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Abstract

Introduction. Electronic devices capable of collecting individual telemetry data have opened up prospects for
preclinical detection of COVID-19 signs. Known solutions involve the analysis of information that is difficult to obtain
at the moment. We are talking, specifically, about the blood condition or a PCR test. This significantly limits the
possibility of integrating algorithms with wrist gadgets. At the same time, the cardiovascular system as an object of
observation is quite informative, the data collection is well developed. The article describes the problem of detecting
covid anomalies in rhythm strips. The work aims at creating a mathematical model based on machine learning
algorithms to automate the process of detecting covid abnormalities in the heart rhythm. The possibility of integrating
the results obtained with fitness bracelets and smart watches is shown.

Materials and Methods. The work involved an open technology stack: Python, Scikit-learn, Lightgbm. When assessing
the quality of models for binary classification, metric F1 was used. 229 cardiac rthythm strips (cardiointervalographies)
of patients with COVID-19 were studied. The presence or absence of signs of an anomaly was determined taking into
account the time of the rhythm strip and the intervals between heartbeats. Deviations that could indicate infection were
shown graphically. Based on the exploratory analysis results, a list of signs indicating an anomaly was made.

Results. As a result of the work done, a mathematical model was obtained that detected heart rate abnormalities specific
to COVID-19 with an accuracy of 83 %. The basic features determining the predictive ability of the model were
identified and ranked. They included the current value of the interval between heartbeats, the derivatives at the
subsequent and previous points of measuring the duration of the heartbeat, the first derivative at the current point, and
the deviation of the current value of the duration of the RR-interval from the median. The first indicator in this list was
recognized as the most significant, the last — the least. For machine learning purposes, the potential of five algorithms
was evaluated: IsolationForest, LGBMCIassifier, RandomForestClassifier, ExtraTreesClassifier, SGDOneClassSVM.
The normal and abnormal results of observations in isolation trees were visualized. A parameter was set that
corresponded to the probability of regular observation outside the norm, and its value was selected — 0.11. Taking into
account this indicator, a graph was constructed for the SGDOneClassSVM model. Based on the data set, using the
cross-validation technique, the quality metric was calculated. The case in hand was a rhythm strip with a time series of
observations taken in one continuous time interval from one person. A step-by-step process of obtaining averaged
metric values for each model was described. In comparison, the highest indicator was recorded for the LGBMClassifier
model, the lowest — for SGDOneClassSVM and IsolationForest.

Discussion and Conclusions. The resulting mathematical model takes up little space in the memory of a mobile device,
i.e., it does not impose significant requirements on computing resources. The solution has an acceptable detection
quality for pre clinical screening of COVID-19-related cardiovascular disorders. The algorithm detects anomalies in
83 % of cases. Four minutes is enough to record a rhythm strip. The proposed scenario for using an integrated solution
is concise and easy to implement. Widespread use of the development can contribute to the detection of COVID-19 at
an early stage.
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AHHOTAUUA

Beeoenue. DneKTpOHHBIC YCTPOWCTBA, CIIOCOOHBIE COOHMpaTh MAaHHBIC IO TEJIEMETPHUM HHIUBHIYyYyMa, OTKPBUIM
MEpPCIEKTHBBl JOKJIMHUYECKOTO BbIABICHUs mnpu3zHakoB COVID-19. M3BecTHble pelIeHUs] NpEAIOJaraloT aHau3
nH(popManny, KOTOPYIO CI0XKHO MOIYyYUTh B MOMeHTe. Peus uzer, Harpumep, o coctostHnu kposu win [11IP-tecte. Oto
CYIIECTBEHHO OTPAHMYMBAET BO3MOXKHOCTH MHTETPAIMN aJITOPUTMOB C HAPYYHBIMH TaipkeTaMu. [Ipu 3ToM cepaedHo-
COCyIMCTas CHCTeMa KaK OOBEKT HaONIOJEHWs! NOCTaTOYHO MH(POPMATHBHA, ChEM JAHHBIX XOpoIIo mpopaboraH. B
CTaThE ONMCAHA 3a/1a4a ACTCKINHY KOBUIHBIX aHOMaJINi B puTMorpammax. Llens paboTel — co3aHue MaTeMaTn4ecKon
MOJenH Ha 06a3ze arOpUTMOB MAIIMHHOTO OOY4YEeHHUS ATl aBTOMAaTH3AIMH MPOIIecca BRIABICHHUS KOBUAHBIX aHOMAlU B
purMme cepaua. [lokazaHa BO3MOXHOCTh MHTETpPAlMU IOJYYEHHBIX PE3yJbTaToB ¢ (uTHecc-OpacieramMu U yMHBIMH
JacaMu.

Mamepuanst u memoost. B pabote 3aneiicTBoBai OTKPBITHIN cTek TexHosoruit: Python, Scikit-learn, Lightgbm. ITpu
OLIEHKE Ka4yecTBa MoJieliei /il OMHAapHOH KiaccH(HUKAlUK HCIIONIb30Bajach MeTpuka Fi. M3yuensr 229 purmorpamm
cepaia (kapauounreppanorpaduit) mamumenroB ¢ COVID-19. Hanuuue wuiaM OTCYTCTBHE NPHU3HAKOB aHOMAIIUU
OTIPEJIETSIOCh C YyYeTOM BPEMEHHM PUTMOTPaMMBbl M MHTEPBAIOB MEXIy cepauneOueHusmu. I'paduuecky moxasaHsl
OTKJIOHEHUsI, KOTOPbIE MOTYT CBHJIETEIbCTBOBATH O 3apakeHHH. [0 mToram pa3BeOYHOIrO aHallk3a coOpaH NepeueHb
MIPU3HAKOB, YKa3bIBAIOLINX Ha aHOMAJIHIO.

Pezynemamut uccnedoganus. B pesynbraTe NpoaenaHHON paOOTHl IMOJTydeHa MaTeMaTHdecKash MOJENb, KOTopas
nerexktupyer crenupuunsie st COVID-19 anomanmm ceppeuHoro putma ¢ TOYHOCTBIO 83 %. BruiBieHBl H
PaHKHUPOBAHBI OCHOBHBIE MTPU3HAKH, OMPEACIIIONNE TPOTHOCTHYECKYIO CIIOCOOHOCTh MOJIENIN. DTO TeKyIllee 3HaUCHHE
HHTEpBAJA MEXIYy YyJapaMd cepAla, MpPOM3BOAHBIE B IMOCIEAYIOUEH M MpeAblAyIiell TodKax HW3MEpeHus
MIPOAOJDKUTEIBHOCTH CepALeOneHus], epBasi MPOU3BOAHAS B TEKyIIell TOYKe M OTKJIOHEHHE OT MeIUaHbl TEKYIIETO
3HayeHus uTenbHOCTH RR-mHTepBama. IlepBblif mokaszaresns B 3TOM IepeyHe MNpH3HAH Hamboyiee 3HAYUMBIM,
nocineHUii — Haumenee. Jlns neneldl MamIMHHOTO OOY4YeHMs OLGHUBAJICS MOTEHIHANT ISITH aJITOPUTMOB!
IsolationForest, LGBMClassifier, RandomForestClassifier, ExtraTreesClassifier, SGDOneClassSVM.
BuzyanuznpoBaHsl HOpMaJbHBIE W aHOMAJBHBIE PE3YNbTaThl HAOIOACHUH B M30JIMPYIONIUX JEPEBbSX. Y CTAHOBIICH
rapaMeTp, KOTOPBI COOTBETCTBYET BEPOSITHOCTH PEryJISIPHOTO HAONIOJEHHUS 3a TpejellaMd HOPMBI, U BBIOPAHO €ro
3Hauenne — 0,11. C yuetom maHHOTO mnokasateinst nocrpoed rpaduk anst moaenn SGDOneClassSVM. Ilo naGopy
JITAaHHBIX C IPUMEHEHNEM TEXHHKH IIEPEKPECTHON IPOBEPKU PAcCUMTAaHA METPHKA KauecTBa. Peub HeT 0 puTMorpamme
C BPEMEHHEBIM DPSJIOM HAOJIOACHUH, CHATHIX 32 OIWH HEIPEPHIBHBIN MHTEPBAJ BPEMEHH Yy OZHOTO dYeioBeka. OmmcaH
MOIIArOBBI NPOLIECC TMOJIYYEHHUSI YCPEIHEHHBIX 3HAUYEHHM METpUKH Ui Kaxaou mozenu. [Ipu cpaBHeHUM camblii
BBICOKMH TOKa3aTenb 3adukcupoBaH y wmoaenu LGBMClassifier, mammensmme — y SGDOneClassSVM u
IsolationForest.

Oébcyscoenue u 3axniouenun. IlomydeHHas MaTeMaTndecKkas MOJENb 3aHMMAeT Mal0 MECTa B MaMITH MOOWIBHOTO
YCTpOMCTBa, TO €CTh HE IpPEABSABISCT 3HAYMMBIX TPEOOBaHMH K BBIUMCIHMTEIBHBIM pecypcaM. Pemenue obnagaer
IIPUEMJIEMBIM Ka4eCTBOM JETEKIMH JUIs JOKIMHUYECKOro ckpuHuHra cBsizaHHbIX ¢ COVID-19 cepaeuno-cocyancTsix
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HapymeHuH. ANTOpUT™M OOHapyXHBaeT aHoMainu B 83 % cmydaeB. Jls 3ammcu puTMOTpaMMBI TOCTaTOYHO 4 MUHYT.
[pemnaraeMpiii ClEHAPHUI HMCIOIH30BAHUS WHTEIPUPOBAHHOTO DPEIICHHUS JIAKOHWYCH M Jierko peanmsyem. lllupokoe
HCTIOJIb30BaHUE Pa3pabOTKU MOXKET crmocoOcTBoBaTh BhisBiicHIHI0 COVID-19 Ha panHel cragum.

KawueBbie ciaoBa: COVID-19, npuuuHBI CMEPTH KOBH[I-TIOJIOKUTEIBHBIX TMAIIMCHTOB, OCIOXHEHHSA B pPadoTe
cepaeuyHo-cocynuctoi cuctemsl, [I1[P-TecT, nOKIMHUYECKUH KOHTPOJIb CEPAECUYHO-COCYAUCTON CHCTEMBI, BCTPOEHHBIE
MATYUKHA YaCTOTHl IMyjbca, pUTMOrpamMma, RR-umHTEepBam, 3neKTpokapauorpaMma Cepjid, aHOMAJBHOE IO
MIPOJOIDKUTEIBHOCTH CepAleOneHne, cepaneOneHne ¢ aHOMadbHBIM PHUTMOM, MAIIMHHOE OOy4YeHHE, aJTOpUTM
LGBMClassifier.

BaaropapHocTH. ABTOPHI BBIpaXalOT ONAroJapHOCTb PYKOBOACTBY M MOJIEPAaTOpaM OTKPBITOTO BCEPOCCHICKOTO
copeBHOBaHU npodeccroHanoB B chepe nudpponoit s3xoHOoMuKH «[{HdpoBOI MPOPHIB» 3a MpeaoCTaBICHHBIE TaHHBIC
IUISL ACCITETOBaHMSI.

Jas murupoBanusa. Mexor M.C., Kosumua B.O., Kanep FO.JI. Monens MamuHHOTO 00OyuYeHHs )i OOHAPYKCHUS
COVID-19 Ha panHeit craguu mo aHoManmusM B putme cepana. Advanced Engineering Research (Rostov-on-Don).
2023;23(1):66-75. https://doi.org/10.23947/2687-1653-2023-23-1-66-75

Introduction. Investigation of the impact of COVID-19 on humans remains a challenge. Thus, in 2021-2022, more
than 16,000 scientific papers were published on this topic. One of the main causes of death of covid-positive patients
was complications in the cardiovascular system (hereinafter referred to as CVS) caused by exposure to coronavirus [1].
Two methods are mainly used for preclinical diagnosis of COVID-19: biochemical method based on polymerase chain
reaction (PCR test) and blood analysis. Contacts with medical staff needed in this case (including visits to medical
institutions) complicate regular operational control and increase the burden on the healthcare system. Thus, it seems
relevant to use modern technologies of preclinical control of CVS for early detection of COVID-19 signs.

Wearable electronic devices can provide regular monitoring. The most common of them are fitness bracelets and
smart watches with built-in heart rate sensors and the ability to perform measurements with high discreteness [2]. This
approach opens up opportunities for analyzing data flows based on machine learning? [3].

The presented study aims at creating a trainable model capable of detecting covid anomalies based only on data on
heart rhythm. A number of papers [4-6] consider similar problems, but the solutions are based on additional
information about the state of the blood and other characteristics?. This significantly limits the possibilities of their
integration with wearable devices, because at the moment, it is impossible to enter the results of a blood test or a smear
for a PCR test into the model. The novelty of the proposed solution is in the fact that only heart rate data is used, which
can be taken with a high frequency in a way convenient for a person and interpret the indicators in real time.

Materials and Methods

Data characteristics. 229 impersonal rhythm strips (cardiointervalographies) of patients with COVID-19 were used
in the research. The information was obtained in 2021 as part of the open All-Russian competition “Digital
Breakthrough” for professionals in the digital economy. A data fragment is presented in Table 1.

Table 1
A fragment of the data set
Number of Time RR interval between heartbeats Sign of covid
rhythm strip in milliseconds in milliseconds anomaly*
81 0 576 0
81 568 568 0
81 1,140 572 0
176 44,332 568 0
176 44,968 636 1
176 45,596 628 0
*0 — no anomaly, 1 - there is an anomaly.

Figure 1 shows the relationship of the rhythm strip (RR interval) and the electrocardiogram of the heart (ECG).

! Permyakov SA, et al Endogenous Cardiac Arrhythmias. In: Proc. VII All-Russian Conf. “Nonlinear Dynamics in Cognitive Research — 2021”.
Nizhny Novgorod: Institute of Applied Physics of RAS; 2021. P. 109-110. (In Russ.)

2 Diagnosis of COVID-19 and Its Clinical Spectrum. Kaggle Inc. URL: https://www.kaggle.com/datasets/einsteindata4u/covid19 (accessed:
10.09.2022).
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Fig. 1. Comparison of electrocardiogram and heart rhythm strip: horizontal axis shows the time in seconds,
vertical axis for the ECG — microvolts

In all rhythm strips from this set, there are marked abnormal areas. In Figure 2, abnormal areas are highlighted with
a red dotted line. The x-axis shows the duration of one measurement of the rhythm strip in milliseconds, the y-axis —
the interval between adjacent heartbeats in milliseconds.
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Fig. 2. Chart of rhythm strip No. 69: abnormal areas are highlighted with red dotted lines,
abnormal points — with black bullet points

Each rhythm strip is presented by its own identifier. The duration of rhythm strips in the studied data set is different:
4 minutes on average, 31 minutes maximum. Each measurement inside one rhythm strip has a timestamp in
milliseconds from the start of recording. The duration of the RR interval is also presented in milliseconds. Each specific
value in the rhythm strip allows us to talk about the signs of an anomaly (0 — no, 1 — there is). 2.53 % of observations
are marked with number 1. Thus, the data set has a strong class imbalance, which is typical for anomaly detection tasks.

In the data markup, there are various approaches to the allocation of abnormal areas. Groups of points in the vicinity
of a characteristic peak and fall in the duration of the heart rhythm were distinguished as abnormal: 3rd, 4th, 6th
measurements (Fig. 2). Not always the number of points in the neighborhood is marked the same — there may be a
different number of abnormal points to the left and right of the peak. Moreover, rhythm strips with noisy indications
were detected. This was the case when the connection with the gadget was lost, and measurements were taken when
installing or removing the device. Sixteen rhythm strips with incorrect data had to be excluded from consideration, and
the markup was redone:

—only one point stands out in the anomalous section, characterizing the anomalous fragment;

— abnormal points are indicated by black bullets (Fig. 2).

Feature extraction. In its pure form, only one signal was presented — the value of intervals between heartbeats.
Therefore, to refine the model, additional features were prepared based on the available signal: deviation from the
median value and derivatives in neighboring rhythm measurements. This list of features was selected after an

Information Technology, Computer Science, and Management



http://vestnik-donstu.ru

Advanced Engineering Research (Rostov-on-Don). 2023;23(1):66—75. eISSN 2687—1653

exploratory data analysis and visual identification of the pattern in places corresponding to abnormal areas. In Figure 2,
they were marked with a red dotted line.

Research Results

Metric for evaluating the quality of anomaly detection. To assess the quality of the model in the binary
classification problem, due to the imbalance of classes, metric F; [7] (1) was used. It provided evaluating how well a
constructed model detected a rare class. In that context, a rare class referred to abnormal heartbeats in duration —

heartbeats with an abnormal rhythm:
accuracyx completeness
F = 1)

(accuracy+ completeness)’
Here:

— accuracy — the proportion of abnormal heartbeats correctly detected by the model from the total number of
heartbeats that the model identified as abnormal;

— completeness (or in other words, sensitivity) — the proportion of heartbeats that the model correctly detected as
abnormal from the total number of abnormal heartbeats in the entire data set.

Machine learning algorithms. As part of the study, five machine learning algorithms described below were
applied.

1. IsolationForest — an algorithm with uncontrolled self-learning based on extremely randomized decision trees [8].

2. Light Gradient Boosting Machine Classifier (LGBMClassifier) — an algorithm for gradient boosting over
decision trees [9]. To increase the operation speed, two techniques were used: Gradient-based One-Side Sampling and
Exclusive Feature Bundling®.

3. RandomForestClassifier is based on decision trees and implements multiple selection of a random subset of
features. They are used to build simpler estimators — decision trees. The results are aggregated to obtain a final
prediction [10].

4. ExtraTreesClassifier is similar to RandomForestClassifier, however, it additionally implements a random
selection of the boundary along which nodes branch in decision trees [11].

5. SGDOneClassSVM* — a linear version of One-Class Support Vector Machine using Stochastic Gradient
Descent.

IsolationForest and SGDOneClassSVM were chosen due to their wide use in anomaly detection tasks [12, 13].
LGBMClassifier, RandomForestClassifier and ExtraTreesClassifier perform well enough in different tasks, therefore,
they were also used to compare the results [12, 13].

The specific feature of the IsolationForest and SGDOnNeClassSVM algorithms is that they do not require a clear
marking of anomalous observations at the input, while it is mandatory for the rest of the algorithms used in the study.

IsolationForest is based on the assumption that when constructing isolating trees, abnormal observations can be
isolated (separated) in fewer operations than normal observation instances. For each observation, the algorithm

calculates the anomaly score by the formula:
_E(h(x))
s(x,n) =2 cm | 2
where h(x) — number of edges up to instance x in each isolating decision tree; E(h(x)) — average value h(x) on the
entire set of isolating trees; c(n) — normalizing constant for a data set of size n (3).

c(n) =2H(n - 1) - 22, ®3)
H(k) =1In(k) +7y. (4)
In equation (4) y — Euler’s constant equal to 0.57721...
If observation x has an anomaly estimation value s, close to 1, then it is considered anomalous. If s is close to 0.5,
then the observation has no obvious signs of an anomaly. If s is close to 0, then the observation can be considered

normal (Fig. 3).

% LightGBM: A Highly Efficient Gradient Boosting Decision Tree. www.microsoft.com URL: https://www.microsoft.com/en-us/research/wp-
content/uploads/2017/11/lightgbm.pdf (accessed: 10.09.2022).
4 Online One-Class SVM. Scikit-learn developers (BSD License). scikit-learn.org URL: https://scikit-learn.org/stable/modules/sgd.html#online-one-

class-svm (accessed: 10.09.2022).
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Fig. 3. Normal and anomalous observations in isolating trees (the authors’ figure)

SGDOneClassSVM is based on the opposite approach to IsolationForest. The algorithm determines the boundaries
of normal observations and compares all new observations to the boundaries of this norm to identify an anomaly.

Feature Significance. An assessment of the degree of impact of features on the predictive ability of the model is
shown in Figure 4.

X —]
next_diff —

prev_diff

Feature name

diff -

median_deviation —

0 200 400 600 800 1,000
Feature significance, ea

Fig. 4. Feature significance diagram: x — current value of the interval; next_diff — derivative at the next point of measuring the
heartbeat duration; prev_diff — derivative at the previous point of measuring the heartbeat duration; diff — the first derivative at the
current point; median_deviation — deviation of the current value of the RR interval duration from the median

To calculate the numerical significance estimate, a mechanism built into LGBMClassifier was used, which returns
an array of numerical estimates for each feature via the feature_importances_ property of the trained model.
Significance in models based on gradient boosting over decision trees is usually calculated on the Gini-impurity
Index® [14], used in the process of determining the branching points when training the model:

Gini(d) =1-3,pf . ®)
Here, d — a set of observations that match the conditions at the considered branching point, d € D; k — number of
classes presented in the entire training dataset D; p; — probability of observations belonging to class i at the considered
branching point of the decision tree.

The following features were the most significant: the current value of interval (x), the derivative at the next
(next_diff) and previous (prev_diff) points of measuring the heartbeat duration (Fig. 4). A complete list of the features
used is given in Table 2.

> Karabiber F. Gini Impurity. learndatasci.com URL: https://www.learndatasci.com/glossary/gini-impurity/ (accessed: 10.09.2022).
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Table 2
List of features used
No. Feature Description
1 X RR interval at the current measuring point
2 next_diff First derivative at the next point
3 prev_diff First derivative at the previous point
4 diff First derivative at the current point
. ... | Deviation of the current value of the RR interval duration from

5 | median_deviation . o .

- the median within one rhythm strip

Comparison of models. For effectiveness of SGDOneClassSVMmodel, it is important to select parameter nu,
which corresponds to the probability of detecting regular observation outside the norm. In other words, nu determines
the upper bound of the error rate when training the model, and the lower bound of the support vector fraction®. To

select nu taking into account the available data nature, the quality metric was additionally assessed at different values of
the specified parameter (Fig. 5). As a result, nu equal to 0.11 was selected.
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Fig. 5. Estimate of parameter nu (on the horizontal axis) for SGDOneClassSVM model.
On the vertical axis — values of metric F1

To calculate the quality metric on various models, the entire data set was used through the cross-validation
technique. Within one rhythm strip, we had a time series of observations taken in one continuous period of time from
one person, therefore, they should be considered as dependent [15]. The following strategy was used to divide the data
into training and test sets. The selected data set consisted of 213 rhythm strips marked with a unique identifier (id). This
made it possible to allocate rhythm strips for training and testing models. A set of rhythm strips for the test could be
randomly selected by identifiers. The approach used in the presented work is described below.

I. Five actions were performed in the data partitioning cycle.

1. The initial number for generating pseudo-random numbers was fixed (seed) —np.random.seed(fold), where fold
— number of the current data partition.

2. 42 random integer values were generated in the range from 1 to 213. This was how we got random numbers of
rhythm strip identifiers for the test data set.

3. The numbers of rhythm strip identifiers that remained after the selection of identifiers for the test were entered in
a separate list. They were used for a training set.

4. Models were trained on rhythm strips from the training set, and prediction quality metrics were evaluated on
rhythm strips from the test set.

5. The quality metric value was recorded for each model calculated on the test set of rhythm strips at the current data
split.

& SGDOnNeClassSVM documentation. Scikit-learn developers (BSD License). scikit-learn.org URL:

: https://scikit-
learn.org/stable/modules/generated/sklearn.linear_model.SGDOneClassSVM.html#sklearn.linear model.SGDOneClassSVM (accessed: 10.09.2022).


https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.SGDOneClassSVM.html#sklearn.linear_model.SGDOneClassSVM
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.SGDOneClassSVM.html#sklearn.linear_model.SGDOneClassSVM

MS Mezhov., et al. Machine Learning Model for Early Detection of COVID-19 by Heart Rhythm Abnormalities

I1. Steps 1-5 were repeated for each data split number.
I11. The obtained values of the quality metric were averaged for each of the models.
A comparative assessment of the average prediction quality metric for each model is given in Table 3.

Table 3
Evaluation of quality metric F
Model Metric F*
LGBMClassifier 0.8328
RandomForestClassifier 0.7638
ExtraTreesClassifier 0.7369
SGDOneClassSVM 0.0169
IsolationForest <le-4
* Average value for the selected cross-validation
strategy on five partitions.

Discussion and Conclusions. A mathematical model for detecting anomalies in the heart rhythm with an accuracy
of 83 % has been developed. According to quality metric F1, the model based on LGBMClassifier algorithm turned out
to be the best. IsolationForest and SGDOneClassSVM showed weak results on current data.

The proposed model can be implemented as a component of the software part of wearable personal smart devices.
The proposed scenario for using the solution is as follows:

— the recording of the rhythm strip is activated on a personal wearable device through the user interface;

— upon completion, the record is submitted to the developed model for analysis;

— based on the results of data analysis, the mathematical model issues a notification about the presence or absence of
anomalies on the screen of the wearable device.

Note that an average of 4 minutes is probably enough to record one rhythm strip. During this time, it is possible to
detect covid anomalies in the heart rhythm.

The model occupies 493 kilobytes in the memory of the wearable device, which is quite suitable for practical use.
The solution relies only on information about the heart rate and does not involve factors inaccessible to mobile personal
gadgets.

Improving the accuracy of anomaly detection involves additional research. They should focus on the development of
unique features that are detected by the initial heart rate signal. However, the current solution already makes it possible
to quickly and easily assess the probability of COVID-19 at an early stage. This, along with the implementation of
medical recommendations, can further contribute to reducing the risk of mortality from the negative impact of
coronavirus infection on the cardiovascular system.
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3asenennwviii 6xk1a0 coasmopos

M.C. MexoB — (popMUpOBaHHE OCHOBHOW KOHIICTIIINY, LIEJH ¥ 3a/1a4 HCCIEIOBaHUs, cOOp TaHHBIX, pa3paboTka
MoJieNiel, pacdeTsl W aHamu3 pe3yiapTatoB. B.O. Ko3umuH — mNOArOTOBKAa TEKCTa, (POPMYITUPOBAHHE BBIBOJIOB,
mpeaBapuTenbHas 00paboTka AaHHBIX M JopaboTka Tekcra. FO.J[. Kanep — KOHTpONb MPOBEICHUS HCCICIOBAHHUS,
JIopaboTKa TEKCTa U KOPPEKTUPOBKA BHIBOJIOB.
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