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ABSTRACT

BACKGROUND: In Russia, the number of people undergoing heart surgery exceeds 600 thousand annually. These include
anemia in 30-70% of patients with a 4-fold increased risk of one-year death, a 5-fold increased risk of stent thrombosis,
a 1.3-fold increased risk of recurrent acute coronary events, and a 2-fold increased risk of bleeding. However, among the
prognostic systems developed using artificial intelligence (Al) technologies, few take the presence of anemia into account.
Existing digital platforms are not designed to support clinical decision making.

AIM: The review aimed to evaluate existing Al platforms for predicting the course of ischemic heart disease (IHD) and systems
that take into account the presence of anemia.

MATERIALS AND METHOD: The PubMed and Russian Science Citation Index databases from 2000 to January 2024 were
analyzed. Using Keywords of “artificial intelligence”, “anemia”, “coronary heart disease”, “hemoglobin”, and “cardiac surgery”,
906 articles were found, of which 38 met the inclusion criteria for analysis.

RESULTS: In some countries, Al platforms have been created to predict the course of IHD. This review analyzes published data
on the development and use of Al-based digital products for the management of patients with IHD, including those that take
into account key hemodynamic parameters.

CONCLUSION: Analysis of existing developments revealed a focus on solving prognostic problems. However, in our opinion,
the range of parameters analyzed is not wide enough. For example, anemia, which plays a key role in modifying the risk
of adverse outcomes in IHD, has not been considered as a factor.
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CucreMbl MCKYCCTBEHHOrO MHTENIEKTa

ANA NPOrHO3MPOBaHUA UCXO0A0B NPU XPOHUYECKOM
MieMuyecKon 6onesHu cepala y nauueHToB,
nepeHecWMX KapAUOXUPYpruyecKoe BMeLIaTebCTBO,
B 3aBUCUMOCTH OT HaJIMMMA AaHEMUYECKOro CMHApPOMA:
0630p nutepatypbl

T.10. Kaniota, .M. EMenbsHoBa, B.B. Cysopos, A.C. ®efoHHMKOB

CapaToBCKU rocyAapCTBeHHbI MeAMLMHCKUIA YHuBepcuTeT UMenmn B.U. Pasymosckoro, Capatos, Poccus

AHHOTALUA

0O6ocHoBaHue. ExxerogHo B Poccum 4Mcno nuu, nMepeHECLUMX KapAMoXMPYpruyeckue BMeLLaTenbeTea, npesbiwaeT 600 Thic.
Cpemm Hux aHemus BcTpevaetcs y 30-70% uenoBek, 4To B 4 pa3a MOBbILAET PUCK NETANbHOMO UCX04A B TeYeHWe rofa,
B 5 pa3 — pucK TpoMbo3a cTeHTa, B 1,3 pa3a — pUCK peLyanBOB OCTPbIX KOPOHAPHBIX COBLITMIA U B 2 pa3a — PUCK KPOBO-
TeyeHuit. OHaKo cpeay pa3paboTaHHbIX CUCTEM NPOrHO3MPOBaHMUS C MPUMEHEHWEM TEXHONOMUIA UCKYCCTBEHHOMO MHTEN/IEKTA
(W) NnLLb HeMHOTWE YYMTLIBAIOT HaNMYME aHEMUYECKOr0 cuHapoMa. WMetowumecs umdpoBble nnatdopMbl He choKycHpoBa-
Hbl Ha NOAJEPIKKE NPUHATUA BpauebHbIX peLleHui.

Lienb 063opa — aHanu3 cywecteyiowmx nnatgopm MW ans nporHosvpoBaHua TeyeHus mileMuuecKoii 6onesHu cepaua
(MBC) 1 cucTeM, yUMTLIBAIOLWMX HANMYME aHEMUYECKOTO CUHAPOMA.

Marepuanbl U MeToAbl. [poaHanu3upoBaHbl 6a3bl AaHHbIX PubMed 1 «PoccuiicKuin MHAEKC HaydHOro LuuTUpoBaHmus» ¢ 2000
no a4Bapb 2024 roaa. Mo KoYEBbIM CIOBaM «MUCKYCCTBEHHbINA UHTENINEKT», «aHeMusi», «MBC», «reMornobuH», «kapamoxu-
pypruyeckue BMeLLaTenbCTBa» HaitpeHo 906 ctaTeid, U3 HUX KpUTEPUAM BKIIKOYEHWA B aHann3 cooTeeTcTBOBano 38.
Pesynbtathl. B page ctpaH Mupa B HacTosiLiee BpeMs co3paHbl nnatdopMbl A ans nporHosuposahus Teuenus UBC. B Ha-
cTosiem ob3ope npeAcTaBeH aHanu3 onybaMKOBaHHbIX AAHHBIX 0 pa3paboTaHHbIX U UCMOMb3yeMbIX LMGbPOBLIX MPOAYKTaX
Ha ocHoBe VW ons Bepenus nauvenToB ¢ UBC, B TOM Yucne yUMTHIBAIOLLMX OCHOBHbIE FEMATONOTMYECKUE MOKa3aTenu.
3aknioueHne. AHanus CylecTBYOLUMX pa3paboToK MOKasan HalUeNeHHOCTb Ha peLUeHUe MPOrHOCTUYECKMX BOMPOCOB.
Mpy 3TOM, Ha HaLl B3rNisg, HeL0CTaTOYHO LIMPOK CMEKTP aHanu3upyeMbIX NapaMeTpoB. B YacTHOCTH, He pasBUT YYET Hannums
UMW OTCYTCTBUA aHEMMU, UTPAIOLLIEN KITHOYEBYIO Posib B MoAMdUKaLMM pucKa HebraronpuaTHbix ucxogos npu MBC.

KnioueBble cnosa: MCKYCCTBEHHbIVI VHTENINIEKT; aHEMUS; ULeMUYecKasn bonesHb cepaua; 0630p.
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BACKGROUND

Cardiovascular disease represents a significant and
growing burden on healthcare systems [1]. In Russia,
the number of people undergoing heart surgery exceeds
600 thousand annually [2, 3]. Of them, 30 to 70% of patients
have anemia which is associated with a 4-fold increased
risk of one-year mortality, a 5-fold increased risk
of stent thrombosis, a 1.3-fold increased risk of recurrent
acute coronary syndrome, and a 2-fold increased risk
of bleeding [1-3]. More than 10 modifiable and many non-
modifiable risk factors have been identified for unfavorable
prognosis of ischemic heart disease (IHD), with anemia being
a significant one. Artificial intelligence (Al) is increasingly being
used to determine poor prognostic factors for IHD [4-41].
Therefore, the aim of this review was to analyze existing Al
platforms designed to predict IHD progression and consider
anemia.

MATERIALS AND METHODS

This review presents Russian and foreign studies
on the use of Al platforms to predict IHD progression
considering presence or absence of anemia. The PubMed and
Russian Science Citation Index databases were searched from
2000 to early 2024. Using “artificial intelligence”, "anemia”,
"ischemic heart disease”, "hemoglobin”, “cardiac surgery" as
keywords, 906 papers were found and analyzed according
to the criteria presented. As the search for papers using
all keywords did not yield any results, the above keywords
were used in pairs, and papers were found presenting data
on the use of digital platforms with Al elements to predict
[HD outcomes. As a result, 38 papers were selected and
analyzed using parameters included in the interpreted input
data in Al systems. The list of outcomes (endpoints) predicted
by researchers was also assessed.

RESULTS

Appendix 1 lists the key clinical parameters interpreted
using Al platforms described in papers and the outcomes they
predict. This review evaluated 38 proprietary Al platforms,
interpreted data, and predicted outcome parameters.
We classified the interpreted parameters as clinical,
instrumental, and laboratory ones. This analysis showed
that most platforms included parameters that are rarely
determined in routine practice, and only 8 of 38 systems
included complete blood count (CBC) as one of prognostic
parameters.

We identified two types of outcomes predicted by
developers of Al platforms: 1) probability of a clinically
defined adverse outcome (acute coronary syndrome,
death, etc.); 2) probability of a morphologically defined
adverse outcome (e.g., plague rupture). We believe that such
a classification helps understand the practical value of using
Al platforms developed by different researchers. On the one
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hand, the accuracy of system is improved due to increasing
the amount of output data and the proportion of objective
and quantifiable prognostic features. On the other hand,
the need to collect and enter large amounts of information
into the system is limited in practice by technical capabilities
of a healthcare organization, data collection time, etc.
In addition, estimated probability of a morphologically defined
adverse outcome (e.g., risk of plaque rupture) is difficult
to use in routine practice as a guide for clinicians because
the traditional risk-oriented approach is based on assessing
probability of clinically adverse conditions, not morphological
ones.

Appendix 1 shows different Al platform development
strategies used in the studies reviewed. Machine learning
models were the most commonly used, and only four cases
did not specify any algorithm.

The majority of researchers include data pertaining
to the presence or absence of commonly recognized risk
factors for IHD progression in the list of data to be interpreted
by the Al platform. Most of these risk factors are non-
modifiable, with anemia being a modifiable one. However,
only 10% of researchers included this parameter in their
analysis of IHD risk. D'Ascenzo et al. [25] developed the only
algorithm to determine the risk of IHD in the presence
of anemia. Only Ohara et al. [24] evaluated red blood cell
counts as a predictor of anemia. At the same time, anemia
is a significant IHD risk factor and correlates with worse
outcomes [3].

According to Appendix 2, all Al systems developed for
recording laboratory parameters of anemia can be classified
into two groups which consider (54 papers) and disregard
(6 papers) CBC parameters.

Based on this fact, anemia seems to be underestimated
as a prognostically adverse factor that significantly increases
the risk of adverse IHD outcomes [1-3]. Bleeding during
IHD surgery is also not fully considered, although it is an
independent adverse predictor: only one of the developed Al
systems included this factor (D'Ascenzo et al.) [25].

Table 1 shows the frequency of using endpoints
for assessment of outcomes predicted by the platform
developers.

An evaluation of outcome prediction parameters suggests
that the focus is predominantly on clinical endpoints such
as death, arrhythmia, bleeding, while morphological adverse
endpoints such as myocardial hypertrophy and stent
thrombosis are evaluated in only 7.8% of cases. We believe
that the focus on clinical endpoints is justified because
it is consistent with the principles of recommendations to be
followed in routine clinical practice.

DISCUSSION

Artificial intelligence can improve the quality of risk
prediction for adverse outcomes in IHD patients. However,
our study shows no current consensus on the minimum
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Table 1. Frequency of using endpoints to evaluate outcomes predicted by authors of papers

Number
Predicted outcome

the outcome

of papers using

Percentage of papers using the outcome out of the total
number (n=38) of papers meeting inclusion criteria
and having no exclusion criteria

Anemia

Non-ST-elevation acute coronary syndrome
Unstable angina

Acute myocardial infarction recurrence
Pericarditis

Atrial fibrillation

Cardiomyopathy

Angioedema

Chronic heart failure

Acute heart failure

1

3

9

7

3

4

4

1

2

2

Myocardial hypertrophy 1
Hypertrophic cardiomyopathy 2
Cardiac death 3
Stent thrombosis 2
Brugada syndrome 2
White coat hypertension 1
Pulmonary hypertension 1
Metabolic syndrome 2
Arrhythmia 4
Bleeding 6
8

Death (all causes)

2.60
780
23.60
18.40
184
10.50
10.50
2.60
5.20
5.20
2.60
5.20
784
5.20
5.20
2.60
2.60
5.20
10.50
15.47
21.0

sufficient set of parameters to be analyzed using Al for
prediction of cardiac surgery outcomes. In the list of data
to be interpreted, most researchers include mainly medical
history of commonly accepted risk factors, most of which are
non-modifiable. It should be noted that anemia is a modifiable
risk factor. However, only 10% of the developers included
this parameter in their analysis of IHD risk. The Ohara and
D'Ascenzo algorithms are the first published IHD prediction
platforms that consider anemia, and both algorithms
were developed for patients with bleeding and/or baseline
anemia [24, 25]. In patients without anemia or no history
of bleeding, none of the developers included anemia as
a potential outcome to be predicted.

We believe that anemia is not considered to predict IHD
progression due to the relatively short history of Al use
in healthcare. Researchers seem to improve their algorithms
using a relatively narrow set of the same interpretable data
and outcomes (see Appendix 2), and in the next phase a wider
range of parameters is expected to be included.

It should be noted that there are no Al platforms
that support clinical decision making to recommend
a personalized treatment or diagnostic strategy. The only
exception is the system developed by Noh et al. [6] to assess
the “need for revascularization.”

DOl https://doi.org/10.17816/medjrf635256

The relatively small number of developments is remarkable.
At the same time, Al platforms are being developed in Russia
to improve the quality of life of IHD patients and optimize use
of healthcare resources. There is a high demand for such
services among healthcare professionals and patients, but no
available services have been offered.

CONCLUSION

In some countries, Al platforms have been created
to predict IHD progression. They address prognostic issues
and do not focus enough on treatment strategies. At present,
the methods for Al platform development for IHD patients are
still in their infancy and are based on a limited set of input
data. Anemia is not considered by most teams developing
Al models for patients after cardiac surgery. Therefore,
it is important to develop Al platforms for predicting IHD
progression, considering anemia as a risk factor. This will
increase their medical, social, and economic effectiveness.

ADDITIONAL INFORMATION

Appendix 1. Analysis of interpreted and predicted parameters
in publications on developed artificial intelligence systems.
doi: 10.17816/rmj635256-4221253
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Appendix 2. The frequency of use of indicators included ELEAE
in the data interpreted by the authors of the articles. Gy
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Funding source. The work was performed as part of a scientific
study of the Saratov State Medical University named after
V. Razumovsky of the Ministry of Health of the Russian Federation
on the subject of the state assignment of the Ministry of Health
of the Russian Federation "Development of an expert artificial
intelligence system for personalized diagnosis, correction of cognitive
impairment and prediction of outcomes in chronic coronary heart

REFERENCES

1. Kontsevaya AN, Drapkina OM, Balanova YuA, et al. Economic
burden of cardiovascular diseases in the russian federation in
2016. Rational Pharmacotherapy in Cardiology. 2018;14(2):156—166.
EDN: XNSQUP doi: 10.20996/1819-6446-201814-2-156-166

2. LanserL, Fuchs D, Scharnagl H, et al. Anemia of chronic disease
in patients with cardiovascular disease. Front Cardiovasc Med.
2021;8:666638. doi: 10.3389/fcvm.2021.666638

3. Kalyuta TYu, Glushakova VD, Glushakov IA, et al. Anemia and acute
coronary syndromes: epidemiology, etiology, prognostic value and
bleeding risks. Challenges in Modern Medicine. 2022;45(4):325-342.
EDN: UNCZUF doi: 10.52575/2687-0940-2022-45-4-325-342

4. Wang H, Zu Q, Chen J, et al. Application of artificial intelligence
in acute coronary syndrome: a brief literature review. Adv Ther.
2021;38(10):5078-5086. doi: 10.1007/s12325-021-01908-2

5. Kulkarni H, Amin AP. Artificial intelligence in percutaneous
coronary intervention: improved prediction of PCl-related
complications using an artificial neural network. medRxiv. 2020.
doi: 10.1101/2020.08.17.20177055

6. Noh YK, Park JY, Choi BG, et al. A machine learning-based approach
for the prediction of acute coronary syndrome requiring revascularization.
J Med Syst. 201943(8):253. doi: 10.1007/s10916-019-1359-5

7. Zack CJ, Senecal C, Kinar Y, et al. Leveraging machine learning
techniques to forecast patient prognosis after percutaneous coronary
intervention. JACC Cardiovasc Interv. 2019;12(14):1304-1311.
doi: 10.1016/j.jcin.2019.02.035

8. Pinaire J, Chabert E, Azé J, et al. Sequential pattern mining
to predict medical in-hospital mortality from administrative
data: application to acute coronary syndrome. J Healthc Eng.
2021;2021:5531807. doi: 10.1155/2021/5531807

9. Berikol GB, Yildiz O, Ozcan IT. Diagnosis of acute coronary
syndrome with a support vector machine. J Med Syst. 2016;40(4):84.
doi: 10.1007/510916-016-0432-6

10. Than MP, Pickering JW, Sandoval Y, et al. Machine learning to
predict the likelihood of acute myocardial infarction. Circulation.
2019;140(11):899-909. doi: 10.1161/CIRCULATIONAHA.119.041980
11. Wu CC, Hsu WD, Islam MM, et al. An artificial intelligence
approach to early predict non-ST-elevation myocardial infarction
patients with chest pain. Comput Methods Programs Biomed.
2019;173:109-117. doi: 10.1016/j.cmpb.2019.01.013

12. Baxt WG, Shofer FS, Sites FD, et al. A neural network aid for
the early diagnosis of cardiac ischemia in patients presenting
to the emergency department with chest pain. Ann Emerg Med.
2002;40(6):575-583. doi: 10.1067/mem.2002.129171

13. Hadanny A, Shouval R, Wu J, et al. Predicting 30-day mortality after
ST elevation myocardial infarction: Machine learning- based random

Val. 30 (5) 2024

DOl https://doi.org/10.17816/medjrf635256

Russian Medicine

disease depending on the presence of anemic syndrome” (EGISU R&D
No. 124020600005-4, PTNI 1023022700025-8 dated 06.02.2024)
Competing interests. The authors claim that there is no conflict
of interest in the article.

Authors’ contribution. All authors confirm compliance of their
authorship with the international ICMJE criteria. The largest contribution
is distributed as follows: T.Yu. Kalyuta — research concept and design,
writing the text, editing; I.P. Emelyanova — collection and processing of
material, writing the text; V.V. Suvorov — writing the text, compilation
of the list of literature; A.S. Fedonnikov — writing the text, editing.

forest and its external validation using two independent nationwide
datasets. J Cardiol. 2021;78(5):439—446. doi: 10.1016/jjjcc.2021.06.002
14. Sherazi SWA, Bae JW, Lee JY. A soft voting ensemble classifier
for early prediction and diagnosis of occurrences of major adverse
cardiovascular events for STEMI and NSTEMI during 2-year
follow-up in patients with acute coronary syndrome. PLoS One.
2021;16(6):e0249338. doi: 10.1371/journal.pone.0249338

15. Zeron RMC, Serrano Junior CV. Artificial intelligence in the
diagnosis of cardiovascular disease. Rev Assoc Med Bras (1992).
2019;65(12):1438-1441. doi: 10.1590/1806-9282.65.12.1438

16. Gruson D, Bernardini S, Dabla PK, et al. Collaborative Al and
laboratory medicine integration in precision cardiovascular medicine.
Clin Chim Acta. 2020;509:67-71. doi: 10.1016/j.cca.2020.06.001

17. Fominykh AM. A complex for automatic diagnostics of
cardiovascular activity based on an artificial intelligence system.
Fundamental'nye i prikladnye issledovaniya: problemy i rezul'taty.
2013;(3):54-58. (In Russ.) EDN: RDMQSX

18. Geltser BI, Rublev VYu, Tsivanyuk MM, Shakhgeldyan KI. Machine
learning in predicting immediate and long-term outcomes of myocardial
revascularization: a systematic review. Russian Journal of Cardiology.
2021;26(8):115—124. EDN: PVUHFE doi: 10.15829/1560-4071-2021-4505
19. Johnson KW, Torres Soto J, Glicksberg BS, et al. Artificial
intelligence in cardiology. J Am Coll Cardiol. 2018;71(23):2668-2679.
doi: 10.1016/}.jacc.2018.03.521

20. Johnson AE, Brewer LC, Echols MR, et al. Utilizing artificial
intelligence to enhance health equity among patients with heart failure.
Heart Fail Clin. 2022;18(2):259-273. doi: 10.1016/j.hfc.2021.11.001
21. Pieszko K, Hiczkiewicz J, Budzianowski P, et al. Machine-learned
models using hematological inflammation markers in the prediction
of short-term acute coronary syndrome outcomes. J Transl Med.
2018;16(1):334. doi: 10.1186/512967-018-1702-5

22. Duan H, Sun Z, Dong W, Huang Z. Utilizing dynamic treatment
information for MACE prediction of acute coronary syndrome. BMC
Med Inform Decis Mak. 2019;19(1):5. doi: 10.1186/512911-018-0730-7
23. Ma M, Hao X, Zhao J, et al. Predicting heart failure in-hospital
mortality by integrating longitudinal and category data in electronic
health records. Med Biol Eng Comput. 2023;61(7):1857-1873.
doi: 10.1007/s11517-023-02816-z

24, OharaT, Ikeda H, Sugitani Y, et al. Artificial intelligence supported
anemia control system (AISACS) to prevent anemia in maintenance
hemodialysis patients. Int J Med Sci. 2021;18(8):1831-1839.
doi: 10.7150/ijms.53298

25. D'Ascenzo F, De Filippo 0, Gallone G, et al. Machine learning-
based prediction of adverse events following an acute coronary
syndrome (PRAISE): a modelling study of pooled datasets. Lancet.
2021;397(10270):199-207. doi: 10.1016/S0140-6736(20)32519-8

490


https://doi.org/10.17816/rmj635256-4221255
https://doi.org/10.17816/rmj635256-4221255
https://elibrary.ru/xnsqup
https://doi.org/10.20996/1819-6446-201814-2-156-166
https://doi.org/10.3389/fcvm.2021.666638
https://elibrary.ru/unczuf
https://doi.org/10.52575/2687-0940-2022-45-4-325-342
https://doi.org/10.1007/s12325-021-01908-2
https://doi.org/10.1101/2020.08.17.20177055
https://doi.org/10.1007/s10916-019-1359-5
https://doi.org/10.1016/j.jcin.2019.02.035
https://doi.org/10.1155/2021/5531807
https://doi.org/10.1007/s10916-016-0432-6
https://doi.org/10.1161/CIRCULATIONAHA.119.041980
https://doi.org/10.1016/j.cmpb.2019.01.013
https://doi.org/10.1067/mem.2002.129171
https://doi.org/10.1016/j.jjcc.2021.06.002
https://doi.org/10.1371/journal.pone.0249338
https://doi.org/10.1590/1806-9282.65.12.1438
https://doi.org/10.1016/j.cca.2020.06.001
https://elibrary.ru/rdmqsx
https://elibrary.ru/pvuhfe
https://doi.org/10.15829/1560-4071-2021-4505
https://doi.org/10.1016/j.jacc.2018.03.521
https://doi.org/10.1016/j.hfc.2021.11.001
https://doi.org/10.1186/s12967-018-1702-5
https://doi.org/10.1186/s12911-018-0730-7
https://doi.org/10.1007/s11517-023-02816-z
https://doi.org/10.7150/ijms.53298
https://doi.org/10.1016/S0140-6736(20)32519-8

491

REVIEWS

26. Laumer F, Di Vece D, Cammann VL, et al. Assessment of artificial
intelligence in echocardiography diagnostics in differentiating
takotsubo syndrome from myocardial infarction. JAMA Cardiol.
2022;7(5):494-503. doi: 10.1001/jamacardio.2022.0183

27. Chan PZ, Ramli MAIB, Chew HSJ. Diagnostic test accuracy of
artificial intelligence-assisted detection of acute coronary syndrome:
a systematic review and meta-analysis. Comput Biol Med.
2023;167:107636. doi: 10.1016/j.compbiomed.2023.107636

28. Kumar S, Chu M, Tu S, et al. Physiologic and compositional
coronary artery disease extension in patients with takotsubo
syndrome assessed using artificial intelligence: an optical
coherence tomography study. Coron Artery Dis. 2022;33(5):349-353.
doi: 10.1097/MCA.0000000000001130

29. Hong H, Zeng M, et al. Risk stratification in acute coronary
syndrome by comprehensive morphofunctional assessment with
optical coherence tomography. JACC Asia. 2022;2(4):460-472.
doi: 10.1016/j.jacasi.2022.03.004

30. ThieBen N, Schnabel R. Diagnosis of acute coronary syndrome.
Dtsch Med Wochenschr. 2024;149(9):488-495. (In- Germany).
doi: 10.1055/a-2163-2586

31. Emakhu J, Monplaisir L, Aguwa C, et al. Acute coronary
syndrome prediction in emergency care: A machine learning
approach. Comput Methods Programs Biomed. 2022;225:107080.
doi: 10.1016/j.cmpb.2022.107080

32. Glessgen CG, Boulougouri M, Vallée JP, et al. Artificial intelligence-
based opportunistic detection of coronary artery stenosis on aortic
computed tomography angiography in emergency department
patients with acute chest pain. Eur Heart J Open. 2023;3(5):0ead088.
doi: 10.1093/ehjopen/oead088

33. Chopannejad S, Sadoughi F, Bagherzadeh R, Shekarchi S.
Predicting major adverse cardiovascular events in acute coronary

CMUCOK JIATEPATYPbI

1. KoHuesas AB., [pankuHa O.M., banaHosa t0.A, 1 ap. 3KoHo-
MUYECKU yLLiepd cepLevHo-CoCyamncTbIX 3aboneBaHuin B Poccuin-
kot Mepepaumm B 2016 rogy // PaumoHansHas dapMakoTepa-
nusa B Kapavonormn. 2018. T. 14, N2 2. P. 156—166. EDN: XNSQUP
doi: 10.20996/1819-6446-201814-2-156-166

2. Llanser L., Fuchs D., Scharnagl H., et al. Anemia of chronic
disease in patients with cardiovascular disease // Front Cardiovasc
Med. 2021. Vol. 8. P. 666638. doi: 10.3389/fcvm.2021.666638

3. Kamorta T.{0,, Mnywakosa B.[., Mywakos WA, 1 ap. AHemus
M OCTPble KOPOHApPHbIE CMHAPOMbI: 3MUAEMMONOTHAS, 3TMOMOrUS,
MPOrHOCTUYECKOE 3HAUYEHWE M PUCKM KPOBOTEUEHWIA // AKTyanbHble
npobnemsl MeauuwHbl. 2022. T. 45, N2 4. C. 325-342. EDN: UNCZUF
doi: 10.52575/2687-0940-2022-45-4-325-342

4. Wang H., Zu Q. Chen J,, et al. Application of artificial intelligence
in acute coronary syndrome: a brief literature review // Adv Ther.
2021. Vol. 38, N 10. P. 5078-5086. doi: 10.1007/s12325-021-01908-2
5. Kulkarni H., Amin A.P. Artificial intelligence in percutaneous
coronary intervention: improved prediction of PCl-related
complications using an artificial neural network // medRxiv. 2020.
doi: 10.1101/2020.08.17.20177055

6. Noh YK, Park J.Y, Choi B.G., et al. A machine learning-
based approach for the prediction of acute coronary syndrome
requiring revascularization // J Med Syst. 2019. Vol. 43, N 8. P. 253.
doi: 10.1007/510916-019-1359-5

Val. 30 (5) 2024

DOl https://doi.org/10.17816/medjrf635256

Russian Medicine

syndrome: a scoping review of machine learning approaches. Appl
Clin Inform. 2022;13(3):720-740. doi: 10.1055/a-1863-1589

34. Kayvanpour E, Gi WT, Sedaghat-Hamedani F, et al. microRNA
neural networks improve diagnosis of acute coronary syndrome (ACS).
J Mol Cell Cardiol. 2021;151:155-162. doi: 10.1016/}.yjmcc.2020.04.014
35. Park J, Yoon Y, Cho Y, Kim J. Feasibility of artificial intelligence-
based electrocardiography analysis for the prediction of obstructive
coronary artery disease in patients with stable angina: validation
study. JMIR Cardio. 2023;7:e44791. doi: 10.2196/44791

36. Kumar S, Chu M, Sans-Roselld J, et al. In-hospital heart failure in
patients with takotsubo cardiomyopathy due to coronary artery disease:
an artificial intelligence and optical coherence tomography study.
Cardiovasc Revasc Med. 2023;47:40-45. doi: 10.1016/j.carrev.2022.09.010
37. Wang Y, Chen H, Sun T, et al. Risk predicting for acute coronary
syndrome based on machine learning model with kinetic plague features
from serial coronary computed tomography angiography. Eur Heart
J Cardiovasc Imaging. 2022;23(6):-800-810. doi: 10.1093/ehjci/jeab101
38.Li R, Shen L, Ma W, et al. Use of machine learning models
to predict in-hospital mortality in patients with acute coronary
syndrome. Clin Cardiol. 2023;46(2):184-194. doi: 10.1002/clc.23957
39. Boeddinghaus J, Doudesis D, Lopez-Ayala P, et al. Machine learning
for myocardial infarction compared with guideline-recommended
diagnostic pathways. Circulation. 2024;149(14):1090-1101.
doi: 10.1161/CIRCULATIONAHA.123.066917

40. Jing M, Xi H, Sun J, et al. Differentiation of acute coronary
syndrome with radiomics of pericoronary adipose tissue. Br J Radiol.
2024;97(1156):850-858. doi: 10.1093/bjr/tqae032

41. Herman R, Meyers HP, Smith SW, et al. International evaluation
of an artificial intelligence-powered electrocardiogram model
detecting acute coronary occlusion myocardial infarction. Eur Heart
J Digit Health. 2023;5(2):123-133. doi: 10.1093/ehjdh/ztad074

7. Zack CJ, Senecal S, Kinar Y., et al. Leveraging machine learning
techniques to forecast patient prognosis after percutaneous coronary
intervention // JACC Cardiovasc Interv. 2019.Vol. 12,N 14.P. 1304-1311.
doi: 10.1016/}.jcin.2019.02.035

8. Pinaire J,, Chabert E., Azé J,, et al. Sequential pattern mining
to predict medical in-hospital mortality from administrative data:
application to acute coronary syndrome // J Healthc Eng. 2021.
Vol. 2021. P. 5531807. doi: 10.1155/2021/5531807

9. Berikol G.B., Yildiz 0., Ozcan I.T. Diagnosis of acute coronary
syndrome with a support vector machine // J Med Syst. 2016.
Vol. 40, N 4. P. 84. doi: 10.1007/510916-016-0432-6

10. Than M.P., Pickering J.W., Sandoval Y., et al. Machine learning to
predict the likelihood of acute myocardial infarction // Circulation. 2019.
Vol. 140, N 11. P. 899-909. doi: 10.1161/CIRCULATIONAHA.119.041980
11. Wu C.C., Hsu W.D,, Islam MM, et al. An artificial intelligence
approach to early predict non-ST-elevation myocardial infarction
patients with chest pain // Comput Methods Programs Biomed. 2019.
Vol. 173. P. 109-117. doi: 10.1016/j.cmpb.2019.01.013

12. Baxt W.G., Shofer F.S,, Sites F.D., Hollander J.E. A neural network
aid for the early diagnosis of cardiac ischemia in patients presenting
to the emergency department with chest pain // Ann Emerg Med.
2002. Vol. 40, N 6. P. 575-583. doi: 10.1067/mem.2002.129171

13. Hadanny A., Shouval R., Wu J,, et al. Predicting 30-day mortality
after ST elevation myocardial infarction: Machine learning-based



https://doi.org/10.1001/jamacardio.2022.0183
https://doi.org/10.1016/j.compbiomed.2023.107636
https://doi.org/10.1097/MCA.0000000000001130
https://doi.org/10.1016/j.jacasi.2022.03.004
https://doi.org/10.1055/a-2163-2586
https://doi.org/10.1016/j.cmpb.2022.107080
https://doi.org/10.1093/ehjopen/oead088
https://doi.org/10.1055/a-1863-1589
https://doi.org/10.1016/j.yjmcc.2020.04.014
https://doi.org/10.2196/44791
https://doi.org/10.1016/j.carrev.2022.09.010
https://doi.org/10.1093/ehjci/jeab101
https://doi.org/10.1002/clc.23957
https://doi.org/10.1161/CIRCULATIONAHA.123.066917
https://doi.org/10.1093/bjr/tqae032
https://doi.org/10.1093/ehjdh/ztad074
https://elibrary.ru/xnsqup
https://doi.org/10.20996/1819-6446-201814-2-156-166
https://doi.org/10.3389/fcvm.2021.666638
https://elibrary.ru/unczuf
https://doi.org/10.52575/2687-0940-2022-45-4-325-342
https://doi.org/10.1007/s12325-021-01908-2
https://doi.org/10.1101/2020.08.17.20177055
https://doi.org/10.1007/s10916-019-1359-5
https://doi.org/10.1016/j.jcin.2019.02.035
https://doi.org/10.1155/2021/5531807
https://doi.org/10.1007/s10916-016-0432-6
https://doi.org/10.1161/CIRCULATIONAHA.119.041980
https://doi.org/10.1016/j.cmpb.2019.01.013
https://doi.org/10.1067/mem.2002.129171

REVIEWS

random forest and its external validation using two independent
nationwide datasets // J Cardiol. 2021. Vol. 78, N 5. P. 439-446.
doi: 10.1016/j.jjcc.2021.06.002

14. Sherazi SW.A,, Bae JW., Lee J.Y. A soft voting ensemble
classifier for early prediction and diagnosis of occurrences of major
adverse cardiovascular events for STEMI and NSTEMI during 2-year
follow-up in patients with acute coronary syndrome // PLoS One.
2021. Vol. 16, N 6. P. €0249338. doi: 10.1371/journal.pone.0249338
15. Zeron RM.C, Serrano Junior C.V. Artificial intelligence in the
diagnosis of cardiovascular disease // Rev Assoc Med Bras (1992).
2019. Vol. 65, N 12. P. 1438—1441. doi: 10.1590/1806-9282.65.12.1438
16. Gruson D., Bernardini S., Dabla P.K., et al. Collaborative Al
and laboratory medicine integration in precision cardiovascular
medicine // Clin Chim Acta. 2020. Vol. 509. P. 67-71.
doi: 10.1016/j.cca.2020.06.001

17. ®oMuHbIx AM. KoMNeKe aBTOMaTUYECKOM OMarHOCTUKK cep-
[J€4YHO-COCYAMCTOM [IeATENLHOCTY Ha 6a3e CUCTEMbI UCKYCCTBEHHOMO
nHTennexTa // OyHOoaMeHTanbHbe M NPUKNaOHbIe UCCNenoBaHNs:
npobneMsl 1 pesynbtatel. 2013. N 3. C. 54-58. EDN: RDMQSX

18. lenvuep b.W., Pybnes B.10., LmBaniok MM, WaxrensaaH K.M.
MatLuvHHoe 0byyeHWe B NPOrHO3MPOBaHWM BAVMKANLLMX W OTAANEH-
HbIX Pe3y/bTaToB PeBacKyNApU3aLMM MUOKapa: CUCTEMATUHECKUIA
0630p // Poccuickuia Kapamonorudeckuit xypHan. 2021. 7. 26, Ne 8.
C. 115-124. EDN: PVUHFE doi: 10.15829/1560-4071-2021-4505

19. Johnson KW., Torres S.J., Glicksberg B.S., et al. Artificial
intelligence in cardiology // J Am Coll Cardiol. 2018. Vol. 71, N 23.
P. 2668-2679. doi: 10.1016/j.jacc.2018.03.521

20. Johnson A.E., Brewer L.C., Echols M.R,, Mazimba S., et al. Utilizing
artificial intelligence to enhance health equity among patients with
heart failure // Heart Fail Clin. 2022. Vol. 18, N 2. P. 259-273.
doi: 10.1016/}.hfc.2021.11.001

21. Pieszko K., Hiczkiewicz J., Budzianowski P., et al. Machine-learned
models using hematological inflammation markers in the prediction
of short-term acute coranary syndrome outcomes // J Transl Med.
2018. Vol. 16, N 1. P. 334. doi: 10.1186/512967-018-1702-5
22.Duan H., Sun Z, Dong W. Huang Z. Utilizing dynamic
treatment information for MACE prediction of acute coronary
syndrome // BMC Med Inform Decis Mak. 2019. Vol. 19, N 1. P. 5.
doi: 10.1186/s12911-018-0730-7

23. Ma M., Hao X,, Zhao J,, et al. Predicting heart failure in-hospital
mortality by integrating longitudinal and category data in electronic
health records // Med Biol Eng Comput. 2023.Vol. 61,N 7. P. 1857-1873.
doi: 10.1007/s11517-023-02816-z

24. Ohara T, lkeda H., Sugitani Y., et al. Artificial intelligence
supported anemia control system (AISACS) to prevent anemia in
maintenance hemodialysis patients // Int J Med Sci. 2021. Vol. 18,
N 8. P. 1831-1839. doi: 10.7150/ijms.53298

25. D'Ascenzo F., De Filippo 0., Gallone G., et al. Machine learning-based
prediction of adverse events following an acute coranary syndrome
(PRAISE): a modelling study of pooled datasets // Lancet. 2021. Vol. 397,
N 10270. P. 199-207. doi: 10.1016/S0140-6736(20)32519-8

26. Laumer F., Di Vece D., Cammann V.L., et al. Assessment of
artificial intelligence in echocardiography diagnostics in differentiating
takotsubo syndrome from myocardial infarction // JAMA Cardiol.
2022. Vol. 7, N 5. P. 494-503. doi: 10.1001/jamacardio.2022.0183
27. Chan P.Z, Ramli MAA.LB., Chew H.S.J. Diagnostic test accuracy
of artificial intelligence-assisted detection of acute coronary syndrome:
a systematic review and meta-analysis // Comput Biol Med. 2023.
Vol. 167. P. 107636. doi: 10.1016/j.compbiomed.2023.107636

Val. 30 (5) 2024

DOl https://doi.org/10.17816/medjrf635256

Russian Medicine

28. Kumar S., Chu M,, Tu S,, et al. Physiologic and compositional
coronary artery disease extension in patients with takotsubo
syndrome assessed using artificial intelligence: an optical coherence
tomography study // Coron Artery Dis. 2022. Vol. 33, N 5. P. 349-353.
doi: 10.1097/MCA.0000000000001130

29. Hong H., JiaH., Zeng M., et al. Risk stratification in acute coronary
syndrome by comprehensive morphofunctional assessment with
optical coherence tomography // JACC Asia. 2022. Vol. 2, N 4.
P. 460-472. doi: 10.1016/] jacasi.2022.03.004

30. ThieBen N., Schnabel R. Diagnose des akuten Koronarsyndroms //
Dtsch Med Woachenschr. 2024. Vol. 149, N 9. P. 488-495.
doi: 10.1055/a-2163-2586

31. Emakhu J., Monplaisir L., Aguwa C., et al. Acute coronary
syndrome prediction in emergency care: A machine learning
approach // Comput Methods Programs Biomed. 2022. Vol. 225.
P. 107080. doi: 10.1016/j.cmpb.2022.107080

32. Glessgen C.G., Boulougouri M., Vallée J.P. et al. Artificial
intelligence-based opportunistic detection of coronary artery
stenosis on aortic computed tomography angiography in emergency
department patients with acute chest pain // Eur Heart J Open. 2023.
Vol. 3, N 5. P. 0ead088. doi: 10.1093/ehjopen/oead088

33. Chopannejad S., Sadoughi F., Bagherzadeh R., Shekarchi S.
Predicting major adverse cardiovascular events in acute coronary
syndrome: a scoping review of machine learning approaches // Appl
Clin Inform. 2022. Vol. 13, N 3. P. 720-740. doi: 10.1055/a-1863-1589
34, Kayvanpour E., Gi W.T., Sedaghat-Hamedani F., et al
microRNA neural networks improve diagnosis of acute coronary
syndrome (ACS) // J Mol Cell Cardiol. 2021. Vol. 151. P. 155-162.
doi: 10.1016/.yjmcc.2020.04.014

35. Park J,, Yoon Y., Cho Y., Kim J. Feasibility of artificial intelligence-
based electrocardiography analysis for the prediction of obstructive
coronary artery disease in patients with stable angina: validation
study // JMIR Cardio. 2023. Vol. 7. P. e44791. doi: 10.2196/44791
36. Kumar S., Chu M., Sans-Rosello J., et al. In-hospital heart
failure in patients with takotsubo cardiomyopathy due to coronary
artery disease: an artificial intelligence and optical coherence
tomography study // Cardiovasc Revasc Med. 2023. Vol. 47. P. 40-45.
doi: 10.1016/j.carrev.2022.09.010

37. Wang Y., Chen H., Sun T,, et al. Risk predicting for acute coronary
syndrome based on machine learning model with kinetic plaque
features from serial coronary computed tomography angiography //
Eur Heart J Cardiovasc Imaging. 2022. Vol. 23, N 6. P. 800-810.
doi: 10.1093/ehjci/jeab101

38. Li R, Shen L, Ma W, et al. Use of machine learning models to
predict in-hospital mortality in patients with acute coronary syndrome //
Clin Cardiol. 2023. Vol. 46, N 2. P. 184—194. doi: 10.1002/clc.23957

39. Boeddinghaus J., Doudesis D., Lopez-Ayala P., et al. Machine
learning for myocardial infarction compared with guideline-
recommended diagnostic pathways // Circulation. 2024. Vol. 149,
N 14.P. 1090-1101. doi: 10.1161/CIRCULATIONAHA.123.066917

40. Jing M., Xi H,, Sun J, et al. Differentiation of acute coranary
syndrome with radiomics of pericoronary adipose tissue // Br
J Radiol. 2024. Vol. 97, N 1156. P. 850-858. doi: 10.1093/bjr/tqae032
41. Herman R, Meyers H.P., Smith SW., et al. International evaluation
of an artificial intelligence-powered electrocardiogram model detecting
acute coronary occlusion myocardial infarction // Eur Heart J Digit
Health. 2023. Vol. 5, N 2. P. 123-133. doi: 10.1093/ehjdh/ztad074

492


https://doi.org/10.1016/j.jjcc.2021.06.002
https://doi.org/10.1371/journal.pone.0249338
https://doi.org/10.1590/1806-9282.65.12.1438
https://doi.org/10.1016/j.cca.2020.06.001
https://elibrary.ru/rdmqsx
https://elibrary.ru/pvuhfe
https://doi.org/10.15829/1560-4071-2021-4505
https://doi.org/10.1016/j.jacc.2018.03.521
https://doi.org/10.1016/j.hfc.2021.11.001
https://doi.org/10.1186/s12967-018-1702-5
https://doi.org/10.1186/s12911-018-0730-7
https://doi.org/10.1007/s11517-023-02816-z
https://doi.org/10.7150/ijms.53298
https://doi.org/10.1016/S0140-6736(20)32519-8
https://doi.org/10.1001/jamacardio.2022.0183
https://doi.org/10.1016/j.compbiomed.2023.107636
https://doi.org/10.1097/MCA.0000000000001130
https://doi.org/10.1016/j.jacasi.2022.03.004
https://doi.org/10.1055/a-2163-2586
https://doi.org/10.1016/j.cmpb.2022.107080
https://doi.org/10.1093/ehjopen/oead088
https://doi.org/10.1055/a-1863-1589
https://doi.org/10.1016/j.yjmcc.2020.04.014
https://doi.org/10.2196/44791
https://doi.org/10.1016/j.carrev.2022.09.010
https://doi.org/10.1093/ehjci/jeab101
https://doi.org/10.1002/clc.23957
https://doi.org/10.1161/CIRCULATIONAHA.123.066917
https://doi.org/10.1093/bjr/tqae032
https://doi.org/10.1093/ehjdh/ztad074

493

REVIEWS

AUTHORS’ INFO

* Tatyana Yu. Kalyuta, MD, Cand. Sci. (Medicine);
address: 112 Bolshaya Kazachya street, 410012 Saratov, Russia;
ORCID: 0000-0003-3172-0804;

eLibrary SPIN: 4982-7861;

e-mail: tatianakaluta@yandex.ru

Irina P. Emelyanova;

ORCID: 0000-0002-4178-9437,

eLibrary SPIN: 1766-8528;

e-mail: irisha-9966@mail.ru

Valeriy V. Suvorov, Cand. Sci. (History);

ORCID: 0000-0002-4181-9034;

eLibrary SPIN: 4757-5250;

e-mail: valeriy_s@inbox.ru

Alexander S. Fedonnikov, MD, Dr. Sci. (Medicine);
ORCID: 0000-0003-0344-4419;

eLibrary SPIN: 2248-5246;

e-mail: fedonnikov@mail.ru

* Corresponding author / ABTop, 0TBETCTBEHHIV 3a NepernmucKy

Val. 30 (5) 2024

DOl https://doi.org/10.17816/medjrf635256

Russian Medicine

0b ABTOPAX

* Kaniota TatbsaHa 0pbeBHa, KaHg, Mef. Hayk;

appec: Poccws, 410012, Caparos, yn. bonbluas Kasauss, a. 112;
ORCID: 0000-0003-3172-0804;

eLibrary SPIN: 4982-7861;

e-mail: tatianakaluta@yandex.ru

EmenbsaHoBa Upuna lNaBnoBHa;

ORCID: 0000-0002-4178-9437;

eLibrary SPIN: 1766-8528;

e-mail: irisha-9966@mail.ru

CyBopos Banepwuit BnagumMmpoBuy, KaHz. 1CT. Hayk;
ORCID: 0000-0002-4181-9034;

eLibrary SPIN: 4757-5250;

e-mail: valeriy_s@inbox.ru

®eponnnkos Anekcanap Cepreesuy, [-p Mef. HayK;
ORCID: 0000-0003-0344-4419;

eLibrary SPIN: 2248-5246;

e-mail: fedonnikov@mail.ru



https://orcid.org/0000-0003-3172-0804
https://www.elibrary.ru/author_profile.asp?spin=4982-7861
mailto:tatianakaluta@yandex.ru
https://orcid.org/0000-0003-3172-0804
https://www.elibrary.ru/author_profile.asp?spin=4982-7861
mailto:tatianakaluta@yandex.ru
https://orcid.org/0000-0002-4178-9437
https://www.elibrary.ru/author_profile.asp?spin=1766-8528
mailto:irisha-9966@mail.ru
https://orcid.org/0000-0002-4178-9437
https://www.elibrary.ru/author_profile.asp?spin=1766-8528
mailto:irisha-9966@mail.ru
https://orcid.org/0000-0002-4181-9034
https://www.elibrary.ru/author_profile.asp?spin=4757-5250
mailto:valeriy_s@inbox.ru
https://orcid.org/0000-0002-4181-9034
https://www.elibrary.ru/author_profile.asp?spin=4757-5250
mailto:valeriy_s@inbox.ru
https://orcid.org/0000-0003-0344-4419
https://www.elibrary.ru/author_profile.asp?spin=2248-5246
mailto:fedonnikov@mail.ru
https://orcid.org/0000-0003-0344-4419
https://www.elibrary.ru/author_profile.asp?spin=2248-5246
mailto:fedonnikov@mail.ru

