x2(p=0.001)

x2: x1(p=0.001)

x3: x9(p=0.006) x10(p=0.011)

x4: x8(p=0.002) x9(p=0.010)

x5

x6: x9(p=0.031)
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Fig. 3. Statistical relationships between variables

Hence, the obtained results allowed us to conclude
that hypertension (xs) and observation period (x11) do
not correlate with other factors, so their synthetic
values will be generated based on data of their
distribution and standard deviation in a range from
minimum to maximum values.
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It was decided to use analysis via Multifactor
dimensionality reduction (MDR) for the remaining
variables. Using this approach, the direction and
severity of the variables by using entropy indicators.
For implementation «Multifactor Dimensionality
Reduction 3.0.2» software application was used, that
outputs the result of analysis in the form of circle
graph or dendrogram.

At first, using this application, a circle graph of 10
chosen variable was built (Fig. 4).
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When analyzing the graph show above, it is
necessary to describe the steps of its construction in
detail (the used software allows to perform this). Fig.
5. shows a graph in the shape of an «arrow» from age
to sodium in plasma (direct orientation).
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Fig. 5. The start of a general graph

The next step is to add an arrow from sodium in
the plasma to the number of platelets (Fig. 6).
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Fig. 6. The second step in constructing a general graph

After that, an arrow from age to creatinine in
plasma was added. (Fig. 7).
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Fig. 7. The third step in constructing a general graph

In the fourth stage, an arrow from age to ejection
fraction has appeared. (Fig. 8).

23t
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Fig. 8. The fourth step in constructing a general graph

In contrast to the previous arrows shown above,
the new arrow in Fig. 8. has a different, brown color,
which shows a pairwise relationship between
variables.

In the fifth step, a link between smoking and
diabetes has appeared (Fig. 9). There are two things
to note from the figure: first of all, the link between
smoking and diabetes appeared on its own, meaning
that they are not related to other variables that were
present in the previous steps; and secondly, as a
general graph is obtained, the relationships can also
be formed between variables that have already been
presented.
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Fig. 9. The fifth step in constructing a general graph

In the sixth step, a new variable was added: gender
due to the connection with diabetes. (Fig. 10).
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Fig. 10. The sixth step in constructing a general graph

And in the last step, two new variables appear:
creatinine kinase from creatinine in plasma and
anemia from creatinine kinase (Fig. 11).

After performing these operations, it is possible to
display communication chains:

o Age (Xo) — sodium in plasma (xs) — number of
platelets (Xs).

o Age (Xog) — creatinine in plasma (x7) — creatine
kinase (x2) — anemia (X1).

e Smoking (Xi0) — diabetes (Xs) — sex (Xg) —
ejection fraction (Xa).
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Fig. 11. The sixth step in constructing a general graph

These chains are confirmed by correlation analysis
(Fig. 1-3), so the results can be considered variable.
This makes it possible to perform the main task of the
study, namely — the generation of synthetic data.

Regression analysis is the most suitable for the
implementation of this function. It allows you to build
a mathematical model of the variable using another
variable or set of variables. The following are the
models that were built after MDR analysis:

Xg =—0.017x, +137.667
X, =—407.483x, +1333.558x, +105730.652
X, =0.014x, +0.553
X, =—6.608x%, —3.674x, +992.007
X, = 0.003x, +0.019x, —0.00009x, + 0.285 (1)
X, =—0.155x,, +0.468
X, = 0.442x,, —0.091x, + 0.545

X, =—0.107x,, —0.702x, — 3.74X, + 40.839

The models were obtained using «IBM SPSS
Statistics 23» statistical software. The determination
coefficient (R?) of these models ranged from 0.5 to
0.6, which are acceptable values, but far from ideal.
This is not surprising, since the models were built
using linear regression, which has a disadvantage of
undertraining.

5. Conclusions

As a result of the study, a synthetic data generation
algorithm was created. The following approaches
were used for implementation: correlation analysis,
MDR analysis and linear regression. Data of patients
with heart failure, which is available in the public
domain, was used to test the developed approach.

Correlation analysis has helped to identify those
medical symptoms that have nothing to do with
others. With the help of MDR analysis, logical chains
of connection between medical data were obtained,
which gives an understanding of which variables need
to be used to model and generate data. After obtaining
regression models with a sufficient determination
coefficient on average, this thesis was confirmed.
Therefore, the synthetic medical data generation
algorithm was performed successfully.

References

[1] Patki N. The Synthetic Data Vault / N. Patki,
R. Wedge, K. Veeramachaneni // IEEE International
Conference on Data Science and Advanced Analytics
(DSAA). — 2016. — Available at:
https://bit.ly/3uU1IWU.


https://bit.ly/3uU1IWU

K. Sazonova, et.al. Generation of Synthetical Medical Data by MDR-analysis 35

[2] Towards Fairer Datasets: Filtering and
Balancing teh Distribution of the People Subtree in
the ImageNet Hierarchy / [K. Yang, K. Qinami, L.
Fei-Fei Tta 1in] // Conference on Fairness,
Accountabiility and Transparency. — 2020. -
Available at:
https://doi.org/10.1145/3351095.3372833.

[3] Dodge S. A Study and Comparison of Human
and Deep Learning Recognition Performance Under
Visual Distortions / S. Dodge, L. Karam. — 2017. —
Available at: https://arxiv.org/pdf/1705.02498.pdf.

[4] Watson A. Using generative, differentially-

[5] Privacy: Theory meets Practice on the Map /
[A. Machanavajjhala, D. Kifer, J. Abowd et.al.]. -
2018. — Available at: https://bit.ly/33RpdnC.

[6] Walters A. Why You Don’t Necessarily Need
Data for Data Science / Austin Walters // Capital One
Tech. —2018. — Available at: https://bit.ly/2SZm4Qz.

[7] Pouget-Abadie J. Generative Adversarial
Networks / J. Pouget-Abadie, M. Mirza, B. Xu. —
2014. — Available at: https://arxiv.org/abs/1406.2661.

[8] Fernandez S. An application of recurrent
neural networks to discriminative keyword spotting /
S. Fernandez, A. Graves, J. Schmidhuber //
ICANN'07: Proceedings of the 17th international

private models to build privacy_enhancing’ Synthetic conference on Artificial neural networks. — 2007. —

datasets from real data. / Alexander Watson. — 2020, Available _ at
— Available at: https://medium.com/gretel-ai/using- http[;.]// S'Iéﬁn'o;%ﬂfr'é 10'51%% 13018062'\/1;?:&22' at:
generative-differentially-private-models-to-build- https://www.kaggle.com/andrewmvd/heart-failure- .
privacy-enhancing-synthetic-datasets-c0633856184.  .|inical-data

K.M. Caszonosa’, O.K. Hocoseun?, B.O. Badenko®, O.A. ABepbsinopa®

I'enepauisi CHHTETHYHMX MEIUYHHUX JAHUX 32 Jonomororw MDR-anamizy

Harmionansanii TexHivHMA yHiBepcuTeT YKpainu "KuiBchkuii ONITEXHIYHAN iIHCTHTYT iMeHi [rops
Cikopcbkoro", np. [Tepemorn, 37, Kuis, Ykpaina, 03056

E-mails: *kat2saz@gmail.com; 20.nosovets@gmail.com; 3vbabenko2191@gmail.com;
“olgaaveryanova@ukr.net

Merta: MeTor0 JaHOT CTATTI € BUKJIAJCHHS aJlTOPUTMY I'eHepallii CHHTETUYHUX MEJIMYHUX JAaHUX JUIS TOTO,
00 TOTIOBHUTH MalleHbKi BUOiIpky mannx. Metoau: [l JOCATHEHHS METH JOCIIKEHHS Oy BUKOPUCTaH1
TaKi METOJH, SK: KOPEIAiHIA aHami3 (111 BUSBICHHA 3HAYMMHX 3MIHHUX Ta B3a€EMO3B’S3KiB MiXK HUMH),
MDR-anani3 (a5 moOyA0BHY JIOTIYHHUX JIAHIIIOTIB 3B’53Ky MK MEUYHUMU JaHUMH) Ta pErpeciiiHuii aHayi3
(mns MoOJeNMOBaHHS 3MIHHAX MEIUYHUX JTAaHUX, 100 BUKOPHUCTATHU Iie IJIS TeHepallii CHHTEeTUYHHUX JTaHUX).
PesyabTaTu: byna BukopucraHa 0a3a aHWX MAIli€HTIB 3 CEPIIEBOI0 HEJOCTATHICTIO, fKa JOCTYIHA Y
BITKPUTOMY JOCTYII, 00 MEPEBIPUTH PO3POOICHUI AITOPUTM T'eHepallil CHHTETHYHHX MEJANYHUX JaHUX Y
niit; B pe3ynbpTari Oynu 3HalJEHI CTATHCTHUYHI B3a€MO3B’SI3KH MK JJAHUMH, SIKi BUKOPUCTOBYBAJIHChH JUISI
noOy10BK MoJenei niHiiHoi perpecii. O0roBopeHHsi: 3apONOHOBAHUM aJrOPUTM J03BOJISIE 3 TOTIOMOTOI0
JEKIJIBKOX MPOCTHUX, ajI€ B TOM YacC BAKIMBUX il BUKOHATH TCHEPAIIIF0 MEIUYHKUX JaHUX, 110 JJA€ MOYKJIUBICTh
OTpPHMAaTH BEJTMKI MACHBH JIAHHX, SIKi MO’KHA BUKOPHCTOBYBATH JUTS peallizallii MEeTO/1iB MAITMHHOT'O HABYaHHS
y Oyap-AKHX 3371a4aX MOB’A3aHUX 3 MEIUITTHOIO.

KuarouoBi cioBa: rerepariis JaHuX, CHHTETHYHI JaHi, EHTPOIIisl, KOPEAIlisl, HanpaBieHicTh 3B’ s13ky, MDR-
aHawi3
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I.[e.m;: HCJ'IBIO ,Z[aHHOfI CTaTbH SABJISACTCA HU3JI0KCHUC AJITOPHUTMA I'CHEpAallMu CUHTCTUYCCKUX MECANIHUHCKUX
JaHHbIX UIsI TOTO, YTOOBI JOIIOJTHUTh MAJICHBKHEC BBI60pKI/I JaHHBIX. MeTO}]BII 11 JOCTMOKCHUA LICIIN
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3HAYMUMBIX TIEpEMEHHBIX M B3aUMOCBs3el Mexay HumMH), MDR-ananm3 (mis mocTpoeHus JTOTHYeCKUX Ieren
CBSI3M MEXIy METUIIMHCKMMH JAHHBIMH) M PETPECCHOHHBIN aHaau3 (I MOIEIMPOBAHHS TMEPEMEHHBIX
MEIUIIMHCKUX JaHHBIX, YTOOBI MCIIOIB30BaTh ATO JUIS TEHEPAIMA CUHTETHYSCKUX JIaHHBIX). Pe3yJbTaThl:
Beuna ucnonb3oBaHa 0a3a JaHHBIX TAIIMEHTOB C CEPJCYHON HENOCTATOYHOCTHIO, KOTOpas IOCTYyIHA B
OTKPBITOM JOCTYTIE, YTOOBI IPOBEPUTH Pa3padOTaHHBIN aJTOPUTM T€HEpAIN CHHTETHYECKUX METUITMTHCKIX
TAHHBIX B JIEMCTBUM; B Pe3yibTaTe OBUIN HAMIEHBI CTATHCTUYECKHIE B3aNMOCBSI3H MEX Ty TaHHBIMHU, KOTOPBIS
KCIIONB30BANIKCH AJI MOCTPOCHUS MOJIeNel TnHelHo# perpeccun. Oocy:xnenue: [IpenioxeHHbIi alropuTM
MTO3BOJISIET C TTOMOIIBIO HECKOJIBKUX MPOCTHIX, HO B TO YK€ BPeMsI BaXKHBIX JIEHCTBHIA BBHITIOIHUTH T€HEPALIHIO
MEIUIMHCKUX MAHHBIX, YTO Jae€T BO3MOXKHOCTH ITOJYYHUTH OOJBIINE MAacCHUBBI JAHHBIX, KOTOPHIE MOKHO
KCIIOJIb30BATh [l pealTu3allii METOIOB MAITUHHOTO OOYUYCHMSI B JTFOOBIX 3a]]a4aX, CBSI3aHHBIX C MEIUIIMHOM.

KuaroueBrblie ciioBa: reHepanus JaHHBIX, CHHTETUYCCKUE TaHHBIC, SHTPOIHS, KOPPEIIAIUs, HAIPABICHHOCTh
ces3u, MDR-anamus
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