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Abstract

Stable angina pectoris is a prevalent condition with concerning symp-
toms and an increased risk of myocardial infarction (MI), stroke, heart 
failure, and mortality. Risk stratification is important in preventive 
care because the severity of the condition significantly impacts prog-
nosis. With the availability of digital data such as electrocardiogram 
(ECG) and clinical variables, artificial intelligence (AI) approaches, 
including machine learning and deep learning, can be beneficial for 
risk prediction of chronic diseases, such as coronary artery disease 
(CAD), in patients with stable angina. At the same time, traditional 
approaches such as Diamond–Forrester, Framingham Risk Score, and 
PROCAM lag because they rely on linear and population-oriented as-
sumptions. This systematic review, guided by the Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020, 
evaluates AI models that have been developed to predict cardiovas-
cular events in adults suffering from a stable angina condition. Out of 
1,250 articles, only five research studies have been included because 
they predict the risk of cardiovascular diseases in patients suffering 
from stable angina. Data modalities in these studies include longitu-
dinal electronic health record (EHR) variables, patient-reported out-
comes (Seattle Angina Questionnaire), invasive angiography indices 
(e.g., Gensini score), and 12-lead ECG. With area under the curve 
(AUC) varying from moderate (about 0.78–0.83) to excellent (> 0.95) 

based on outcome and data richness, AI enhances discrimination for 
obstructive CAD and adverse outcomes across studies. This review 
highlights that there are a limited number of studies on this topic and a 
lack of clinical validity. Also, the final set of features in model devel-
opment varies highly. Hence, heterogeneity, a lack of external valida-
tion, and implementation limitations exist.
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Introduction

Stable angina, also known as stable ischemic heart disease 
(IHD), occurs when the myocardial oxygen supply does not 
meet demand. IHD is one of the major and common causes of 
cardiovascular illness, disability, and death [1, 2]. American 
Heart Association (AHA) states that one in three adult Ameri-
cans suffer from cardiovascular illness, including 16.8 million 
people with IHD [3, 4]. IHD usually presents as chest pain 
from physical activity or emotional distress and has an average 
yearly risk of 3–4% for myocardial infarction (MI) or mortal-
ity [5]. Stable angina is a common sign of obstructive coro-
nary artery disease (CAD), which is one of the major causes 
of heart-related deaths, accounting for approximately one in 
seven deaths annually in the United States [6]. CAD is linked 
to adverse cardiovascular events (CVE) with reduced quality 
of life, and increased healthcare expenses [6].

There is an increased risk of CVE in patients with stable 
angina. Major CVE occur in 20% of patients with stable an-
gina or IHD by 6 months [7, 8]. In the Reduction of Athero-
thrombosis for Continued Health registry, just over half of the 
26,000 people with established CAD had angina. Patients with 
stable angina had higher rates of cardiovascular death, heart 
attack, or stroke over 4 years compared to those without angina 
(16.3% vs. 14.2%; hazard ratio (HR), 1.19; 95% confidence 
interval (CI), 1.11–1.27)) [7]. These facts demand a rapid pre-
dictive evaluation and management of patients suffering from 
stable angina to prevent them from ischemic complications 
leading to chronic CVE, which ultimately affect the quality 
of life.

Doctors have long used their own judgement or clinical 
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scores like the Framingham Risk Score (FRS) for clinical pro-
filing to assess cardiovascular risk in patients with stable an-
gina [9]. Clinical algorithms such as the Diamond–Forrester 
algorithm and the PROCAM score estimate the likelihood of 
CAD using symptoms and risk factors [10, 11]. These risk 
scores and algorithms have certain limitations. For example, 
the FRS predicts CVE over a 10-year period, whereas PRO-
CAM is only for MI. They are calibrated differently for differ-
ent geographical locations, and models may sometimes over-
estimate the likelihood of obstructive CAD, as in case of FRS 
[12, 13]. Also, most of these algorithms use clinical variables 
from symptomatic patients [14]. This is a major limitation 
highlighting the incorporation of high-resolution physiological 
data such as electrocardiogram (ECG), and variables depicting 
lifestyle changes to better predict CVE in patients with stable 
angina [14, 15].

Patients with stable angina often have noninvasive tests 
like ECG, which generates a lot of data that traditional models 
do not fully use [16]. As more digital ECG data and long-term 
clinical records become available, stable angina is a promising 
area for the development of artificial intelligence (AI)-based 
prediction models [16]. In most cases, the clinicians would de-
cipher the ECG output that could cause subjectivity and inter-
rater variance. Due to this fact, minor ECG alterations, which 
are associated with impending heart issues, can be overlooked 
through normal scoring and human inspection [17]. All these 
demonstrate that it is necessary to have data-based approaches 
that integrate both ECG signals and clinical data to enhance 
the decision on individual risk prognosis [18]. Most AI-ECG 
digital biomarkers were created to provide prompt evaluation 
to patients with sudden chest pain, primarily for acute coronary 
syndrome (ACS) screening [19, 20]. The evidence on the ap-
plication of these AI tools to non-acute cases is scarce, which 
leaves a gap in knowledge regarding the ability of algorithms 
that are trained according to acute ischemia-focused data to 
achieve high performance in chronic stable patients [21, 22]. 
Initially, data on AI-ECG biomarkers was obtained to identify 
and distinguish the degree of acute ischemia, whereas they 
could be beneficial in identifying and evaluating the severity 
of CAD in individuals with stable angina [22, 23].

This systematic review summarizes the current literature 
on the risk prediction of CVE in patients with non-acute or sta-
ble angina. This paper provides clinicians and non-clinicians 
with an overview of AI use in this topic. Also, it highlights 
that further such studies should be conducted and clinically 
validated, as this is an important area of research. If a suc-
cessful model is deployed that can identify the risk of CVE 
in patients according to their age, lifestyle, and other factors, 
then several mortalities occurring due to cardiovascular dis-
eases can be reduced. The main objective is to determine the 
existing evidence regarding AI frameworks in CVE prediction 
in stable angina patients. The goals of this review are to enable 
researcher to (1) identify and outline studies using machine 
learning (ML) and deep learning (DL) to predict cardiovas-
cular risk status in patients with stable angina; (2) assess the 
datasets that are in use and evaluate their quality; (3) evalu-
ate the predictive ability of current models in cardiovascular 
risk prediction and examine the application of these models in 

clinical practice
One surprising aspect of this systematic screening is that 

out of the 1,250 studies screened, only five unique studies sat-
isfied all the inclusion criteria. The paucity of information is 
not just a technical constraint of the review but the real situa-
tion of the literature available on digital cardiovascular disease 
research. While the number of papers discussing the use of AI 
and DL digital biomarkers for triaging and screening ACS has 
exploded, there is surprisingly sparse evidence available when 
it comes to chronic stable angina. It will also draw major limi-
tations and shortfalls in the current study and provide future 
directions. In this way, the goal of the review is to shed light on 
how AI might be used to enhance personal cardiovascular risk 
predictions and assist clinicians in making medical decisions 
for patients with stable angina.

Methodology

Articles collection

This systematic review article has been written following the 
Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) 2020 guideline. A rigorous search was 
conducted with available literature by applying various elec-
tronic databases search engines to extract the relevant articles 
on the prediction of CVE in patients with stable angina using 
AI. The search databases which we utilized during the search 
process include PubMed, Scopus, Web of Science and Google 
Scholar. The choice of databases selected by authors is fea-
tured with the need to study both clinical and non-clinical 
studies, in particular, a combination of cardiovascular studies 
and AI. The search of peer-reviewed publications was con-
ducted in November 2025, and studies from the last 5 years 
(i.e., 2020 to 2025) were included. Only research articles were 
included and review articles, conferences, and short publica-
tions like reports, editors, posters, and dissertations were not 
considered.

Search strategy

The search strategy included a well-organized search string. To 
keep the conformity in the search strategy, the same keywords 
were used across all databases. Search terms were adapted to 
the specific syntax and indexing systems of each database. The 
search strategy combined disease-specific terms (e.g., “stable 
angina,” “chronic coronary syndrome”), AI-related terms (e.g., 
“artificial intelligence,” “machine learning,” “deep learning”), 
and outcome-related terms (e.g., “cardiovascular events,” 
“major adverse cardiovascular events,” “myocardial infarc-
tion,” “risk prediction”).

Eligibility criteria

The eligibility criteria stating the principles on which the arti-
cles were included or excluded are shown in Table 1.
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Articles selection

PRISMA 2020 protocol was followed for the inclusion of stud-
ies in the systematic review. The first step was identification, 
and 1,250 records were retrieved from the abovementioned 
databases. Out of those records, 250 were identified through 
manual reference search. Then, 780 articles were removed to 
eliminate duplicate records. A total of 470 articles were as-
sessed according to the inclusion criteria (Table 1). In this 
screening step of title-based screening, 448 articles were left 
behind because they did not fall into the research objectives. 
Only 22 studies were evaluated for abstract screening, and 17 
articles were removed during abstract screening due to reasons 
such as the absence of AI-based prediction models or a lack 
of relevant cardiovascular outcomes. Following full-text as-
sessment, five studies met all eligibility criteria and were in-
cluded in the final qualitative synthesis (Table 2) [17–21]. Any 
disagreements during the screening and eligibility stages were 
resolved through discussion, with consultation of a third re-
viewer when necessary. The entire study selection process is 
illustrated in a PRISMA flow diagram given in Figure 1.

Research Findings

Characteristics of ongoing research

Due to the high prevalence of cardiovascular disease and 
its significant morbidity and mortality, preventing recurrent 
events in patients with established cardiovascular disease re-
mains a critical public health objective. Preventive medicine 
emphasizes initiating interventions tailored to an individual’s 
risk level. Consequently, risk assessment is an essential com-
ponent of preventive care. In 2005, cardiovascular disease 
accounted for 35% of all deaths in the United States; out of 
these, 16.7 million were suffering from IHD. This review is 
analyzing the studies which have been conducted to predict 

the risk of cardiovascular outcomes in people suffering from 
stable angina or IHD. It includes five studies published from 
2018 to 2025. The studies came from a range of locations, in-
cluding Korea [17, 18], Denmark [19], and China, with both 
a single-center cohort [20] and a large multi-institutional elec-
tronic health record (EHR) consortium [21]. One study exam-
ined mobile-compatible ECG analysis [17], while the others 
used hospital clinical data [13, 19], or large-scale EHRs [20].

Types of AI models

AI in stable angina risk prediction primarily employs two ap-
proaches: ML and DL. Both approaches identify patterns be-
tween clinical factors and cardiovascular outcomes, but they dif-
fer in their methods of processing and interpreting clinical data.

ML models

ML is a subset of AI. It is a versatile set of techniques or al-
gorithms for finding patterns and relationships in complex data 
based on selected features and using that information to make 
independent predictions or decisions. For example, certain clini-
cal and physiological variables can be used to predict a disease 
risk, similar to how an ML model operates in an autonomous 
car [21]. The ML models use feature engineering techniques 
and are usually based on traditional statistical methods. These 
models enhance their accuracy over time as they are exposed to 
additional data [21]. In cardiovascular medicine, ML models of-
fer many advantages, including the ability to evaluate enormous 
volumes of medical data, find hidden patterns, and produce pre-
diction tools applicable across varied patient groups [22].

(1) Logistic regression

The logit link function between one binary dependent vari-

Table 1.  Inclusion and Exclusion Criteria

Category Inclusion criteria Exclusion criteria
Population Adult patients (≥ 18 years) diagnosed with sta-

ble angina or chronic coronary syndrome
Patients with acute coronary syndrome, unstable an-
gina, post-MI only cohorts, pediatric populations

Intervention/
exposure

Studies applying artificial intelligence, ma-
chine learning, or deep learning models

Studies using only traditional statistical risk 
scores without AI/ML components

Outcomes Prediction of cardiovascular events (e.g., MACE, MI, 
mortality, heart failure, stroke, revascularization)

Studies not reporting cardiovascular outcomes or focused 
only on diagnostic accuracy without outcome prediction

Study design Observational studies (retrospective or prospec-
tive), cohort studies, registry-based studies

Case reports, editorials, letters, commentaries, con-
ference abstracts, posters, dissertations

Data type Use of clinical data, ECG, imaging, EHR, 
laboratory data, or multimodal datasets

Animal studies, simulation-only studies, non-clinical datasets

Publication type Peer-reviewed journal articles Preprints without peer review, short communications, reviews
Time frame Published within the last 10 years Publications which were prior to the specified time window
Language Articles published in English Non-English publications

MI: myocardial infarction; EHR: electronic health record; ECG: electrocardiogram; MACE: major adverse cardiovascular events.
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able, also referred to as an outcome variable, and one or more 
independent variables, sometimes referred to as covariates or 
explanatory factors, is described and estimated by a logistic 
regression model [23]. It assumes linear predictor to log-odds 
of the outcome [23]. The use of logistic regression models 
has been applied to explain events in different medical and 
nonmedical research fields since they are flexible and well 
interpreted. More complicated ML models alongside logistic 
regression is utilized in a Chinese study, which assists in devel-
oping risk charts and computing clinical risk [18, 22].

(2) Random forest (RF) and k-nearest neighbors

RF is an ensemble algorithm, which uses several decision trees 
that are suitable in high-dimensional settings where the predic-
tor count can be much higher than the count of observations. 
It is a nonparametric technique and can deal with any number 
of outcomes, such as survival time and both quantitative and 
nominal outcomes. It also can deal with predictors of various 
scales or distributions [23]. RFs are not used as deployment 
algorithms but are mostly used as benchmark algorithms in 
comparative analysis. In addition, they have been employed 
as their base models in prediction of cardiovascular diseases 
based on stable angina to select features [19, 22].

(3) Support vector machines (SVMs)

SVM is a famous supervised ML method in both classifica-
tion and regression problems. SVM will attempt to solve a 
particular binary classification task by being as simplistic as 
possible, separating the subjects that fall into the two different 

classes by a classification boundary. This line of classification 
will be a straight line in two dimensions. SVMs search the best 
separator hyper-planes amongst groups of high-dimensional 
data. SVMs are competitive in nature and less efficient in CVE 
prediction in reviewed studies and demonstrate a trade-off 
between a reduction of false negative and the preservation of 
clinical specificity [23]. This weakness limits their independ-
ence as clinical tools although they are theoretically sound.

(4) Gradient boosting models

Gradient boosting models such as XGBoost and LightGBM 
are ensemble models that develop more improved predictions 
with the addition of simple models one after another. Light 
Gradient Boosting Machine (LGBM) splits trees on a leaf-
wise basis, and it takes less time to compute; XGBoost splits 
trees on a level or depth-wise basis. LGBM is susceptible to 
overfitting in the implementation process of the model due to 
the splitting down of leaves, but it can reduce loss and maxi-
mize performance. They are usable with numerous organized 
clinical information. The gradient boosting models are also 
compared in the reviewed studies with other methods of ML 
and tend to perform better [23]. To illustrate, in ECG-related 
works, XGBoost is contrasted with either ML or DL models, 
and it is determined that the former can be useful in supple-
menting the latter learning features [23].

DL models

DL is the discovery of intricate patterns based on raw or intri-
cate data learning. Such factors as manually selected features 

Figure 1. The PRISMA flow diagram for this systematic review. PRISMA: Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses.
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are not needed with ML, whereas they are particularly useful 
in identifying hidden or complex disease signals [23].

(1) Convolutional neural networks (CNNs)

CNNs are data pattern learners such as images or signals. 
CNNs are currently frequently employed to interpret ECGs 
and identify the invisible disease in heart medicine. In a study 
using ECG as inputs, a ResNet CNN using special attention 
blocks is used to analyze images of 12-lead ECG of patients 
with stable angina [23]. The model is based on the idea that 
heart ischemia causes electrical changes that may not be obvi-
ous in standard tests but still hold important information. This 
shows that ECG-based DL can find blocked arteries and high-
risk heart anatomy that standard ECG readings might miss.

(2) Transformer-based models

Transformers easily achieve rapid learning by focusing on 
long sequences, where weight matrices are used to hold the 
data that needs to be gradually learnt across millions of train-
ing steps. Information stored in long-term memory as key-
value pairs can be retrieved by a transformer by constructing a 
query that considers that information [20]. They use attention 
mechanisms to show how different features relate to each oth-
er. Despite being relatively new to the ML scene, transformers 
have quickly emerged as the pinnacle of innovation in the field 
of natural language processing. They are essential in modern 
AI applications due to their inherent capacity to handle com-
plex sequential data using creative network architecture com-
ponents [20]. The transformer model predicts the shift from 
stable heart disease to ACS better than other models, across 
different time periods.

Datasets

The datasets that were used in these studies for the prediction 
of CVE from patients suffering from stable angina include 
SNUBH (2011–2019), SNUBH (2018–2020), Danish National 
Patient Dataset, China–Japan Friendship Hospital from Octo-
ber 2020 to October 2021, and National Heart Disease Database 
Consortium. The cumulative data infrastructure across the re-
viewed literature spans five distinct cohorts, ranging from local-
ized institutional samples (n = 723 [17]; n = 827 [19]; and n = 
3,903 [13]) to large-scale registry populations (n = 21,866 for the 
2011–2019 SNUBH cohort [18] and a multi-institutional EHR 
footprint of n = 12,336 refined from 268,876 raw coronary heart 
disease (CHD) records [20]). These datasets include sympto-
matic patients suffering from stable angina with available medi-
cal records including clinical risk factors, baseline examinations 
including blood tests, ECG, and echocardiography. Age, sex, 
hypertension, diabetes mellitus, dyslipidemia, smoking status, 
and prior cerebrovascular disease are examples of core clinical 
and demographic variables that are regularly included, reflect-
ing their established role in IHD risk stratification. The degree 

to which the studies describe patient status and disease burden, 
however, varies significantly. While angiography-centered and 
EHR-based datasets include anatomical severity (e.g., number 
of diseased vessels, Gensini score), laboratory biomarkers, med-
ication exposure, and healthcare utilization patterns, ECG-based 
datasets priorities electrophysiological signals as primary inputs 
and rely less on clinical covariates. The symptoms, follow-up 
durations, event-rate and patient-reported outcomes (PROs), 
including angina typicality and Seattle Angina Questionnaire 
(SAQ) domains, are worth mentioning as a strength factor in 
some cohort, as they reflect the dimensions of functional impair-
ment and the quality of life which are often under-reported when 
using traditional risk modeling [13, 22].

The AI model maturity can be seen in the vast differences 
in the scale of data sets and the number of instances in the stud-
ies. Single-center angiography and ECG-based [19] studies of 
hundreds or thousands of patients permit phenotyping and are 
limited when generalizations are required and more prone to 
selection bias, particularly in studies defined by greater enrich-
ment with patients who are invasively tested. Its large multi-
institutional EHR dataset, in turn, has great statistical power and 
population-wide coverage that accounts for more than 12,336 
refined patient records that were based on more than 268,876 
raw entries [20]. Nevertheless, such a scale is also associated 
with certain shortcomings, such as a large rate of missingness 
or the lack of consistent data-gathering procedures across the 
institutions and reliance on imputation procedures that might 
conceal clinically relevant time-varying patterns. Although 
complex methods such as sensitivity analysis and longitudinal 
MICE imputation address some of the concerns, such crucial 
variables as imaging outcomes, ECG morphology, and symp-
tom severity are all either not available or not adequately repre-
sented in EHR-only data. Moreover, even large sample sizes do 
not eliminate the issue of outcome imbalance, particularly in the 
near-term, leading to weighted loss functions, and the question 
of whether calibration of outcomes can be done in a real-world. 
The future progress would be useful to standardize variable defi-
nitions, multimodal data combination (ECG, imaging, labs, and 
PROs), prospective data collection, and external validation of 
AI-driven risk prediction in stable angina across the different 
healthcare settings, despite the current datasets demonstrating 
impressive coverage and technical complexity.

Predicted outcomes

AI models were mainly used for the prediction of major ad-
verse cardiovascular events (MACEs) in stable angina patients. 
These models were able to identify the high-risk subgroups in 
stable angina patients using variables indicating anatomical 
severity, symptom burden, and systemic biomarkers. These re-
sults support the idea that stable angina is a dynamic risk state 
that can be continuously assessed by data-driven modeling. 
MACEs are a composite endpoint that is widely used to as-
sess the overall risk of cardiovascular disease, which typically 
includes cardiovascular death, MI, stroke, and heart failure 
hospitalization [22]. In patients with stable angina, MACE is a 
marker of long-term disease progression rather than acute in-
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stability. Evidence from a large cohort study of 11,223 patients 
with stable angina showed that the risk of MACE progressive-
ly increased with the severity of CAD. Compared with a refer-
ence population, patients with normal coronary arteries had a 
52% higher risk of MACE (HR = 1.52; 95% CI, 1.27–1.83), 
whereas those with diffuse non-obstructive CAD had an 85% 
higher risk (HR = 1.85; 95% CI, 1.51–2.28) after adjustment 
for traditional cardiovascular risk factors.

Predictive performance and clinical reliability

Across all the studies reviewed, AI-based models demonstrat-
ed a strong ability to distinguish between outcomes and often 
outperformed traditional risk prediction methods. The reported 
values of area under the curve (AUC) were moderate (0.78) 
in the context of ECG detection of obstructive CAD [17] to 
very high in the context of determining future CVE (more 
than 0.95) [17] and large-scale ACS prediction with EHR [20]. 
There was a balance of sensitivity and specificity, in general. 
High-sensitivity transformer-based models align with the clin-
ical aim of ensuring that high-risk patients are not missed [20].

Formally, calibration (the relative accuracy of predicted 
risks being accurate) was verified by prospective studies in 
calibration plots and with decision curves. These techniques 
were clinically reliable [19]. But the patient cohort is small, 
and it can also denote overfitting especially when the AUC 
scores are 1.00 for training and 0.98 for testing. Although there 
is a shortage of independent external validation, cross-valida-
tion, internal test sets, and data in various institutions were 
used to aid in making sure that the studies were robust [20].

Generally, the analysis demonstrates that AI-based models 
can differentiate the outcomes, but they are not comparable due 
to the substantial heterogeneity in datasets. ECG models have 
average detectivity of obstructive CAD, whilst those that incor-
porate additional clinical or long-term EHR information tend to 
have high AUCs, usually greater than 0.90 [17, 19, 20]. Nota-
bly, the sensitivity optimization is highlighted in a number of 
studies, reflecting the clinical priority of minimizing high-risk 
patients missed in stable populations [20]. Calibration and de-
cision-curve studies identify the compliance of AI predictions 
with observed results, which justify possible clinical use [19].

In papers analyzed, the conventional risk models or pre-
test probability models such as the Diamond–Forester are 
prone to overestimate the risk of obstructive coronary disease 
and fail to forecast subsequent CVE in patients of stable angina 
[23]. Algorithms based on AI would always obtain an addition-
al predictive relevance to clinical variables by themselves and 
enhance discrimination and risk reclassification [17, 19, 20]. 
The facts indicate that AI must not be considered as a replace-
ment of clinical judgment but be used as a decision-support 
tool, where it becomes better to identify hidden risk patterns in 
various forms of data.

Discussion, Limitations and Future Directions

Stable angina (traditionally defined in the context of chronic 

coronary syndrome) is conventionally defined as predictable 
symptoms (associated with exertion) due to a balance between 
supply and demand mismatch in myocardial oxygenation. But 
not to be unstable is not to be benign. Not only is it a clinical 
issue of recognizing obstructive CAD, but it is also a clinical is-
sue of determining the patients, despite their outpatient stability, 
who will report adverse events in the near to mid-term. These 
studies are the ones that demonstrate that AI is at this crossroad: 
it quantifies multi-domain risk (anatomic, physiological, symp-
tomatic, systemic) into individualized estimates of probability 
that can be used to make preventative decisions [16, 20].

One of the common themes across the reviewed studies is 
that stable angina risk exists on a continuum rather than a di-
chotomy. The modeling of the Danish cohort shows that grad-
ed risk separation is also clinically relevant even with small 
event rates: predicted probability strata are associated with fu-
ture composite outcomes, and it is important to note that even 
stable presentations have a significant amount of prognostic 
heterogeneity [13]. This agrees with the modern theory that 
chronic coronary disease is a manifestation of persistent ath-
erosclerotic activity, endothelial dysfunction, microvascular 
dysfunction, and systemic inflammation processes, which vary 
over time and interact with the burden of comorbidity, treat-
ment effects, and functional status. Nonlinear interaction AI 
models, particularly those capable of learning, are well suited 
to match this biological reality since such models do not ex-
pect risk factors to affect the outcomes in a merely additive or 
linear fashion.

The performance and clinical relevance of AI are directly 
proportional to the richness of the input modality across stud-
ies. ECG-based methods consider the resting 12-lead ECG to 
be a high-resolution physiological sensor. In the latter, deep 
convolutional networks (e.g., ResNet variants) are trained on 
latent electrical signals that could represent ischemia-induced 
conduction alterations, ventricular remodeling, or diffuse sub-
clinical injury that is hard to identify by the eye or handcrafted 
features [17]. The implication is significant: in the case of sta-
ble ischemic risk, which induces subtle, distributed patterns 
of resting electrical activity, the ECG is a scalable screening 
medium in outpatient risk stratification, particularly when it 
is paired with mobile-compatible acquisition and deployment 
pathways [17].

Conversely, angiography-based cohorts incorporate ana-
tomical disease burden directly via any of a variety of struc-
tured measures (vessel disease or Gensini score). The poten-
tial Chinese cohort shows that the angiographic severity with 
the event prediction of symptom burden (SAQ domains) and 
medication exposure are highly discriminative at 12 months 
[19]. In principle, this is a more explicit multi-axis definition 
of chronic coronary disease: anatomy is used to measure the 
severity of substrates, SAQ is used to measure both the func-
tional and symptomatic manifestations, and treatment factors 
are used to estimate the intensity of secondary prevention. 
Models constructed based on these integrative domains may 
be clinically convincing since their drivers can be directly in-
terpreted and relate to actionable interventions.

The EHR-based models take this reasoning a step further, 
and model disease as a longitudinal system: lab pathways, diag-
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noses, utilization, and sociodemographic background all bring 
the dynamic state of physiology and healthcare interaction pat-
tern of the patient closer to approximation. The multi-institu-
tional, transformer-based study, which is large, demonstrates 
that discrimination to progress to ACS is high at 6–24 months in 
case EHR variables are designed, and feature relationships are 
explicitly modeled [20]. This helps to make an important argu-
ment about the management of stable angina: prediction win-
dows should not only be statistically powerful, but also mean-
ingful in clinical terms. A high-risk model within a time period, 
during which clinicians can escalate therapy, increase vigilance, 
or increase testing, has more operational utility than a model 
with a higher AUC, but with a time span that is longer.

The evidence reviewed demonstrates that AI in stable an-
gina tends to take two complementary directions: interpretable 
modeling and high-capacity modeling. Logistic regression and 
clinically based stratification models are examples of approach-
es that can be interpreted; they can be attractive when such fac-
tors as clinician confidence, congruence with guidelines, and 
ease of implementation are considered [13, 19]. The prognosis 
of the Danish study (logistic regression and Cox regression) 
demonstrates that classical modelling can still be useful in con-
ducting risk stratification and benchmarking of modern cohorts 
(younger) against older pre-test probability assumptions [13]. 
These do not mean that they are AI in the DL sense, but they still 
belong to the ecosystem of predictive and are frequently used as 
strong baselines in medical AI development.

High-capacity models, such as CNNs on ECG and trans-
former encoders on tabular EHR, focus on the representation 
learning, which encodes delicate patterns, feature interactions 
that go beyond manual feature engineering [17, 20]. Notably, 
the studied works do not represent DL as a complete substitu-
tion of classical modeling. Rather, they usually apply compar-
ative pipelines: several algorithms are tested, calibration and 
clinical usefulness are measured, and a good model is chosen 
considering further use [19, 20]. This is an attitude of pragmat-
ic, decision-support: the best model is the one that works well, 
generalizes across populations, and is explainable/integrable 
into workflow, not necessarily the most elaborate.

The targets foreseen in the scrutinized studies are (1) ob-
structive CAD detection; (2) composite CVE (CVE/MACE-
like endpoints); and (3) stable CHD-to-ACS progression. These 
are connected yet not synonymous. Detection of obstructive 
CAD is primarily diagnostic; it aids in decisions about testing 
and revascularization. However, it does not necessarily predict 
risky events due to plaque mechanisms of stability, systemic 
inflammation, and response to therapy, not just the severity of 
the stenosis. The preceding ECG work is moderately-strongly 
discriminating against obstructive CAD and high-risk anato-
my, making it possible to triage patients with AI-ECG to sub-
sequent examination [17]. Other ECG development/validation 
works indicate similar moderate discrimination across obstruc-
tive/extensive phenotype [18].

Event prediction (12-month CVE, 624 months ACS pro-
gression), on the other hand, is prognostic and has closer goals 
with preventive cardiology. Prospective cohort model that 
combines Gensini and SAQ domains has very high AUCs, and 
the EHR transformer model is able to maintain high AUC/F1 

and sensitivity profiles over time windows [19, 20]. The clini-
cal significance of these outcomes is that they project to the 
escalation decisions: optimality of antiplatelet/lipid therapy, 
referral advantage of imaging, the strength of follow-up, and 
patient education of warning symptoms.

The issue of whether a model can predict is always a steady 
obstacle to implementation in chronic disease, but the question 
is whether clinicians can make the case to act on it. Two of them 
specifically introduce interpretability into the modeling story: 
SHAP-based explanations to a transformer model and nomo-
gram/risk calculator representation to a regression-based model 
[19, 20]. This is more than a cosmetic consideration. Explain-
ability links model predictions to mechanistic accounts that are 
familiar to clinicians: anatomical disease severity, lipid-related 
biomarkers, indicators of inflammation/coagulation, and func-
tional impairment are all plausible contributors to adverse events. 
In case interpretability finds common key drivers between hori-
zons (e.g., cholesterol-related and systemic biomarkers in EHR-
based prediction), the former enhances face validity and may 
facilitate shared decision-making [20]. Similarly, model scores 
can be converted into bedside tools using nomograms and online 
calculators to facilitate their use in outpatient clinics (when man-
aging the long-term management of stable angina) [19].

Limitations

The included studies varied significantly in the definition of 
the population (suspected vs confirmed CAD, stable angina vs 
stable CHD), results (obstructive CAD vs CVE vs ACS pro-
gression), and input modalities (ECG images, angiography + 
SAQ, EHR). This heterogeneity is a realistic practice but does 
not allow quantitative pooling and makes cross-study compari-
son of performance measures difficult [13, 17–20]. The values 
of AUC, in specific cases, are not directly comparable because 
of differences in disease prevalence, endpoint definitions, and 
follow-up horizons.

Despite EHR study merging multi-institutional data and 
using strong internal validation techniques, most of the mod-
els continue to be developed within small geographical and 
healthcare-system settings, and external validation across 
geographies, device ecosystems, and practices is not always 
presented [21–23]. In the case of stable angina, where the risk 
of baseline, the intensity of treatment, and patient referral pat-
terns are variable, transportability is very critical.

Significant signal may be indicated by very high AUCs 
(near 1.0) in certain cohorts, though it also creates issues in 
terms of events, feature leakage, outcome adjudication consist-
ency, or cohort enrichment [21]. Despite this cross-validation 
and scrupulous imputation, performance inflation may occur 
when models implicitly learn site-specific patterns of practice 
(such as testing intensity and admission thresholds) rather than 
pathophysiology.

Large datasets of EHRs have limitations inherent to them: 
inconsistent testing, uneven coding, and massive missingness 
that must be filled in. Even though more advanced imputation 
(e.g., MICE; sensitivity checks against k-NN) makes imputation 
more robust, imputation may regularize clinically significant 
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extreme cases and hide temporal degeneration patterns [18]. 
Smaller single centers, on the other hand, can be more faith-
ful but less representative and more susceptible to selection bias 
(usually enriched with invasive angiography) [17, 19].

In addition to the problem of sample variance, the problem 
of a lack of fine-grained data on secondary prevention drugs, 
such as antiplatelets, statins, and β-blockers, is widespread. 
Only one study [19] specifically addressed the presence of an 
antiplatelet drug within the model framework. Other research 
either did not include any parameters about medication at all 
[17, 18] or used wide exposure classes obtained through EHR 
information [18] without tracking important factors like fre-
quency, dosage, and medication adherence. Such absence of 
fine-grained data about medications is a critical deficiency of 
the existing clinical AI model design because it limits the reli-
ability of risk predictions.

In the literature, the problem of algorithmic bias based 
on sex, age, socioeconomic status, and care-access patterns 
is not always predetermined. They are essential in stable an-
gina, where referral pathways and symptom presentation vary 
by sex and comorbidity, and referral-enhanced cohort-trained 
models might perform poorly in primary care. Besides this, 
most of the studies do not pay enough attention to the issue of 
governance: monitoring drift, recalibration schedules, liability, 
and regulatory preparedness to implementation in practice.

Future directions
This risk stratification includes potential deployment in 

which AI outputs are clinically validated first. Clinical reason-
ing is best formed in models that combine domains that are 
complementary: ECG models physiology, imaging/angiogra-
phy models anatomy, SAQ models symptoms/function, and 
EHR models systemic trajectory and patterns of care [22]. Fu-
ture models must focus on multimodal fusion with clear abla-
tion studies that show increases in value with each modality 
[23]. Further research must regularly survey performance ac-
cording to sex, age categories, comorbidity load, and socio-
economic proxies, particularly since the pathways to diagnose 
stable angina are different in even the subgroups [22]. They 
should also report calibration-in-the-large and calibration 
slope to be used in clinical decision-making [23].

Privacy-preserving analytics and federated learning would 
allow the training to be performed on the cohort with geographi-
cal diversity without centralization [17]. This is especially per-
tinent to sensitive ECG/EHR data and would enhance model 
robustness across healthcare systems characterized by diverse 
practice styles. In addition to predicting risk, the models must 
be connected to action: how should they change when the risk 
is high? Clinical pathways (e.g., more aggressive lipid therapy, 
more aggressive follow-up, more aggressive imaging) should be 
defined in the future, strategies should be implemented to define 
what enhances the use of tests, and the evidence-based approach 
in the future should be whether AI-directed care can reduce 
events, decrease costs, or decrease the time to intervention [23].

Conclusions

A common ailment with worrisome symptoms, stable angi-

na pectoris raises the risk of MI, stroke, heart failure, and 
death. Because prognosis is greatly impacted by the sever-
ity of the ailment, risk stratification is crucial in preventative 
care. AI techniques, such as ML and DL, can be helpful for 
predicting the risk of chronic diseases, including CAD, in 
patients with stable angina, since digital data, such as ECGs 
and clinical factors, are readily available. However, because 
of their reliance on linear and population-oriented assump-
tions, classic methods such as Diamond–Forrester, Framing-
ham Risk Score, and PROCAM lag. Five recent studies are 
summarized in this systematic review to show how AI-based 
models improve cardiovascular risk assessment in stable an-
gina and stable CHD by utilizing data that traditional scores 
underutilize, specifically ECG morphology, angiographic 
severity, patient-reported symptom burden, and longitudi-
nal EHR trajectories. The evidence is still limited by study 
heterogeneity, a lack of external and prospective validation, 
and inconsistent outcome definitions, even with impressive, 
reported performance. While future multicenter, prospective 
deployments with standardized reporting are necessary be-
fore widespread adoption in stable angina care, AI generally 
seems most prepared to serve as decision-support enhancing, 
not replacing, clinical reasoning.
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