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As a result of increasing computing power and generating large amounts of data, arti�cial
intelligence algorithms are currently being actively used to perform a wide range of medical tasks.
One of the most important areas in which the use of arti�cial intelligence can be useful is the diagnosis
of various diseases and the prediction of their possible outcomes.

Cardiovascular diseases are one of the main factors of mortality and disability in most countries
of the world, including the Russian Federation. The most important risk factor for two major
cardiovascular diseases (myocardial infarction and cerebral stroke) is arterial hypertension. Therefore,
the main task of primary prevention of cardiovascular diseases (CVD) is the timely detection of a
high risk of fatal CVD in patients with diagnosed uncomplicated arterial hypertension. The use of
machine learning algorithms can solve this problem and signi�cantly improve the accuracy of predicting
cardiovascular diseases and their complications. Machine learning methods are the main tool of arti�cial
intelligence, the use of which allows you to automate the processing and analysis of big data, identify
hidden or non-obvious patterns on this basis, and extract new knowledge.

This article describes the process of using machine learning algorithms to predict the risk of
developing adverse cardiovascular events in patients with diagnosed arterial hypertension in the next
12, 24 and 36 months. The analysis included 16 predictors, which are a combination of both standard
indicators of the risk of cardiovascular diseases (age, male sex, smoking, elevated cholesterol, impaired
uric acid metabolism), and some speci�c indicators. A distinctive feature of this task is the use of
local data collected in a separate region of the Russian Federation as a training data set. This feature
can improve the adaptability of the predictive model to possible local features of the development of
cardiovascular diseases, however, it also has a signi�cant drawback � a small amount of training data,
which contributes to model retraining and, as a result, a decrease in its ability to generalize.

The target feature in the study is a binary predictive vector of major adverse cardiovascular
events at three reference time points. Due to the fact that censoring, as well as some of the
considered cardiovascular diseases, can occur simultaneously or be repeated throughout all or part
of the observation period, the study is formally presented as a solution to the multilabel classi�cation
problem. The paper indicates the stages of forming a data set and explores predictive machine learning
algorithms on small sets to create a model for calculating the risks of cardiovascular diseases. The
advantages and disadvantages of individual ensemble methods of machine learning machine learning
methods (binary relevance, multioutput classi�er, label powerset, MLkNN, classi�er chain) for the
development of predictive algorithms in the conditions of the problem are shown.

From the results of the study, we can say that the machine learning algorithms � multioutput
classi�er and labelpowerset on a small dataset showed the best result among all the analyzed methods
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for assessing the development of cardiovascular diseases. This fact makes it relevant to study the
application of this method on samples of large volumes, with the inclusion of a larger set of risk
factors.
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Áëàãîäàðÿ óâåëè÷åíèþ âû÷èñëèòåëüíîé ìîùíîñòè è ãåíåðàöèè áîëüøèõ îáúåìîâ äàííûõ àëãî-
ðèòìû èñêóññòâåííîãî èíòåëëåêòà â íàñòîÿùåå âðåìÿ àêòèâíî èñïîëüçóþòñÿ äëÿ âûïîëíåíèÿ
øèðîêîãî êðóãà ìåäèöèíñêèõ çàäà÷. Îäíîé èç âàæíåéøèõ îáëàñòåé, â êîòîðûõ ìîæåò áûòü
ïîëåçíî ïðèìåíåíèå èñêóññòâåííîãî èíòåëëåêòà, â ÷àñòíîñòè, ìåòîäîâ ìàøèííîãî îáó÷åíèÿ, �
ýòî äèàãíîñòèêà çàáîëåâàíèé è ïðîãíîçèðîâàíèå èõ âîçìîæíûõ èñõîäîâ. Â íàñòîÿùåé ñòàòüå
îïèñûâàåòñÿ ïðîöåññ èñïîëüçîâàíèÿ àëãîðèòìîâ ìàøèííîãî îáó÷åíèÿ äëÿ ïðåäñêàçàíèÿ ðèñêà
ðàçâèòèÿ íåáëàãîïðèÿòíûõ ñåðäå÷íî-ñîñóäèñòûõ ñîáûòèé ó ïàöèåíòîâ ñ äèàãíîñòèðîâàííîé
àðòåðèàëüíîé ãèïåðòåíçèåé â áëèæàéøèå 12, 24 è 36 ìåñÿöåâ. Îòëè÷èòåëüíîé ÷åðòîé äàííîé
çàäà÷è ÿâëÿåòñÿ èñïîëüçîâàíèå â êà÷åñòâå îáó÷àþùåãî äàòà-ñåòà ëîêàëüíûõ äàííûõ, ñîáðàí-
íûõ â îòäåëüíîì ðåãèîíå ÐÔ. Äàííàÿ îñîáåííîñòü ìîæåò óëó÷øèòü àäàïòèðîâàííîñòü ïðåä-
ñêàçàòåëüíîé ìîäåëè ê âîçìîæíûì ëîêàëüíûì îñîáåííîñòÿì ðàçâèòèÿ ñåðäå÷íî-ñîñóäèñòûõ
çàáîëåâàíèé, îäíàêî è èìååò ñóùåñòâåííûé íåäîñòàòîê � ìàëîå êîëè÷åñòâî îáó÷àþùèõ äàí-
íûõ. Â ðàáîòå ðàññìîòðåíà îäíà èç âîçìîæíûõ ôîðìàëüíûõ ìàòåìàòè÷åñêèõ ïîñòàíîâîê ðàñ-
ñìàòðèâàåìîé çàäà÷è, óêàçàíû ýòàïû ôîðìèðîâàíèÿ äàòà-ñåòà è èññëåäîâàíû ïðåäñêàçàòåëü-
íûå àëãîðèòìû ìàøèííîãî îáó÷åíèÿ íà ìàëûõ íàáîðàõ äëÿ ñîçäàíèÿ ìîäåëè ðàñ÷åòà ðèñêîâ
ñåðäå÷íî-ñîñóäèñòûõ çàáîëåâàíèé. Ïðåäñòàâëåííûå ðåçóëüòàòû ïîçâîëÿþò ãîâîðèòü î âîçìîæ-
íîñòè èñïîëüçîâàíèÿ ìîäåëåé ìàøèííîãî îáó÷åíèÿ äëÿ ïîâûøåíèÿ òî÷íîñòè ïðîãíîçèðîâàíèÿ
ñåðäå÷íî-ñîñóäèñòûõ ðèñêîâ.

Êëþ÷åâûå ñëîâà: àëãîðèòìû ìàøèííîãî îáó÷åíèÿ, àíàëèç äàííûõ, ïðåäñêàçàíèå
ñåðäå÷íî-ñîñóäèñòûõ çàáîëåâàíèé.

Ââåäåíèå. Àðòåðèàëüíàÿ ãèïåðòåíçèÿ (ÀÃ) � íàèáîëåå ðàñïðîñòðàíåííîå õðîíè÷å-
ñêîå çàáîëåâàíèå â Ðîññèè è âàæíåéøèé ôàêòîð ðèñêà îñíîâíûõ ñåðäå÷íî-ñîñóäèñòûõ
çàáîëåâàíèé � èíôàðêòà ìèîêàðäà è ìîçãîâîãî èíñóëüòà. Îñíîâíîé çàäà÷åé ïåðâè÷íîé
ïðîôèëàêòèêè ñåðäå÷íî-ñîñóäèñòûõ çàáîëåâàíèé (ÑÑÇ) ÿâëÿåòñÿ ñâîåâðåìåííîå âûÿâëå-
íèå ó ïàöèåíòîâ ñ íåîñëîæíåííîé ÀÃ âûñîêîãî ðèñêà ðàçâèòèÿ ñìåðòåëüíûõ ÑÑÇ [1].

Íàó÷íîé îñíîâîé ïðîôèëàêòèêè ÑÑÇ ÿâëÿåòñÿ êîíöåïöèÿ ôàêòîðîâ ðèñêà, êîòîðûå
áûëè âûÿâëåíû â ýïèäåìèîëîãè÷åñêèõ èññëåäîâàíèÿõ [2]. Â íàñòîÿùèé ìîìåíò äëÿ îöåí-
êè ðèñêà ñìåðòåëüíûõ ÑÑÇ â Ðîññèè è ñòðàíàõ Åâðîïû ïðèìåíÿåòñÿ øêàëà SCORE [3],
ó÷èòûâàþùàÿ òàêèå ôàêòîðû ðèñêà, êàê âîçðàñò, ìóæñêîé ïîë, êóðåíèå, ïîâûøåííûé óðî-
âåíü õîëåñòåðèíà, íàðóøåíèå îáìåíà ìî÷åâîé êèñëîòû, è äð. Îäíàêî, äàííàÿ øêàëà èìååò
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ñëèøêîì îáùèé õàðàêòåð è íå ïîäõîäèò äëÿ îöåíêè ðèñêà ðàçâèòèÿ îñòðîãî êîðîíàðíî-
ãî ñèíäðîìà, èíñóëüòà, èøåìè÷åñêîé áîëåçíè ñåðäöà äëÿ ïàöèåíòîâ ñ äèàãíîñòèðîâàííîé
ÀÃ. Íèçêàÿ òî÷íîñòü ïðåäñêàçàíèÿ ñåðäå÷íî-ñîñóäèñòûõ ñîáûòèé èìååò ðÿä ïðè÷èí [4]:
1) îöåíêà ñóììàðíîãî ðèñêà íå àäàïòèðîâàíà ê ðåãèîíàëüíûì îñîáåííîñòÿì. Ñòðóêòóðà
ñìåðòíîñòè îò ÑÑÇ â ÐÔ âàðüèðóåòñÿ â çàâèñèìîñòè îò ðåãèîíà è ìåñòà ïðîæèâàíèÿ; 2)
â øêàëàõ ðàññìàòðèâàåòñÿ íåáîëüøîå ÷èñëî îñíîâíûõ ïðèçíàêîâ, âëèÿþùèõ íà ðàçâèòèå
ÑÑÇ è çà÷àñòóþ íå ó÷òåíû ñóùåñòâåííûå äëÿ êëèíè÷åñêèå ñîñòîÿíèÿ. Äàííîå îáñòîÿòåëü-
ñòâî íå ïîçâîëÿåò îïðåäåëèòü ôàêòè÷åñêèé ðèñê íàñòóïëåíèÿ íåáëàãîïðèÿòíûõ ñåðäå÷íî-
ñîñóäèñòûõ ñîáûòèé; 3) äàííûå, êîòîðûå áûëè èñïîëüçîâàíû äëÿ ñîñòàâëåíèÿ øêàë, áûëè
ïîëó÷åíû 30�50 ëåò íàçàä è íå ñîîòâåòñòâóþò ñîâðåìåííûì ðåàëèÿì.

Îäíèì èç ñïîñîáîâ ðåøåíèÿ ïðîáëåìû íåäîñòàòî÷íîé òî÷íîñòè ðåçóëüòàòîâ ðàñ÷åòà
ñåðäå÷íî-ñîñóäèñòîãî ðèñêà ìîæåò ÿâëÿòüñÿ èñïîëüçîâàíèå àëãîðèòìîâ ìàøèííîãî îáó-
÷åíèÿ (ÌÎ). Ïîäîáíûå àëãîðèòìû ïîâûøàþò ýôôåêòèâíîñòü ïðîãíîçèðîâàíèÿ ðèñêîâ çà
ñ÷åò èñïîëüçîâàíèÿ îáúåìíûõ õðàíèëèù äàííûõ ïðè íåçàâèñèìîé èäåíòèôèêàöèè äîïîë-
íèòåëüíûõ ôàêòîðîâ ðèñêà è ñëîæíûõ âçàèìîäåéñòâèé ìåæäó íèìè [5�7]. Êðîìå òîãî,
èñïîëüçîâàíèå ìîäåëåé ÌÎ, îáó÷åííûõ íà äàííûõ îòäåëüíûõ ðåãèîíîâ, ìîæåò ïîëó÷èòü
áîëåå èíäèâèäóàëèçèðîâàííóþ, ÷åì ïðè èñïîëüçîâàíèè øêàëû SCORE, îöåíêó ðèñêà ðàç-
âèòèÿ ñìåðòåëüíûõ ÑÑÇ, à ñëåäîâàòåëüíî, ëó÷øóþ àäàïòàöèþ óïðàâëåíèÿ ðèñêàìè ê îò-
äåëüíûì ïàöèåíòàì.

1. Ïîäãîòîâêà äàííûõ. Öåëüþ èññëåäîâàíèÿ ÿâëÿåòñÿ ðåøåíèå çàäà÷è ïðåäñêàçàíèÿ
ðèñêà ðàçâèòèÿ íåáëàãîïðèÿòíûõ ñåðäå÷íî-ñîñóäèñòûõ ñîáûòèé ó ïàöèåíòîâ ñ äèàãíîñòè-
ðîâàííîé àðòåðèàëüíîé ãèïåðòåíçèåé â áëèæàéøèå 36 ìåñÿöåâ ñ èñïîëüçîâàíèåì àëãîðèò-
ìîâ ìàøèííîãî îáó÷åíèÿ íà îñíîâå ëîêàëüíûõ äàííûõ Ðåñïóáëèêè Ìîðäîâèÿ. Â êà÷åñòâå
íåáëàãîïðèÿòíûõ ñåðäå÷íî-ñîñóäèñòûõ ñîáûòèé ïðåäñòàâëåíû îñòðûé êîðîíàðíûé ñèí-
äðîì, èíñóëüò, èøåìè÷åñêàÿ áîëåçíü ñåðäöà, ñìåðòü. Êîíòðîëüíûå äàòû ïðîãíîçèðîâàíèÿ
ðèñêîâ íàñòóïëåíèÿ ÑÑÇ � 12, 24 è 36 ìåñÿöåâ ñ ïîñòàíîâêè äèàãíîçà àðòåðèàëüíàÿ ãè-
ïåðòåíçèÿ.

Äëÿ äîñòèæåíèÿ ïîñòàâëåííîé öåëè áûëè ðåøåíû ñëåäóþùèå çàäà÷è:
1. Ôîðìèðîâàíèå äàòà-ñåòà äëÿ èññëåäîâàíèÿ, ïðåäñòàâëåííîãî äàííûìè ïî ïàöèåíòàì

ñ íåîáõîäèìûìè è äîñòàòî÷íûìè ïðèçíàêàìè äëÿ ðàñ÷åòîâ ðèñêà ÑÑÇ.
2. Ïðîâåäåíèå àíàëèçà èìåþùèõñÿ äàííûõ, ôîðìàëüíîãî îïèñàíèÿ è ìàòåìàòè÷åñêîé

ïîñòàíîâêè çàäà÷è.
3. Èññëåäîâàíèå ïðåäñêàçàòåëüíûõ àëãîðèòìîâ ìàøèííîãî îáó÷åíèÿ è èõ ãîòîâûõ ðå-

àëèçàöèé, ñîçäàíèå ìîäåëè ðàñ÷åòà ðèñêîâ ÑÑÇ äëÿ ïîëó÷åííîãî äàòà-ñåòà è îöåíêà åå
ýôôåêòèâíîñòè.

Äàííûå áûëè ïðåäîñòàâëåíû ñîòðóäíèêàìè ìåäèöèíñêîãî èíñòèòóòà ÍÈ ÌÃÓ
èì. Í. Ï. Îãàðåâà (ã. Ñàðàíñê) è ïðåäñòàâëÿþò ñîáîé ñâîäíóþ òàáëèöó î íàáëþäåíèè
ïàöèåíòîâ ñ ÀÃ. Áàçîâàÿ âûáîðêà ïàöèåíòîâ èìååò ñðåäíèé âîçðàñò 57.8±10.4 ãîäà, ñ 34
äî 84 ëåò. Èñõîäíàÿ äàòà íàáëþäåíèÿ áûëà óñòàíîâëåíà 1 ÿíâàðÿ 2017 ãîäà, ÷òî ïîçâîëèëî
âñåì ïàöèåíòàì â êîãîðòå íàõîäèòüñÿ ïîä íàáëþäåíèåì â òå÷åíèå 3 ëåò, äàòà êîíöà ïå-
ðèîäà íàáëþäåíèÿ áûëà îïðåäåëåíà êàê 1 ÿíâàðÿ 2020. Íàáëþäåíèÿ ïðåäñòàâëÿþò ñîáîé
ñîâîêóïíîñòü êàê ñòàíäàðòíûõ ïîêàçàòåëåé ðèñêà ÑÑÇ (âîçðàñò, êóðåíèå è ò. ä.), òàê è
ñïåöèôè÷åñêèõ ïîêàçàòåëåé òàêèõ êàê èíòåðëåéêèí 6, íåîïòåðèí, îìåãà-3 è äð. Ïîëíûé
ñïèñîê íàáëþäàåìûõ ïðèçíàêîâ ïðåäñòàâëåí â òàáëèöå 1.

Ïðè ôîðìèðîâàíèè äàòà-ñåòà îòñóòñòâóþùèå çíà÷åíèÿ áûëè çàìåíåíû íà ñðåäíåå ïî
ïðèçíàêó. Òàê, íàïðèìåð, îòñóòñòâóþùèå çíà÷åíèÿ äëèòåëüíîñòè ÀÃ áûëè çàìåíåíû íà
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Òàáëèöà 1

Íàáëþäàåìûå ïðèçíàêè

Ïðèçíàê Åä. èçì. Ñðåä. çíà÷. CKO Min Max

Âîçðàñò ïàöèåíòà ëåò 57.78 10.37 34 84
Ïîë ïàöèåíòà 1 � ìóæ., 0 � æåí.
Êóðåíèå 1 � äà, 0 � íåò
Äëèòåëüíîñòü ÀÃ ãîäû 7.53 3.943 1 20
Ñèñòîëè÷åñêîå ÀÄ ìì.ðò.ñò. 141.85 110.56 1 170.52
Äèàñòîëè÷åñêîå ÀÄ ìì.ðò.ñò. 82.98 13.25 58.49 113.35
Õîëåñòåðèí îáùèé ììîëü/ë. 5.54 0.7 3.7 6.9
Èíòåðëåéêèí 6 ïã/ìë 14.19 1.48 10.52 17.93
Ôàêòîð íåêðîçà îïóõîëåé ïã/ìë. 11.47 1.9 7.15 14.97
Íåîïòåðèí íìîëü/ë. 6.0 1.79 2.09 9.84
Àëüôà-ëèíîëåíîâàÿ êèñëîòà íìîëü/ë. 110.08 20.0 78.67 140.01
Àðàõèäîíîâàÿ êèñëîòà íìîëü/ë. 1243.57 121.8 1054.6 1433.34
Êîíöåíòðàöèÿ ìàëîíîâîãî íìîëü/ã. 3.24 0.77 1.51 5.46
äèàëüäåãèäà
Àêòèâíîñòü óñë. åä. 3.31 0.86 1.58 6.08
ñóïåðîêñèääèñìóòàçû
Èíäåêñ ìàññû ìèîêàðäà ã/ì2 112.02 11.06 87.02 146.72
ëåâîãî æåëóäî÷êà
Õàðàêòåð íî÷íîãî ñíèæåíèÿ ÀÄ 0 � íîðìàëüíîå, 1 � íåäîñòàòî÷íîå,

2 � íî÷íàÿ ãèïåðòîíèÿ
Ðåçóëüòàòû êîíòðîëüíîãî 0 � öåíçóðèðîâàí; 1 � îñòðûé êîðîíàðíûé ñèíäðîì;
íàáëþäåíèÿ íà ñðîêàõ 2 � èíñóëüò; 3 � èøåìè÷åñêàÿ áîëåçíü ñåðäöà;
12, 24, 36 ìåñÿöåâ 4 � ñìåðòü

ñðåäíåå çíà÷åíèå â âîçðàñòíîé êàòåãîðèè 50�60 ëåò. Êàòåãîðèàëüíûå ïåðåìåííûå (ïîë, êó-
ðåíèå, ðåçóëüòàòû êîíòðîëüíîãî íàáëþäåíèÿ) áûëè ïåðåâåäåíû â áèíàðíûå. Äàëåå, ïðîâå-
äåí êîððåëÿöèîííûé àíàëèç ðàññìàòðèâàåìûõ ïîêàçàòåëåé, ðåçóëüòàò êîòîðîãî ïðåäñòàâ-
ëåí íà ðèñ. 1.

Òàê, çàâèñèìûì ïðèçíàêîì ìîæíî ñ÷èòàòü ïîêàçàòåëü àëüôà-ëèíîëåíîâîé êèñëîòû
(îìåãà-3, ALA), êîòîðûé êîððåëèðóåò ñ ïîêàçàòåëÿìè äèàñòîëè÷åñêîãî àðòåðèàëüíîãî äàâ-
ëåíèÿ (DAD), íåîïòåðèíà, àðàõèäîíîâîé êèñëîòû (AA), èíäåêñà ìàññû ìèîêàðäà ëåâîãî
æåëóäî÷êà (IMMLG). Äàííûé ïðèçíàê áûë óäàëåí èç ðàññìîòðåíèÿ.

Ñëåäóþùèé øàã â ñîçäàíèè äàòà-ñåòà � íîðìàëèçàöèÿ äàííûõ. Â ìàøèííîì îáó÷åíèè
íîðìàëèçàöèåé íàçûâàþò ìåòîä ïðåäîáðàáîòêè ÷èñëîâûõ ïðèçíàêîâ â îáó÷àþùèõ íàáî-
ðàõ äàííûõ ñ öåëüþ ïðèâåäåíèÿ èõ ê íåêîòîðîé îáùåé øêàëå áåç ïîòåðè èíôîðìàöèè î
ðàçëè÷èè äèàïàçîíîâ. Íåîáõîäèìîñòü íîðìàëèçàöèè âûçâàíà òåì, ÷òî ðàçíûå ïðèçíàêè
îáó÷àþùåãî íàáîðà äàííûõ ïðåäñòàâëåíû â ðàçíûõ ìàñøòàáàõ è èçìåíÿþòñÿ â ðàçíûõ
äèàïàçîíàõ. Â ýòîì ñëó÷àå âîçíèêàåò íàðóøåíèå áàëàíñà ìåæäó âëèÿíèåì âõîäíûõ ïåðå-
ìåííûõ, ïðåäñòàâëåííûõ â ðàçíûõ ìàñøòàáàõ, íà âûõîäíóþ ïåðåìåííóþ. Ò. å. ýòî âëèÿ-
íèå îáóñëîâëåíî íå ðåàëüíîé çàâèñèìîñòüþ, à èçìåíåíèåì ìàñøòàáà. Â ðåçóëüòàòå îáó÷àå-
ìàÿ ìîäåëü ìîæåò âûÿâèòü íåêîððåêòíûå çàâèñèìîñòè. Â ðàáîòå èñïîëüçîâàíà ñëåäóþùàÿ
ôîðìóëà íîðìàëèçàöèè:
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Ðèñ. 1. Êîððåëÿöèîííûé àíàëèç ïðèçíàêîâ

xnorm =
(x− xmin)

(xmax − xmin)
,

ãäå xmin è xmax � ìèíèìàëüíîå è ìàêñèìàëüíîå çíà÷åíèÿ ïðèçíàêà ñîîòâåòñòâåííî. Äàí-
íîå ìàñøòàáèðîâàíèå îáåñïå÷èâàåò óñòîé÷èâîñòü ê íåáîëüøèì ñòàíäàðòíûì îòêëîíåíèÿì
ôóíêöèé è ñîõðàíÿåò íóëåâûå çàïèñè â ðàçðåæåííûõ äàííûõ.

2. Îáó÷åíèå ìîäåëåé. Ãëàâíîé îñîáåííîñòüþ äàòà-ñåòà ÿâëÿåòñÿ åãî ìàëûé ðàçìåð
âñëåäñòâèå ëîêàëüíîãî ñáîðà äàííûõ ïî ðåãèîíó. Äàííîå îáñòîÿòåëüñòâî ìîæåò ñóùåñòâåí-
íî ñíèçèòü ñïîñîáíîñòü ìîäåëè ê îáîáùåíèþ. Ïðîáëåìû ñ ìàëûìè íàáîðàìè äàííûõ ñâÿ-
çàíû ñ âûñîêîé äèñïåðñèåé è âêëþ÷àþò â ñåáÿ ïåðåîáó÷åíèå, êîãäà ìîäåëü íå òîëüêî çàïî-
ìèíàåò òðåíèðîâî÷íûå äàííûå, íî ïîäãîíÿåòñÿ ïîä òåñòîâûé íàáîð. Êðîìå òîãî, âûáðîñû,
ò. å. îáúåêòû, ñèëüíî îòëè÷àþùèåñÿ ïî íåêîòîðûì ïðèçíàêàì îò ïðèçíàêîâ îñíîâíîé ìàñ-
ñû, ñòàíîâÿòñÿ íàìíîãî îïàñíåå, òàê êàê ñèëüíåå âëèÿþò íà èòîãîâóþ ìîäåëü.

Îäíèì èç ïîäõîäîâ ê òîìó, ÷òîáû ñäåëàòü ïðîñòðàíñòâî ââîäà áîëåå ãëàäêèì è ëåãêèì
äëÿ èçó÷åíèÿ, ÿâëÿåòñÿ äîáàâëåíèå øóìà âî ââîäíûå äàííûå. Â ðàññìàòðèâàåìîé çàäà÷å
òî÷íîñòü ðåøåíèÿ ñóùåñòâåííî (îêîëî 10 % òî÷íîñòè) ïîâûñèë òàêîé ñïîñîá àóãìåíòàöèè
äàííûõ êàê äîáàâëåíèå ãàóññîâñêîãî øóìà ñ ìàòåìàòè÷åñêèì îæèäàíèåì µ=0 è ñðåäíå-
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êâàäðàòè÷íûì îòêëîíåíèåì σ=0,05 ê ÷èñëîâûì ïðèçíàêàì. Îòìåòèì, ÷òî ê áèíàðíûì
ïðèçíàêàì çàøóìëåíèå íå ïðèìåíÿëîñü.

Öåëåâûì ïðèçíàêîì â èññëåäîâàíèè ÿâëÿåòñÿ áèíàðíûé âåêòîð ïðåäñêàçàíèÿ îñíîâíûõ
íåáëàãîïðèÿòíûõ ñåðäå÷íî-ñîñóäèñòûõ ñîáûòèé â òðåõ êîíòðîëüíûõ âðåìåííûõ òî÷êàõ.
Íàëè÷èå ïîñëåäîâàòåëüíûõ ìîìåíòîâ âðåìåíè íå ïîçâîëÿåò èíòåðïðåòèðîâàòü ïðîáëåìó
êàê çàäà÷ó ìíîãîêëàññîâîé êëàññèôèêàöèè. Ïðè ýòîì, êîíòðîëüíûõ ïðîìåæóòêîâ âñåãî
òðè, ïîýòîìó ðàññìàòðèâàòü çàäà÷ó êàê ïðîãíîçèðîâàíèå âðåìåííîãî ðÿäà òàêæå íåöåëå-
ñîîáðàçíî. Â ñâÿçè ñ òåì, ÷òî öåíçóðèðîâàíèå, à òàêæå íåêîòîðûå ðàññìàòðèâàåìûå ÑÑÇ
ìîãóò ïðîèñõîäèòü îäíîâðåìåííî èëè ïîâòîðÿòüñÿ íà ïðîòÿæåíèè âñåãî èëè ÷àñòè ïåðèîäà
íàáëþäåíèÿ, áûëî ðåøåíî ïðåäñòàâèòü èññëåäîâàíèå êàê ðåøåíèå çàäà÷è êëàññèôèêàöèè
ñ ïåðåñåêàþùèìèñÿ êëàññàìè (ìóëüòèìåòî÷íàÿ êëàññèôèêàöèÿ).

Â äàííûõ çàäà÷àõ X = RD � ìíîæåñòâî îáúåêòîâ, ãäå D � ÷èñëî ïðèçíàêîâ (àòðè-
áóòîâ) êàæäîãî îáúåêòà, Y = {0, 1}L � ìíîæåñòâî îòâåòîâ. Ïðè ýòîì êàæäîìó îáúåêòó
x ∈ X ñîîòâåòñòâóåò âåêòîð y ∈ Y , ïîêàçûâàþùèé, ê êàêèì êëàññàì îáúåêò îòíîñèò-
ñÿ. Îáó÷àþùàÿ âûáîðêà ïðåäñòàâëÿåò ñîáîé ñîâîêóïíîñòü ïàð D = {(x(i), y(i))}Ni=1, ãäå
x(i) = [x1, x2, .., xD] ïðåäñòàâëÿåò ñîáîé îäèí ýêçåìïëÿð äàííûõ, y(i) = [y1, y2, .., yL] � âåê-
òîð ìåòîê, ïðè÷åì

yj =

{
1, åñëè äàííûé ýêçåìïëÿð îòíîñèòñÿ ê êëàññó j,

0, â ïðîòèâíîì ñëó÷àå.

Â ðàññìàòðèâàåìîé çàäà÷å ÷èñëî êëàññîâ L = 15, êîëè÷åñòâî àòðèáóòîâ îáúåêòîâ D = 20,
ðàçìåð îáó÷àþùåãî ìíîæåñòâà äàííûõ ïîñëå àóãìåíòàöèè N = 900.

Áîëüøèíñòâî àëãîðèòìîâ ìàøèííîãî îáó÷åíèÿ ñîçäàíû äëÿ çàäà÷ áèíàðíîé êëàññè-
ôèêàöèè, ïîýòîìó äëÿ êëàññèôèêàöèè ñ ïåðåñåêàþùèìèñÿ êëàññàìè èñïîëüçóþòñÿ àíñàì-
áëåâûå ïîäõîäû. Äàííûå àëãîðèòìû ñâîäÿò èññëåäóåìóþ çàäà÷ó ê ïîñëåäîâàòåëüíîñòè
áèíàðíûõ êëàññèôèêàòîðîâ, ó÷èòûâàþùèõ âîçìîæíóþ êîððåëÿöèþ ìåæäó êëàññàìè [8�
9]. Êðàòêî îïèøåì èñïîëüçóåìûå â ðàáîòå ìåòîäû.

Íåçàâèñèìàÿ êëàññèôèêàöèÿ (binary relevance) ïðåäïîëàãàåò, ÷òî âñå êëàññû íåçàâè-
ñèìû, è îïðåäåëÿåò ïðèíàäëåæíîñòü îáúåêòà ê êàæäîìó îòäåëüíûì êëàññèôèêàòîðîì.
Èñõîäíàÿ çàäà÷à ïðåîáðàçîâàíà â 15 îòäåëüíûõ çàäà÷ áèíàðíîé êëàññèôèêàöèè (ïî îäíîé
äëÿ êàæäîé ìåòêè), ãäå â êà÷åñòâå êëàññèôèêàòîðà èñïîëüçîâàí ìåòîä îïîðíûõ âåêòî-
ðîâ. Ê íåäîñòàòêàì äàííîãî àëãîðèòìà ìîæíî îòíåñòè òî, ÷òî îí íå ó÷èòûâàåò âîçìîæ-
íûå çàâèñèìîñòè ìåæäó ìåòêàìè, à òàêæå íèçêóþ òî÷íîñòü ïðåäñêàçàíèé ïðè äèñáàëàíñå
êëàññîâ.

Êëàññèôèêàöèÿ ñ íåñêîëüêèìè âûõîäàìè (MultiOutput classi�er) � îáîáùåíèå çàäà÷è
ìóëüòèìåòî÷íîé êëàññèôèêàöèè, êîãäà îáúåêò êëàññèôèöèðóåòñÿ ïî íåñêîëüêèì êðèòå-
ðèÿì (öåëÿì). Àëãîðèòì ñîñòîèò â ïîäãîíêå îäíîãî êëàññèôèêàòîðà äëÿ êàæäîé öåëè,
÷òî ïîçâîëÿåò èñïîëüçîâàòü íåñêîëüêî êëàññèôèêàöèé öåëåâûõ ïåðåìåííûõ. Ýòî ïðîñòàÿ
ñòðàòåãèÿ ðàñøèðåíèÿ êëàññèôèêàòîðîâ, êîòîðûå èçíà÷àëüíî íå ïîääåðæèâàþò ìíîãîöå-
ëåâóþ êëàññèôèêàöèþ. Â êà÷åñòâå èñïîëüçóåìîãî êëàññèôèêàòîðà â ðàáîòå èñïîëüçîâàëñÿ
àëãîðèòì ñëó÷àéíûé ëåñ.

LabelPowerset ïðåîáðàçóåò çàäà÷ó ìóëüòèìåòî÷íîé êëàññèôèêàöèè â çàäà÷ó êëàññè-
ôèêàöèè ñ íåñêîëüêèìè êëàññàìè, ñîñòîÿùèìè èç âñåõ óíèêàëüíûõ êîìáèíàöèé ìåòîê,
îáíàðóæåííûõ â îáó÷àþùèõ äàííûõ. Äëÿ ìîäåëèðîâàíèÿ êîððåëÿöèè êëàññîâ ðåøàåòñÿ
åäèíñòâåííàÿ ìóëüòèêëàññîâàÿ çàäà÷à ñ 2L âîçìîæíûìè çíà÷åíèÿìè êëàññà. Èñïîëüçóå-
ìûé â ðàáîòå êëàññèôèêàòîð � ìíîãîêëàññîâûé ìåòîä îïîðíûõ âåêòîðîâ. Ê ñëîæíîñòÿì
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äàííîãî àëãîðèòìà îòíîñÿòñÿ ìíîæåñòâî ïîëó÷åííûõ êëàññîâ, ïðè ýòîì íà êàæäóþ óíè-
êàëüíóþ êîìáèíàöèþ ìåòîê ïðèõîäèòñÿ íåìíîãî îáó÷àþùèõ ïðèìåðîâ, ÷òî ïîâûøàåò ðèñê
ïåðåîáó÷åíèÿ ìîäåëè.

Móëüòèìåòî÷íûé ïîäõîä ëåíèâîãî îáó÷åíèÿ (MLkNN) îòíîñèòñÿ ê ãðóïïå òàê íàçûâà-
åìûõ àäàïòèðîâàííûõ àëãîðèòìîâ. Äàííûé ìåòîä èñïîëüçóåò ìåòîä k áëèæàéøèõ ñîñåäåé
äëÿ ïîèñêà áëèæàéøèõ ïðèìåðîâ ê òåñòèðóåìîìó êëàññó è èñïîëüçóåò áàéåñîâñêèé âûâîä
äëÿ âûáîðà íàçíà÷åííûõ ìåòîê.

Öåïíîé êëàññèôèêàòîð (chain classi�er) ñòðîèò öåïî÷êó äâîè÷íûõ êëàññèôèêàòîðîâ
c0, c1, . . . , cL, ãäå êëàññèôèêàòîð ci èñïîëüçóåò ïðåäñêàçàíèÿ ïðåäûäóùåãî êëàññèôèêàòîðà
cj, ãäåj < i â êà÷åñòâå äîïîëíèòåëüíîãî àòðèáóòà ïðèçíàêîâ. Â êà÷åñòâå áèíàðíîãî êëàññè-
ôèêàòîðà òàêæå èñïîëüçîâàëñÿ ìåòîä îïîðíûõ âåêòîðîâ. Äëÿ òåñòîâîãî îáúåêòà x̃ öåïíîé
êëàññèôèêàòîð ðàññ÷èòûâàåò çíà÷åíèÿ ỹ1 = c1(x̃), ỹ2 = c2(x̃, ỹ1), . . ., ỹL = cL(x̃, ỹ1, . . . ỹ(L−1))
è â êà÷åñòâå ðåçóëüòàòà âîçâðàùàåò âåêòîð ỹ = [ỹ1, ỹ2, . . . , ỹL].

3. Ðåçóëüòàòû. Äëÿ îöåíêè ðåçóëüòàòîâ îáó÷åíèÿ áûëè èñïîëüçîâàíû ñëåäóþùèå
ìåòðèêè [10�11]:

� Òî÷íûé êîýôôèöèåíò ñîîòâåòñòâèÿ (accuracy score) � ñàìûé ñòðîãèé ïîêàçàòåëü,
ïîêàçûâàþùèé ïðîöåíò îáðàçöîâ, äëÿ êîòîðûõ âñå èõ ÿðëûêè êëàññèôèöèðîâàíû ïðà-
âèëüíî. Ðàññ÷èòûâàåòñÿ ïî ôîðìóëå

accuracy score(a,X) =
1

l

l∑
i=1

|Yi ∩ Zi|
|Yi ∪ Zi|

,

ãäå Yi � ìíîæåñòâî êëàññîâ, êîòîðûì îáúåêò xi ∈ X ïðèíàäëåæèò íà ñàìîì äåëå, à ÷åðåç
Zi � ìíîæåñòâî êëàññîâ, ê êîòîðûì îáúåêò áûë îòíåñåí àëãîðèòìîì a(x). Íåäîñòàòîê ýòîé
ìåòðèêè ñîñòîèò â òîì, ÷òî îíà íå ó÷èòûâàåò ÷àñòè÷íûå ñîâïàäåíèÿ êëàññîâ.

� Õýììèíãîâî ðàññòîÿíèå (hamming loss) � äîëÿ êëàññîâ, ôàêò ïðèíàäëåæíîñòè êîòî-
ðûì óãàäàí íåâåðíî. Äàííóþ ìåòðèêó íåîáõîäèìî ìèíèìèçèðîâàòü è åå ðàñ÷åò ïðîèñõîäèò
ïî ôîðìóëå

hamming loss(a,X) =
1

l

l∑
i=1

|Yi \ Zi|+ |Zi \ Yi|
K

;

� F-ìåðà � ãàðìîíè÷åñêîå ñðåäíåå òî÷íîñòè è ïîëíîòû

F =
2 ∗ precision ∗ recall
precision+ recall

,

äîñòèãàþùåå îïòèìàëüíîãî çíà÷åíèÿ ïðè 1 è õóäøåãî çíà÷åíèÿ ïðè 0. Ïðè ìèêðî-
óñðåäíåíèè (Fbeta score micro) õàðàêòåðèñòèêè òî÷íîñòè è ïîëíîòû óñðåäíÿþòñÿ ïî âñåì
êëàññàì, à çàòåì âû÷èñëÿåòñÿ èòîãîâàÿ ìåòðèêà. Ïðè ìàêðî-óñðåäíåíèè (Fbeta score
macro) ñíà÷àëà âû÷èñëÿåòñÿ èòîãîâàÿ ìåòðèêà òî÷íîñòè è ïîëíîòû äëÿ êàæäîãî êëàñ-
ñà, à çàòåì ðåçóëüòàòû óñðåäíÿþòñÿ ïî âñåì êëàññàì.

Ðåçóëüòàòû îáó÷åíèÿ ðàññìîòðåííûõ ìîäåëåé ïðåäñòàâëåíû â òàáëèöå 2.
Ñðàâíèòåëüíàÿ îöåíêà ìåòðèê ìîäåëåé ïîêàçàëà, ÷òî íàèáîëåå áëèçêèå ê îïòèìàëü-

íûì çíà÷åíèÿì ìåòðèê êà÷åñòâà îáó÷åíèÿ èìååò àíñàìáëåâûé ìåòîä êëàññèôèêàöèè ñ
íåñêîëüêèìè âûõîäàìè (MultiOutput classi�er), ãäå â êà÷åñòâå áèíàðíîãî êëàññèôèêàòîðà
èñïîëüçóåòñÿ àëãîðèòì ñëó÷àéíûé ëåñ. Áëèçêîå ê íåìó çíà÷åíèå òî÷íîãî êîýôôèöèåíòà
ñîîòâåòñòâèÿ èìååò àëãîðèòì LabelPowerset. Òî÷íîñòü ïðåäñêàçàíèÿ êàæäîãî êëàññà äëÿ
ìîäåëåé�½ïîáåäèòåëåé“ ïðåäñòàâëåíà íà ðèñ. 2.
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Òàáëèöà 2

Ïîêàçàòåëè ìåòðèê êà÷åñòâà êëàññèôèêàöèè ñ ïåðåñåêàþùèìèñÿ êëàññàìè

Ìîäåëü Accuracy Hamming
Fbeta Fbeta
score score

score loss macro micro

Íåçàâèñèìàÿ êëàññèôèêàöèÿ 0.637 0.0487 0.3577 0.8913
Êëàññèôèêàöèÿ ñ íåñêîëüêèìè 0.7188 0.0335 0.5536 0.9284

âûõîäàìè
LabelPowerset 0.6875 0.0446 0.5339 0.8958

Móëüòèìåòî÷íûé ïîäõîä 0.5750 0.0603 0.2376 0.8646
ëåíèâîãî îáó÷åíèÿ

Öåïíîé êëàññèôèêàòîð 0.6063 0.0616 0.3149 0.8562

Ðèñ. 2. Òî÷íîñòü ïðåäñêàçàíèÿ êàæäîãî êëàññà äëÿ MultiOutput classi�er è LabelPowerset

Èòàê, àëãîðèòìû ìàøèííîãî îáó÷åíèÿ îêàçàëèñü íàèáîëåå ýôôåêòèâíûìè è òî÷íûìè
ñïîñîáàìè ðàñ÷åòà ðèñêà íà ìàëîì íàáîðå ðåãèîíàëüíûõ äàííûõ äëÿ òàêèõ ÑÑÇ êàê
îñòðûé êîðîíàðíûé ñèíäðîì è èøåìè÷åñêàÿ áîëåçíü ñåðäöà 12, 24 è 36 ìåñÿöåâ. Òàêæå ñ
ìàêñèìàëüíîé òî÷íîñòüþ àëãîðèòì ïðîãíîçèðóåò öåíçóðèðîâàííûå íàáëþäåíèÿ. Äàííûå
ðåçóëüòàòû ïîçâîëÿþò ãîâîðèòü î âîçìîæíîñòè èñïîëüçîâàíèÿ ìîäåëåé ìàøèííîãî îáó÷å-
íèÿ äëÿ ïîâûøåíèÿ òî÷íîñòè ïðîãíîçèðîâàíèÿ óêàçàííûõ çàáîëåâàíèé. Òàêèì îáðàçîì,
ïîäõîäû ìàøèííîãî îáó÷åíèÿ îòêðûâàþò ïåðñïåêòèâó äîñòèæåíèÿ áîëåå èíäèâèäóàëè-
çèðîâàííîé îöåíêè ðèñêà ÑÑÇ è ëó÷øåé àäàïòàöèè óïðàâëåíèÿ ðèñêàìè ê îòäåëüíûì
ïàöèåíòàì. Ïðàêòè÷åñêîå âíåäðåíèå ïîëó÷åííûõ ìîäåëåé â êëèíè÷åñêóþ ïðàêòèêó
ìîæåò óëó÷øèòü êà÷åñòâî ïåðâè÷íîé ïðîôèëàêòèêè, ÷òî ïîìîæåò ïðåäóïðåäèòü èëè
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îòñðî÷èòü ðàçâèòèå ÑÑÇ. Â ðàáîòå ñ äàâíî íàáëþäàþùèìèñÿ ïàöèåíòàìè ïîëó÷åííûå
ìîäåëè òàêæå ìîãóò ñëóæèòü ýôôåêòèâíûì èíñòðóìåíòîì êîíòðîëÿ äèíàìèêè òàêèõ
ìîäèôèöèðóåìûõ ôàêòîðîâ êàê èçáûòî÷íàÿ ìàññà òåëà, ñàõàðíûé äèàáåò, íåäîñòàòî÷íàÿ
ôèçè÷åñêàÿ àêòèâíîñòü è äð.
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