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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 (AI) 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 AI 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, AI platforms have been created to predict the course of IHD. This review analyzes published data 
on the development and use of AI-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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Системы искусственного интеллекта 
для прогнозирования исходов при хронической 
ишемической болезни сердца у пациентов, 
перенёсших кардиохирургическое вмешательство, 
в зависимости от наличия анемического синдрома: 
обзор литературы
Т.Ю. Калюта, И.П. Емельянова, В.В. Суворов, А.С. Федонников 
Саратовский государственный медицинский университет имени В.И. Разумовского, Саратов, Россия

АННОТАЦИЯ
Обоснование. Ежегодно в России число лиц, перенёсших кардиохирургические вмешательства, превышает 600 тыс. 
Среди них анемия встречается у 30–70% человек, что в 4 раза повышает риск летального исхода в течение года, 
в 5 раз — риск тромбоза стента, в 1,3 раза — риск рецидивов острых коронарных событий и в 2 раза — риск крово-
течений. Однако среди разработанных систем прогнозирования с применением технологий искусственного интеллекта 
(ИИ) лишь немногие учитывают наличие анемического синдрома. Имеющиеся цифровые платформы не сфокусирова-
ны на поддержке принятия врачебных решений. 
Цель обзора — анализ существующих платформ ИИ для прогнозирования течения ишемической болезни сердца 
(ИБС) и систем, учитывающих наличие анемического синдрома.
Материалы и методы. Проанализированы базы данных PubMed и «Российский индекс научного цитирования» с 2000 
по январь 2024 года. По ключевым словам «искусственный интеллект», «анемия», «ИБС», «гемоглобин», «кардиохи-
рургические вмешательства» найдено 906 статей, из них критериям включения в анализ соответствовало 38.
Результаты. В ряде стран мира в настоящее время созданы платформы ИИ для прогнозирования течения ИБС. В на-
стоящем обзоре представлен анализ опубликованных данных о разработанных и используемых цифровых продуктах 
на основе ИИ для ведения пациентов с ИБС, в том числе учитывающих основные гематологические показатели.
Заключение. Анализ существующих разработок показал нацеленность на решение прогностических вопросов. 
При этом, на наш взгляд, недостаточно широк спектр анализируемых параметров. В частности, не развит учёт наличия 
или отсутствия анемии, играющей ключевую роль в модификации риска неблагоприятных исходов при ИБС. 
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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 (AI) is increasingly being 
used to determine poor prognostic factors for IHD [4–41].  
Therefore, the aim of this review was to analyze existing AI 
platforms designed to predict IHD progression and consider 
anemia. 

MATERIALS AND METHODS
This review presents Russian and foreign studies 

on the use of AI 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 AI elements to predict 
IHD outcomes. As a result, 38 papers were selected and 
analyzed using parameters included in the interpreted input 
data in AI systems. The list of outcomes (endpoints) predicted 
by researchers was also assessed. 

RESULTS
Appendix 1 lists the key clinical parameters interpreted 

using AI platforms described in papers and the outcomes they 
predict. This review evaluated 38 proprietary AI 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 AI platforms: 1) probability of a clinically 
defined adverse outcome (acute coronary syndrome, 
death, etc.); 2) probability of a morphologically defined 
adverse outcome (e.g., plaque rupture). We believe that such 
a classification helps understand the practical value of using 
AI platforms developed by different researchers. On the one 

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 AI 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 AI 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 AI 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 AI 
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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sufficient set of parameters to be analyzed using AI 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 AI 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 AI 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.” 

The relatively small number of developments is remarkable. 
At the same time, AI 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, AI 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 AI 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 
AI models for patients after cardiac surgery. Therefore, 
it is important to develop AI 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

Table 1. Frequency of using endpoints to evaluate outcomes predicted by authors of papers

Predicted outcome 
Number 

of papers using 
the outcome

Percentage of papers using the outcome out of the total 
number (n=38) of papers meeting inclusion criteria 

and having no exclusion criteria

Anemia 1 2.60

Non-ST-elevation acute coronary syndrome 3 7.80

Unstable angina 9 23.60

Acute myocardial infarction recurrence 7 18.40

Pericarditis 3 7.84

Atrial fibrillation 4 10.50

Cardiomyopathy 4 10.50

Angioedema 1 2.60

Chronic heart failure 2 5.20

Acute heart failure 2 5.20

Myocardial hypertrophy 1 2.60

Hypertrophic cardiomyopathy 2 5.20

Cardiac death 3 7.84

Stent thrombosis 2 5.20

Brugada syndrome 2 5.20

White coat hypertension 1 2.60

Pulmonary hypertension 1 2.60

Metabolic syndrome 2 5.20

Arrhythmia 4 10.50

Bleeding 6 15.47

Death (all causes) 8 21.0

https://doi.org/10.17816/rmj635256-4221253
https://doi.org/10.17816/rmj635256-4221253
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Appendix 2. The frequency of use of indicators included 
in the data interpreted by the authors of the articles.  
doi: 10.17816/rmj635256-4221255
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