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Abstract

Percutaneous coronary intervention (PCI) has become a cornerstone
treatment for coronary artery disease; however, accurate prognostic
prediction remains a significant clinical challenge. Machine learn-
ing technologies demonstrate tremendous potential in PCI prognostic
prediction by analyzing vast amounts of clinical data and identifying
complex nonlinear relationships among variables. This article system-
atically reviews recent advances in machine learning applications for
PCI prognostic prediction, encompassing predictive targets including
in-hospital mortality, major adverse cardiovascular events, bleeding
complications, and long-term survival. Algorithms such as random
forest, support vector machines, neural networks, and deep learning
have demonstrated superior predictive performance compared to tra-
ditional risk scoring systems across multiple studies. Deep learning
approaches exhibit particular advantages in processing multimodal
data. Nevertheless, significant challenges remain regarding model in-
terpretability, external validation, and clinical implementation. Future
research should prioritize the development of explainable artificial in-
telligence systems, the conduct of multicenter validation studies, and
the establishment of regulatory frameworks for clinical deployment.
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Introduction

Cardiovascular disease represents the leading cause of mortal-
ity worldwide. According to World Health Organization statis-
tics, approximately 17.9 million people die from cardiovascu-
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lar disease annually, accounting for 31% of global deaths [1].
Percutaneous coronary intervention (PCI), as a pivotal approach
for coronary revascularization, has achieved increasing techni-
cal maturity with continuously expanding clinical applications
[2]. However, prognosis among PCI patients exhibits significant
individual variability, and accurately predicting post-procedural
outcomes while developing personalized treatment strategies re-
mains a central clinical focus and persistent challenge [3].

Traditional risk assessment models, including GRACE
score, TIMI risk score, and SYNTAX score, have played impor-
tant roles in clinical practice. Nevertheless, these scoring systems
are predominantly based on linear statistical models and cannot
adequately capture complex interactions among variables [4]. In
recent years, with the rapid advancement of big data technologies
and continuous improvement in healthcare informatization, ma-
chine learning, as a core component of artificial intelligence (Al),
has found increasingly widespread applications in the medical
field [5]. Machine learning algorithms can automatically iden-
tify complex patterns within data and process high-dimensional,
nonlinear medical datasets, demonstrating tremendous potential
in disease diagnosis, prognostic assessment, and therapeutic
decision-making [5]. To overcome the limitation of pure textual
description and intuitively display the research framework of
machine learning applied to PCI prognostic prediction, this study
constructs a complete technical flowchart of the overall research
scheme. The flowchart systematically sorts out the full process
from clinical data acquisition, data preprocessing, feature engi-
neering, model construction, performance verification to clini-
cal application, which clarifies the logical hierarchy of machine
learning application in PCI prognosis prediction and makes the
research framework more visualized and standardized.

This article aims to systematically review the current ap-
plications of machine learning in PCI prognostic prediction,
analyze technical characteristics and developmental trends,
explore existing problems and challenges, and provide refer-
ence for related research and clinical practice.

Application Areas of Machine Learning in PCI
Prognosis Prediction

Prediction of in-hospital mortality

In-hospital mortality serves as a crucial indicator for evalu-
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Table 1. Performance Comparison of Different Models for Predicting PCI in-Hospital Mortality

Core evalu-

Prediction model Sample size ..
ation index

Sensi- Speci-
tivity  ficity

Key prognostic factors

GRACE score 21,237 C-statistic =0.83 — —

(traditional)

Random forest 21,237 C-statistic=0.92 — —

SVM 1,895 STEMI AUC = 0.94 91.2% 88.7%
patients

Deep neural Large-sample AUC =0.94 — —

network dataset

Conventional clinical indicators

Age, renal function, hemodynamic status

Creatinine level, left ventricular ejection fraction, cardiogenic shock

Albumin level, lymphocyte count, conventional indicators

PCI: percutaneous coronary intervention; AUC: area under the receiver operating characteristic curve; C-statistic: concordance statistic, GRACE:
Global Registry of Acute Coronary Events; SVM: support vector machine; STEMI: ST-segment elevation myocardial infarction.

ating PCI procedural safety and clinical quality assurance,
representing one of the most widely applied predictive targets
in machine learning applications [6]. Traditional in-hospital
mortality risk assessment primarily relies on clinical experi-
ence and simple scoring systems, resulting in limited predic-
tive accuracy [7]. Different from traditional risk models that
only adopt limited static routine indicators, machine learning
technologies can significantly enhance prediction accuracy by
integrating standardized multidimensional clinical informa-
tion. In this study, multidimensional clinical information is de-
fined as heterogeneous multi-source and cross-domain clinical
datasets covering six core dimensions: demographic baseline
characteristics, chronic medical history, admission real-time
vital signs, high-dimensional laboratory parameters, intraop-
erative procedural lesion features, and postoperative dynamic
physiological indicators. This multi-dimensional data system
integrates static baseline variables and time-series dynamic
monitoring data, covering structured clinical indicators, pro-
cedural characteristic parameters, and auxiliary examination
results, which comprehensively reflects the overall clinical
status of PCI patients and enables the model to mine com-
plex nonlinear correlations between multi-type variables and
prognostic outcomes that cannot be captured by traditional
single-dimensional scoring systems. Shouval et al employed a
random forest algorithm to analyze clinical data from 21,237
patients with acute myocardial infarction, constructing an in-
hospital mortality prediction model that achieved a C-statistic
of 0.92, significantly outperforming the traditional GRACE
score of 0.83 [8]. This model identified key predictive factors
including age, renal function, and hemodynamic status, while
revealing complex interactions among these variables.
Support vector machines (SVMs) demonstrate particular-
ly outstanding performance with small-sample datasets. Deep
learning methods exhibit unique advantages when processing
large-scale, high-dimensional datasets. Goto et al developed
an in-hospital mortality prediction model based on deep neural
networks, analyzing 437 variables including vital signs, labo-
ratory tests, and medication information, achieving an AUC
value of 0.94 in the validation set [9].This model captured
novel prognostic biomarkers (e.g., albumin levels and lym-
phocyte counts) that are commonly recorded in single-center
institutional electronic health records (EHRs) but are currently
missing from mainstream national and international PCI qual-

ity assurance registries. Traditional risk prediction systems
relying solely on standardized registry datasets fail to access
and analyze these unrecorded high-value variables, rather than
failing to detect their prognostic significance from existing
registry data. This provides novel perspectives for optimizing
variable configuration and improving risk stratification accu-
racy for future large-scale PCI prognostic assessment systems.

To intuitively and quantitatively compare the predictive
performance of traditional scoring systems and mainstream
machine learning models for PCI in-hospital mortality, we
summarize the key research data and evaluation indicators in
Table 1, which avoids the ambiguity of pure textual compari-
son and clearly verifies the superiority of machine learning
algorithms.

Prediction of major adverse cardiovascular events (MAC-
Es)

MACE:s represent a crucial composite endpoint for evaluat-
ing the long-term clinical quality and prognostic performance
of PCI, typically encompassing cardiovascular death, non-fa-
tal myocardial infarction, stroke, and revascularization [10].
MACE prediction holds significant importance for guiding
post-procedural management and establishing follow-up pro-
tocols. Random forest algorithms demonstrate stable and reli-
able performance in MACE prediction. Kwon et al analyzed
1-year MACE occurrence in 13,104 patients with acute coro-
nary syndrome, with the random forest model achieving a
concordance index (C-index) of 0.78, significantly superior to
the traditional GRACE score of 0.71 [11]. The study identi-
fied age, creatinine level, left ventricular ejection fraction, and
multivessel disease as the most important predictive factors.
This model also provides individualized risk probability esti-
mates, offering quantitative evidence for clinicians to formu-
late treatment strategies.

Extreme gradient boosting (XGBoost) demonstrates dis-
tinct advantages when handling imbalanced datasets. PCI
prognostic datasets typically exhibit severe class imbalance,
with adverse clinical events such as MACEs belonging to rare
minority samples. Traditional classification-focused machine
learning models are prone to categorical bias toward majority
negative samples, which severely distorts the accurate prob-
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Table 2. Performance Comparison of Different Models for MACE Prediction After PCI

Prediction model Prediction cycle Core evaluation indicators

Core advantages

GRACE score 1-year C-index = 0.71

(traditional)

Random forest 1-year C-index = 0.78

XGBoost 30-day Precision = 0.89, recall
=0.85,F1=0.87

Multimodal S-year AUC = 0.83 (traditional

deep learning clinical model: AUC = 0.76)

Simple operation, limited ability to capture nonlinear relationships

Stable performance, accurate screening of key risk factors

Excellent for imbalanced datasets, interpretable via SHAP

Integrate imaging and clinical data, high long-term prediction accuracy

PCI: percutaneous coronary intervention; MACEs: major adverse cardiovascular events; C-index: concordance index; XGBoost: extreme gradient
boosting; SHAP: SHapley Additive exPlanations; AUC: area under the receiver operating characteristic curve; F1: F1-score; GRACE: Global Registry

of Acute Coronary Events.

ability estimation of rare adverse events and undermines the
clinical credibility of risk stratification. Liu et al employed
XGBoost algorithms combined with the synthetic minority
oversampling technique (SMOTE) to address sample imbal-
ance for 30-day MACEs prediction [12]. However, it is nec-
essary to emphasize the inherent limitations and potential
biases of conventional SMOTE oversampling and traditional
undersampling methods widely adopted in existing PCI stud-
ies: SMOTE generates synthetic minority samples artificially,
which may introduce redundant data noise, distort the true
clinical data distribution, and cause model overfitting and gen-
eralized deviation; undersampling strategies will discard valid
majority sample information, resulting in loss of clinical fea-
ture information and reduced model robustness.

In contrast, a state-of-the-art imbalance processing frame-
work proposed by O’Brien and Ishwaran provides a more
rigorous and clinically applicable solution for rare event pre-
diction, which abandons artificial oversampling and undersam-
pling operations to avoid data distortion and subjective bias.
Specifically, the randomForestSRC algorithm embedded with
quantile regression can directly model original imbalanced
clinical datasets without sample resampling. Different from
conventional models that merely pursue binary classification
accuracy, this improved framework focuses on optimizing the
probability calibration of rare adverse events, outputting more
accurate and clinically reliable individualized risk probability
estimates for low-incidence PCI postoperative complications
including MACE, in-hospital mortality, and severe bleeding.
This probability-oriented rather than classification-oriented
modeling strategy is more consistent with the essential de-
mands of clinical prognostic risk assessment. The study of Liu
et al also employed SHapley Additive exPlanations (SHAP)
methodology to interpret the model’s decision-making pro-
cess, enhancing the model’s clinical acceptability, ultimately
achieving precision, recall, and F1-scores of 0.89, 0.85, and
0.87, respectively [12]. Deep learning demonstrates unique
value in multimodal data fusion. AI’Aref et al developed a
deep learning model integrating clinical variables, laboratory
parameters, and coronary angiographic features to predict
5-year MACE:s incidence in PCI patients, achieving a final
AUC of 0.83, superior to traditional models based solely on
clinical variables (AUC = 0.76) [13]. This demonstrates that
multimodal data fusion can provide more comprehensive and

accurate risk assessment.

The predictive performance of different algorithms for
short-term, medium-term and long-term MACE is sorted out
in Table 2, which systematically quantifies the performance
differences between machine learning models and traditional
scoring systems in staged MACESs prediction.

Prediction of bleeding complications

Bleeding complications represent common adverse events fol-
lowing PCI that not only increase hospital length of stay and
healthcare costs but are also closely associated with patients’
long-term prognosis. Accurate bleeding risk prediction holds
significant value for optimizing antithrombotic therapy strate-
gies and achieving optimal benefit-risk balance. Matheny et
al compared the performance of various machine learning al-
gorithms in predicting PClI-related bleeding risk, finding that
random forest algorithms achieved an AUC of 0.76, signifi-
cantly outperforming the traditional CRUSADE score of 0.64
[14]. This study incorporated 87 predictive variables including
platelet count, hemoglobin levels, and renal function param-
eters, fully demonstrating the advantages of machine learning
in processing high-dimensional data.

Ensemble learning methods exhibit outstanding perfor-
mance in bleeding prediction. Costa et al employed voting
classifiers combining random forest, XGBoost, and logistic
regression algorithms to construct an in-hospital major bleed-
ing event prediction model. The ensemble model achieved
an AUC of 0.81 with sensitivity and specificity of 78% and
76%, respectively, markedly superior to single-algorithm per-
formance [15]. The study identified anticoagulant medication
types, dual antiplatelet therapy, and baseline hemoglobin lev-
els as the most important predictive factors. Time series analy-
sis demonstrates significant value in dynamic bleeding risk
assessment. Johnson et al developed a bleeding risk prediction
model based on long short-term memory (LSTM) networks
that utilizes continuous post-PCI vital signs, laboratory tests,
and medication information to dynamically update patients’
bleeding risk assessments, achieving prediction accuracy of
85% within 72 h [16].

We summarize the performance of traditional scoring sys-
tems, single machine learning algorithms and ensemble mod-
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Table 3. Performance Comparison of Different Models for PCI-Related Bleeding Complication Prediction

Specificity

Model characteristics

Prediction model AUC Sensitivity
CRUSADE score (traditional) 0.64 — —
Single random forest 0.76 — —

Ensemble voting classifier 0.81 78% 76%

LSTM time-series model — 85% (accuracy) —

Low accuracy, unable to process high-dimensional variables
Adaptable to high-dimensional clinical variables
Integrate multiple algorithms with better robustness

Dynamic real-time risk assessment within 72 h after PCI

PCI: percutaneous coronary intervention; AUC: area under the receiver operating characteristic curve; CRUSADE: Can Rapid risk stratification of
Unstable angina patients Suppress ADverse outcomes with Early implementation of the ACC/AHA guidelines; LSTM: long short-term memory.

els for PCI bleeding complication prediction in Table 3, which
clearly reflects the performance improvement brought by inte-
grated algorithms and time-series dynamic prediction models.

Long-term survival prediction

Long-term survival represents the ultimate indicator for evalu-
ating PCI clinical quality and long-term prognostic outcomes.
Traditional Cox proportional hazards regression models exhib-
it certain limitations when handling complex time-dependent
covariates. Machine learning methods, particularly algorithms
specifically designed for survival analysis, demonstrate signif-
icant advantages in long-term survival prediction. random sur-
vival forest (RSF) represents one of the most widely applied
machine learning methods in survival analysis. Mortazavi et al
employed RSF algorithms to analyze 5-year post-PCI survival
in 18,707 patients with acute coronary syndrome, achieving a
model C-index of 0.76, significantly superior to the traditional
Cox regression model’s 0.71 [17]. The study identified age,
left ventricular function, renal function, and diabetes as impor-
tant factors affecting long-term survival, with the RSF model
demonstrating superior capability in capturing nonlinear inter-
actions among these variables.

Deep survival analysis methods exhibit distinct advan-
tages when processing high-dimensional data. DeepSurv, as a
deep learning version of the Cox regression model, can auto-
matically learn complex feature representations and nonlinear
relationships [18]. Zhu et al utilized DeepSurv algorithms to
predict 10-year survival rates in PCI patients, analyzing over
500 variables including genetic polymorphisms and achieving
a model C-index of 0.82 [19]. This study also identified multi-
ple novel prognostic-related genetic loci, providing important
insights for precision medicine.

The performance and applicable characteristics of tradi-

tional survival models and machine learning survival analysis
models are compared in Table 4, which intuitively reflects the
technical advantages of machine learning in long-term prog-
nostic prediction.

Main Machine Learning Algorithms and Their
Characteristics

Traditional machine learning algorithms

Classic traditional machine learning algorithms, represent-
ed by random forest, SVM, and gradient boosting decision
tree (GBDT), were widely adopted in early PCI prognostic
modeling over the past decade. With the rapid iteration of
Al technology, these conventional algorithms have been con-
tinuously optimized and updated, and still retain irreplace-
able application value in current clinical lightweight predic-
tion scenarios, while also exposing inherent limitations that
restrict high-precision prognostic modeling. Different from
the outdated simple technical framework in early studies,
contemporary applications of traditional machine learning in
PCI prognosis focus more on improved variant algorithms,
imbalance optimization, lightweight deployment and clinical
interpretability transformation, rather than relying on origi-
nal basic algorithm frameworks [20, 21].

As the most mainstream ensemble learning algorithm in
current medium-and-small-scale PCI cohort studies, mod-
ern optimized random forest variants (e.g., randomForest-
SRC with quantile regression) have abandoned the tradi-
tional equal-weight voting mechanism. They are specially
optimized for imbalanced rare adverse event datasets such
as postoperative mortality and MACE, realizing probabili-
ty-oriented risk estimation rather than simple classification

Table 4. Comparison of Long-Term Survival Prediction Models After PCI

Prediction model

Prediction term C-index Core advantages

Limitations

Cox proportional S-year 0.71
hazards regression

RSF S-year 0.76
DeepSurv deep 10-year 0.82

learning model

Mature and classic, easy to implement

Effectively capture nonlinear
relationships between variables

Adapt to high-dimensional variables such as genetic
loci with high long-term prediction accuracy

Poor capability to capture
nonlinear variable interactions

Limited ability to mine ultra-
high-dimensional data

Poor model interpretability

PCI: percutaneous coronary intervention; C-index: concordance index; RSF: random survival forest.
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judgment. Compared with early random forest, contemporary
improved models significantly enhance generalization ability
for heterogeneous multi-center data and provide standardized
feature importance quantification, which is more suitable for
clinical scenario deployment. Nevertheless, traditional ran-
dom forest still struggles to capture deep hierarchical feature
interactions and cannot achieve causal inference analysis, re-
sulting in insufficient mechanistic interpretability.

SVM is no longer applied to conventional large-sample
PCI prognostic tasks in current research. Its contemporary ap-
plication scenarios are limited to small-sample, high-dimen-
sional single-center retrospective cohort analysis [22]. Updat-
ed SVM frameworks mostly adopt improved kernel function
combinations and adaptive penalty coefficient optimization
strategies to solve the overfitting problem of traditional radial
basis function (RBF) kernel in imbalanced clinical data. How-
ever, due to poor scalability and low computational efficiency
in large real-world PCI datasets, SVM has been gradually re-
placed by gradient boosting and deep learning algorithms in
mainstream high-precision prognostic research [23].

XGBoost, the optimized derivative of GBDT, remains
one of the most competitive traditional machine learning al-
gorithms in current PCI prognostic prediction. Contemporary
XGBoost-based research no longer relies on single algorithm
modeling, but combines imbalance correction frameworks,
multi-modal feature fusion and SHAP interpretation tools to
build integrated prognostic models. Built-in regularization
optimization and parallel computing advantages enable XG-
Boost to balance prediction accuracy and computational effi-
ciency, which is currently the preferred lightweight modeling
algorithm for clinical translational research. In contrast, the
original GBDT algorithm has been completely phased out in
modern PCI prognostic studies due to slow iteration speed and
insufficient anti-overfitting ability [24].

In general, traditional machine learning algorithms are
no longer the mainstream for high-dimensional, multi-center,
large-sample PCI big data modeling at present. Their current
core positioning is lightweight, interpretable, and low-cost
clinical auxiliary prediction tasks, while cutting-edge research
gradually turns to deep learning multimodal fusion, causal ma-
chine learning and federated learning frameworks.

Deep learning algorithms

The multilayer perceptron (MLP) represents the most funda-
mental deep learning architecture, consisting of multiple fully
connected layers. In PCI prognostic prediction, MLP can au-
tomatically learn nonlinear combinations among features, dis-
covering complex patterns that traditional methods struggle to
identify. By adjusting the number of hidden layers and neurons,
MLP can adapt to prediction tasks of varying scales and com-
plexity. Convolutional neural networks (CNNs) are primarily
designed for processing data with grid-like structures and are
mainly applied to medical image analysis in PCI prognostic pre-
diction [25]. Through convolution and pooling operations, CNN
can automatically extract key features from coronary angiogra-
phy images, electrocardiograms, and echocardiographic images.

Recurrent neural networks (RNNs) and their variants
(LSTM, GRU) are particularly well-suited for processing se-
quential data and time-series information. In PCI prognostic
prediction, RNN can analyze dynamic changes in patients’
physiological parameters, such as continuous cardiac monitor-
ing data, laboratory test results, and vital signs. LSTM net-
works address the vanishing gradient problem of traditional
RNNs through gating mechanisms, enabling better capture of
long-term dependencies [26].

To solve the problem of scattered textual description of
algorithm characteristics, we summarize the applicable sce-
narios, core advantages and limitations of all mainstream algo-
rithms in PCI prognostic prediction in Table 5, which standard-
izes the algorithm selection logic.

Data Source and Feature Engineering

Data source

EHRs represent the primary data source for machine learn-
ing models [27]. In PCI prognostic prediction, EHR data pri-
marily encompasses: demographic information (age, gender,
race, etc.), medical history (hypertension, diabetes, previous
myocardial infarction, etc.), admission vital signs (blood
pressure, heart rate, temperature, etc.), laboratory test results
(complete blood count, biochemistry, coagulation function,
etc.), medication information (antiplatelet agents, anticoagu-
lants, statins, etc.), and procedure-related information (lesion
complexity, stent type, procedure duration, etc.) [28]. Medi-
cal imaging provides rich visual information for PCI prog-
nostic prediction, with major imaging data types including
coronary angiography, electrocardiograms, echocardiogra-
phy, optical coherence tomography (OCT), and intravascular
ultrasound (IVUS) [29]. Deep learning methods demonstrate
excellence in automatically extracting features from these
imaging modalities.

Characteristic engineering technology

Feature selection represents a crucial step for improving
model performance and reducing computational complexity.
In PCI prognostic prediction, commonly used feature selec-
tion methods include filter-based methods (such as chi-square
tests, mutual information, and correlation coefficient analysis);
wrapper-based methods (such as recursive feature elimination,
forward selection, and backward elimination); and embedded
methods (such as Lasso regression and random forest feature
importance) [30]. Research demonstrates that appropriate
feature selection can improve model performance by 5—10%.
Feature transformation aims to enhance data distribution char-
acteristics and separability, with commonly used transforma-
tion methods including standardization and normalization of
numerical variables, one-hot encoding and label encoding for
categorical variables, discretization of continuous variables,
and dimensionality reduction through principal component
analysis (PCA) and independent component analysis (ICA).
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Table 5. Characteristic Comparison of Mainstream Machine Learning Algorithms for PCI Prognostic Prediction

Algorithm type Applicable data characteristics

Core advantages

Main application scenarios

Random forest
data with missing values

SVM Small-sample nonlinear datasets

XGBoost Large-scale and imbalanced

clinical data

Large-sample and high-dimensional Automatic feature selection, strong
robustness, partial interpretability

Superior small-sample performance,
good generalization ability

Automatically learn nonlinear

In-hospital mortality, bleeding risk,
medium-term MACE prediction

In-hospital mortality prediction
of STEMI patients

Anti-overfitting, high training efficiency, Short-term MACEs prediction,
SHAP-based interpretability

imbalanced sample prediction tasks

General prognostic prediction tasks

Feature analysis of coronary angiography,
ECG and echocardiography

MLP High-dimensional
structured clinical data feature interactions
CNN Grid-based medical image data Automatic medical imaging
feature extraction
LSTM Time-series dynamic Capture long-term dynamic

monitoring data

DeepSurv High-dimensional omics

and survival data

data dependencies

Mine novel genetic
prognostic biomarkers

Dynamic postoperative
bleeding risk assessment

Long-term survival prediction
of PCI patients

PCI: percutaneous coronary intervention; SVM: support vector machine; XGBoost: extreme gradient boosting; MLP: multilayer perceptron; CNN:
convolutional neural network; LSTM: long short-term memory; MACEs: major adverse cardiovascular events; ECG: electrocardiogram; STEMI: ST-
segment elevation myocardial infarction; SHAP: SHapley Additive exPlanations.

Feature construction creates new predictive variables by
combining existing features. In PCI prognostic prediction, val-
uable constructed features include: combinations of risk scores
(such as the product of GRACE and CRUSADE scores); ratios
of physiological indicators (such as white blood cell-to-neutro-
phil ratio and platelet-to-lymphocyte ratio); and statistical fea-
tures within time windows (such as mean, variance, and peak
values of heart rate within 24 h). Multiple studies have dem-
onstrated that rational feature construction can significantly
enhance model predictive capability.

Model Performance Evaluation and Validation

Assessment indicator system

For binary classification prediction tasks, commonly used eval-
uation metrics include accuracy, sensitivity, specificity, preci-
sion, Fl-score, and area under the ROC curve (AUC-ROC).
Notably, most conventional PCI machine learning studies in
the past decade excessively relied on AUC-ROC for model
performance evaluation, while ignoring its inherent statistical
defects in severely imbalanced clinical datasets. As a Bayesian
theorem-based metric, AUC-ROC is prone to substantial over-
estimation bias on skewed data with rare positive events such
as post-PCI in-hospital mortality, severe bleeding, and long-
term MACE:s. In extreme cases, the model can yield a falsely
high and “optimistic” AUC value while completely failing to
correctly categorize or predict individual rare adverse events,
resulting in serious inconsistency between statistical evalua-
tion results and actual clinical utility. This long-standing meth-
odological flaw has greatly limited the reliability and clinical
translational value of early machine learning prognostic stud-
ies in PCI populations.

In PCI prognostic prediction, since positive events (such as
death and MACEs) are typically rare, AUC-ROC is no longer
recognized as a reliable primary evaluation indicator in contem-
porary imbalanced data research. Instead, AUC and F1-score
can better reflect true model performance compared to accu-
racy, while precision-recall (PR) curves and PR-AUC exhibit
far higher sensitivity and credibility than ROC-AUC for skewed
rare-event datasets, which has become a well-formulated evalu-
ation consensus in current medical data mining research. Be-
yond conventional metrics, contemporary imbalanced data dis-
crimination evaluation systems for PCI prognosis incorporate
multiple robust advanced indicators. The Matthews correlation
coefficient (MCC) comprehensively considers true positive,
true negative, false positive, and false negative samples, provid-
ing unbiased overall evaluation for extremely skewed clinical
datasets, which is more rigorous than F1-score. The geometric
mean (G-mean) balances the predictive performance of positive
and negative samples, avoiding model evaluation bias caused
by overwhelming negative samples. In addition, the Ff-score,
a clinically weighted improved metric, can adjust the weight of
sensitivity and precision according to clinical needs, which is
highly suitable for PCI prognostic scenarios that prioritize re-
ducing missed diagnosis of high-risk adverse events. For contin-
uous outcome prediction, mean squared error (MSE), root mean
squared error (RMSE), mean absolute error (MAE), and coef-
ficient of determination (R?) are primarily used for evaluation.
In survival analysis, the C-index represents the most important
evaluation metric, reflecting the accuracy of the model's ranking
of patient survival times.

To further address the evaluation defects of traditional met-
rics for imbalanced rare events, emerging standardized evalua-
tion systems in 2026 medical Al research additionally emphasize
probability calibration capability. The Brier score, which quanti-
fies the deviation between model-predicted risk probabilities and
actual event occurrence rates, has become a core supplementary
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indicator for PCI prognostic model evaluation. It effectively
compensates for the deficiency of classification-based metrics in
ignoring prediction probability accuracy, enabling comprehen-
sive assessment of model performance from both classification
discrimination and probability calibration dimensions.

In terms of model calibration evaluation, the simplistic sin-
gle-decile calibration strategy adopted in early studies cannot
meet the high-precision calibration requirements of contempo-
rary clinical risk prediction. Advanced calibration methods for
PCI prognostic models currently include continuous calibration
curve analysis, isotonic regression calibration, and Platt scaling
calibration. Different from discrete decile grouping, continuous
calibration curves can intuitively reflect the real-time deviation
between predicted probability and actual event rate across the
entire risk interval, realizing full-range error detection. Isoton-
ic regression and Platt scaling can dynamically correct model
prediction bias for rare events, effectively solving the over-
confidence or under-confidence problem of machine learning
models in low-incidence complication prediction. Furthermore,
the calibration-in-the-large indicator is introduced to quantita-
tively evaluate the overall systematic bias of the model, forming
a complete and advanced calibration evaluation system com-
bining macroscopic overall bias assessment and microscopic
continuous curve verification, which significantly improves the
clinical credibility of model probability output.

Calibration assesses the consistency between model-pre-
dicted probabilities and actual occurrence probabilities [31].
The Hosmer-Lemeshow test and calibration curves are com-
monly used calibration assessment methods. In PCI prognostic
prediction, good calibration is crucial for clinical decision-
making, as physicians require accurate risk probabilities to
weigh treatment benefits against risks.

Validation strategy

In PCI prognostic prediction, temporal splitting validation aligns
more closely with clinical reality than random splitting [32]. By
dividing training and testing sets in chronological order, this ap-
proach better evaluates model generalizability in new patient
populations. This method also enables assessment of whether
models can adapt to temporal changes in medical practice, such
as the introduction of new medications and improvements in
surgical techniques. For imbalanced datasets, stratified cross-
validation ensures that the proportion of positive and negative
samples in each fold remains consistent with the original data-
set. This is particularly important for PCI prognostic prediction,
as outcome events such as death and MACE:s typically consti-
tute a minority. Stratified validation provides more stable and
reliable performance evaluation results.

External validation represents the gold standard for as-
sessing the clinical application value of machine learning models
[33]. Notably, external validation poses unique and tricky chal-
lenges for PCI prognostic models designed for clinical quality
assurance, which differ fundamentally from conventional indi-
vidualized risk prediction models. For quality-assurance-orient-
ed models, inter-institutional variability in patient demographics,
comorbidity burden, lesion complexity distribution, and proce-

dural management patterns is inherently expected and clinically
reasonable, rather than representing model generalization failure.
Direct cross-center validation on unadjusted heterogeneous data-
sets will lead to biased underestimation of model performance,
failing to objectively reflect the true predictive efficacy and qual-
ity monitoring value of machine learning models.

To address this critical limitation, standardized case-mix
adjustment strategies are required to achieve fair and cred-
ible external validation across heterogeneous medical centers.
Contemporary methodological frameworks primarily include
propensity score matching (PSM) and virtual twins approach-
es, which have become core validation tools for cardiovascular
quality evaluation models.

PSM is widely utilized to balance multi-dimensional base-
line case mix across different institutions. By calculating pro-
pensity scores based on core confounding variables including
age, gender, chronic medical history, lesion complexity, and in-
traoperative procedural characteristics, PSM can match highly
consistent patient subgroups between the training cohort and ex-
ternal validation cohort. This case-mix homogenization opera-
tion eliminates inter-center baseline differences, ensuring that
model performance changes after external verification originate
from algorithm generalization ability rather than population het-
erogeneity, realizing objective and fair quality model evaluation.

The emerging virtual twins framework further optimizes
the case-mix adjustment and external validation system at the
individual counterfactual level. Different from population-lev-
el PSM balancing, the virtual twins method constructs virtual
matched counterfactual samples for each patient in the exter-
nal cohort through model migration and feature alignment,
forming a paired homogeneous comparison system. This ap-
proach thoroughly eliminates systematic deviation caused by
unmeasured confounding factors and institutional differences,
providing high-precision individualized performance metrics
for quality-assurance models. It effectively solves the long-
standing problem that traditional external validation cannot
adapt to the inherent case-mix heterogeneity of multi-center
PCI quality monitoring research.

In PCI prognostic prediction, external validation faces pri-
mary challenges including practice variations among different
healthcare institutions, differences in patient population char-
acteristics, and inconsistencies in data collection standards.
Multicenter studies and international collaborations constitute
effective approaches to address these challenges [34]. Com-
bined with case-mix adjustment tools such as PSM and virtual
twins, multi-center external validation can form a standardized
and rigorous evaluation system tailored for PCI clinical qual-
ity assurance models, greatly improving the clinical credibil-
ity and generalizability verification effectiveness of machine
learning prognostic systems.

Clinical Application and Implementation

Clinical decision support system

Machine learning models play a crucial role in pre-PCI risk as-
sessment, assisting clinicians in identifying high-risk patients
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and developing personalized treatment plans [35]. The risk as-
sessment system developed by Mayo Clinic integrates clini-
cal variables, laboratory parameters, and imaging features to
predict 30-day mortality risk in PCI patients, achieving 92%
accuracy. This system has been integrated into EHRs, provid-
ing real-time decision support for physicians [36]. Real-time
machine learning systems demonstrate tremendous potential
in intraoperative PCI guidance. By analyzing intraoperative
hemodynamic parameters, electrocardiographic changes, and
angiographic image features, these systems can predict the risk
of no-reflow phenomenon occurrence, guiding physicians to
adjust treatment strategies promptly [37].

Intelligent early warning systems during postoperative
monitoring can identify complications early and improve pa-
tient outcomes [38]. The machine learning warning system de-
ployed at Johns Hopkins Hospital analyzes continuous moni-
toring data from ICU patients and can predict cardiac arrest
occurrence 4 h in advance, with a warning accuracy of 85%.
Similar systems applied to post-PCI patients have significantly
reduced in-hospital mortality rates and complication incidence.

Personalized treatment strategies

Machine learning algorithms can recommend optimal treat-
ment regimens based on individual patient characteristics
[39]. In antiplatelet therapy selection, machine learning mod-
els based on genetic polymorphisms and clinical features can
predict the efficacy and bleeding risk of different medications,
guiding individualized drug therapy. Research from Cleveland
Clinic demonstrates that machine learning-guided antiplate-
let therapy strategies can reduce bleeding risk by 30% while
maintaining equivalent antithrombotic efficacy [40]. Machine
learning models play a significant role in long-term follow-up
management after PCI. By analyzing patients’ historical data
and current status, these models can predict recurrence risk
and develop personalized follow-up plans [41].

Challenges and Limitations

Data quality issues

Missing data in EHRs represents one of the primary challeng-
es facing machine learning applications [42]. Different from
simple mechanical data missing in conventional industrial
datasets, missing values in real-world PCI clinical datasets are
largely derived from the inherent “exception-based” medical
documentation mechanism, rather than pure random or non-
random unmeasured data. In clinical practice, it is operation-
ally impossible and clinically unnecessary for medical staff
to explicitly mark negative results for thousands of irrelevant
comorbidities, physiological indicators, and auxiliary exami-
nation items for each PCI patient. Therefore, most unrecorded
items in EHRs belong to pseudo-missing data formed by de-
fault negative states, while truly uncollected and untested real
missing data only account for a small proportion.

This clinical documentation characteristic determines that

PCI medical data naturally contain massive implicit logical
correlation and data redundancy, which can be fully exploit-
ed for targeted smart imputation to eliminate pseudo-missing
bias. A typical and efficient clinical logic imputation strategy
is based on the hierarchical parent—child variable dependency
relationship: when the core parent variable is clearly recorded
as negative, all subordinate child variables derived from or de-
pendent on the parent indicator can be logically and uniformly
imputed as negative status. For instance, if the parent variable
“no history of malignant tumor” is clearly documented, all
child sub-items of specific tumor types can be automatically
filled with negative results; if the parent indicator “no severe
organ failure” is confirmed, the subordinate child indicators of
heart, liver and renal sub-failure can be uniformly defaulted
to negative. This rule-based smart imputation can efficiently
clean up most pseudo-missing data caused by clinical record-
ing habits without introducing artificial data noise.

In PCI datasets, laboratory test results, imaging parame-
ters, and medication information typically exhibit high rates of
missingness. Simple deletion of missing data leads to reduced
sample sizes and selection bias, while inappropriate imputa-
tion methods may introduce noise that compromises model
performance. Benefiting from the strong physiological cor-
relation and structural redundancy of cardiovascular clinical
data, modern machine learning-based sophisticated missing
value imputation algorithms can deeply mine hidden nonlinear
relationships and inherent physiological rules between multi-
dimensional variables. These advanced methods can achieve
accurate missing value estimation and stable model training
even in the context of substantial data missingness, effectively
overcoming the limitations of traditional single statistical im-
putation and simple deletion strategies. Multiple imputation
and machine learning-based imputation methods demonstrate
superior performance when handling complex missing data
patterns. Variations in data collection standards and coding
systems across different healthcare institutions result in data
inconsistency issues [43]. For example, the same laboratory
parameter may utilize different reference ranges and units
across hospitals, and medication coding systems may also dif-
fer. Data standardization and semantic interoperability repre-
sent key solutions to address these challenges.

Model interpretability

Although complex models such as deep learning demonstrate
superior predictive performance, their decision-making pro-
cesses lack transparency, earning them the designation of
“black box” models [44]. In the medical domain, physicians
and patients require understanding of the model’s predictive
rationale, which is crucial for establishing trust and guiding
clinical decision-making. The lack of interpretability repre-
sents a major barrier preventing widespread adoption of ma-
chine learning in clinical practice. Recently developed ex-
plainability methods provide solutions to address the black
box problem. Methods such as SHAP and LIME can explain
individual prediction results, revealing each feature’s contribu-
tion to the prediction outcome.
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Table 6. Advantages and Disadvantages of Machine Learning for PCI Prognostic Prediction

Advantages

Disadvantages

Can identify nonlinear and high-dimensional
relationships between variables

Able to fuse multimodal data (clinical
indicators, imaging, time-series signals)
Outperforms traditional linear risk scores
on most prognostic endpoints

Flexible algorithms suitable for classification,
survival analysis and imbalanced data tasks

Outputs individualized risk probabilities
to support precision treatment

Limited interpretability of complex deep learning models (“black box™)

Performance is susceptible to data quality, missing
values and inconsistent data standards

Model performance frequently declines during external validation
(domain shift)

Requires computational resources and professional analytical expertise

Lack of unified standards for modeling, verification and clinical deployment

PCI: percutaneous coronary intervention.

Beyond local interpretation tools, partial dependence plots
(PDPs) serve as a vital global interpretability technique widely
adopted in contemporary medical machine learning research.
PDPs intuitively visualize the marginal independent effect of
single or pairwise core clinical features on model predictive
outcomes across the entire data distribution, effectively reveal-
ing the overall monotonic or nonlinear correlation between key
variables (e.g., renal function, left ventricular ejection fraction)
and PCI postoperative adverse events. Different from instance-
level SHAP/LIME interpretation, PDPs can summarize the
universal prediction rules of the model at the population level,
helping clinicians systematically grasp the stable association
patterns between clinical indicators and prognostic risks.

Furthermore, emerging advanced interpretation algo-
rithms represented by VarPro have further broken through
the limitations of traditional correlation-based interpretation
methods. The VarPro algorithm can construct intuitive directed
graph structures to quantitatively identify hierarchical interac-
tion relationships, dominant feature pathways, and potential
causal logic among high-dimensional heterogeneous clini-
cal variables. This graph-based interpretation paradigm tran-
scends simple feature importance ranking and marginal effect
analysis, enabling systematic visualization of how the model
integrates multi-source data such as baseline characteristics,
intraoperative lesion features, and postoperative dynamic in-
dicators to generate prognostic risk assessment results. This
contemporary interpretable method significantly enhances the
mechanistic transparency of machine learning models, provid-
ing more rigorous and clinically consistent evidence for the
clinical application of PCI prognostic prediction models.

Attention mechanisms and gradient-weighted class acti-
vation mapping can visualize the important features that deep
learning models focus on. However, the consistency between
these methods’ explanatory results and clinical intuition re-
quires further validation.

External validation and generalization

External validation of machine learning models represents a
critical component in assessing their clinical utility [45]. Due to
differences in patient populations, medical practices, and equip-

ment conditions across healthcare institutions, model perfor-
mance often deteriorates when applied to external datasets. This
phenomenon, known as “domain shift,” constitutes an important
factor limiting the widespread application of machine learning
models. While multicenter studies can enhance model general-
izability, they also face technical challenges including data in-
tegration and standard unification [46]. Federated learning, as
an emerging machine learning paradigm, enables model training
without sharing raw data, providing a novel approach to address
multicenter data integration challenges.

To systematically sort out the strengths and weaknesses
of machine learning for PCI prognostic prediction compared
with traditional risk prediction models, the advantages, disad-
vantages and corresponding improvement strategies are sum-
marized in Table 6.

Notably, although large-scale authoritative clinical regis-
tries represented by the ACC-NCDR CathPCI registry contain
more than 4.5 million real-world PCI procedural records and
complete procedural outcome data, such gigantic databases
have not been widely applied for machine learning-based
prognostic modeling and clinical quality assurance, which
constitutes a prominent unaddressed issue in current PCI in-
telligent prediction research. Multiple inherent and external
factors collectively lead to the underutilization of these high-
quality big data resources for contemporary machine learning
modeling. First, in terms of data structure and variable design,
mainstream large clinical registries including ACC-NCDR are
originally constructed for traditional clinical statistics, epide-
miological investigation and hospital quality monitoring rather
than high-dimensional machine learning modeling. These reg-
istries prioritize standardized, universal, and low-dimensional
core clinical variables, while lacking fine-grained dynamic
monitoring data, high-resolution imaging features, real-time
intraoperative hemodynamic parameters, and multi-omics data
that are critical for improving machine learning model accu-
racy. The relative simplicity of registry variable dimensions
limits the performance improvement space of complex deep
learning and ensemble learning models, making researchers
inclined to adopt conventional statistical methods rather than
contemporary machine learning algorithms.

Second, data accessibility, data security and strict regula-
tory restrictions severely hinder large-scale machine learning
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modeling based on public registries. The ACC-NCDR database
involves massive real-world patient information and multi-
center hospital procedural data, with extremely strict data access
authorization, de-identification and data sharing supervision
mechanisms. Most research teams can only obtain aggregated
statistical results rather than original individual-level structured
data, which cannot support feature engineering, model training,
iterative optimization and external verification required for ma-
chine learning research. In addition, privacy protection regula-
tions for medical big data further restrict open data mining and
secondary development of large registry databases.

Third, disciplinary research inertia and traditional qual-
ity assurance paradigms constrain the transformation toward
modern modeling methods. Traditional PCI quality assurance
and prognostic analysis based on large registries have long re-
lied on mature statistical tools such as logistic regression and
Cox regression, whose results are highly recognized by clini-
cal guidelines and peer reviews. In contrast, machine learning
models face inherent defects such as poor interpretability and
insufficient standardized reporting specifications, making clin-
ical researchers and quality management institutions reluctant
to replace traditional stable and authoritative analytical frame-
works with emerging machine learning methods for hospital
quality assessment and procedural outcome supervision.

Fourth, dataset homogeneity and single-task orientation
limit the innovative application of machine learning in regis-
try data analysis. Large registries such as ACC-NCDR focus on
macroscopic procedural outcome statistics and population-level
epidemiological analysis, lacking individualized fine-grained
variable indicators. Machine learning’s core advantages in min-
ing nonlinear feature interactions, individualized risk stratifica-
tion and dynamic prognosis prediction cannot be fully exerted
on such standardized and homogenized registry datasets, result-
ing in low marginal benefit of applying complex machine learn-
ing models compared with conventional statistical methods.

Nevertheless, large registry databases still possess irre-
placeable value for external validation and generalized model
evaluation of machine learning models. Future research can
focus on developing lightweight, interpretable machine learn-
ing frameworks suitable for low-dimensional registry data,
constructing hybrid modeling strategies combining traditional
statistics and machine learning, and promoting open, secure
and federated data mining modes, so as to fully release the big
data value of authoritative registries in PCI prognostic predic-
tion and clinical quality assurance.

Future Trends

Technical development direction

Explainable artificial intelligence (XAI) represents a crucial
direction for future machine learning development [47]. By
developing more transparent and interpretable algorithms,
trust between physicians and models can be enhanced, facili-
tating clinical adoption. Advances in attention mechanisms,
causal inference, and concept learning provide the technical
foundation for constructing explainable medical Al systems.

Multimodal data fusion technologies will continue to advance
[48]. With the increasing intelligence of medical devices and
progress in data acquisition techniques, PCI patient data will
become increasingly diverse, encompassing multi-omics data
including genomics, proteomics, and metabolomics. How to
effectively integrate these heterogeneous data sources to con-
struct more accurate predictive models represents a key re-
search focus for the future.

Notably, variable iteration and structural optimization of
large-scale national and international PCI quality assurance
registries will become an essential research and clinical qual-
ity improvement direction in 2026 and subsequent studies.
Current authoritative public registries lack multiple machine
learning-validated high-value prognostic variables, such as se-
rum albumin and lymphocyte counts, which are proven pow-
erful predictors of post-PCI in-hospital mortality and adverse
events. Future registry updates should actively incorporate
these clinically verified prognostic biomarkers into standard-
ized data collection frameworks, while eliminating redundant,
low-correlation, and non-essential routine variables that con-
tribute minimally to prognostic discrimination. This targeted
variable optimization strategy can bridge the data gap between
institutional detailed databases and population-level registry
databases, fundamentally improving the predictive validity of
large-sample PCI prognostic models and optimizing the objec-
tivity and accuracy of global PCI clinical quality assurance and
procedural outcome evaluation.

The development of federated learning and privacy-pre-
serving technologies will drive multicenter collaborative re-
search [49]. By enabling data sharing and collaborative model
training while protecting patient privacy, larger-scale and more
representative predictive models can be constructed. Block-
chain technology will also play a significant role in ensuring
data security and model trustworthiness.

Clinical translational perspectives

Real-time early warning systems will become an integral
component of future PCI clinical practice [50]. By integrat-
ing patients’ real-time monitoring data, intelligent warning
systems can promptly detect changes in clinical condition and
alert healthcare personnel to take appropriate measures. The
widespread adoption of 5G technology will provide technical
assurance for real-time data transmission and processing. Ac-
curate personalized treatment decision support will become
more comprehensive [51]. Based on patients’ genotypes, phe-
notypes, and environmental factors, machine learning models
can recommend the most suitable treatment regimens for each
patient, including drug selection, dosage adjustment, and sur-
gical strategies. The advancement of precision medicine will
make PCI treatment increasingly accurate and personalized.

Conclusions and Prospects

Machine learning technologies demonstrate tremendous po-
tential in PCI prognostic prediction by analyzing vast amounts
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of clinical data and identifying complex nonlinear relation-
ships among variables. This article systematically reviews re-
cent advances in machine learning applications for PCI prog-
nostic prediction, encompassing predictive targets including
in-hospital mortality, MACEs, bleeding complications, and
long-term survival. Algorithms such as random forest, SVMs,
neural networks, and deep learning have demonstrated supe-
rior predictive performance compared to traditional risk scor-
ing systems across multiple studies. Deep learning approaches
exhibit particular advantages in processing multimodal data.
Nevertheless, significant challenges remain regarding model
interpretability, external validation, and clinical implementa-
tion. Future research should prioritize the development of XAl
systems, the conduct of multicenter validation studies, and the
establishment of regulatory frameworks for clinical deploy-
ment.

Compared with the application of machine learning in
other systemic diseases, machine learning exhibits more
prominent targeted effectiveness and clinical value in coro-
nary intervention (PCI) prognostic prediction, with distinct
differences in predictive performance, data adaptability and
clinical scenario applicability. First, in terms of predictive ac-
curacy, PCI prognostic prediction based on machine learning
achieves generally higher discrimination ability than most
chronic disease prediction models. In this review, mainstream
machine learning models for PCI prognosis, including deep
neural networks, SVM and ensemble algorithms, achieve AUC
and C-index values mostly ranging from 0.76 to 0.94. These
values are significantly higher than the predictive accuracy of
machine learning models for common chronic diseases such
as type 2 diabetes, chronic heart failure and ischemic stroke
(mostly AUC = 0.65-0.80). The superior effectiveness is at-
tributed to the highly individualized, multi-factor interactive
clinical characteristics of PCI patients, including complex le-
sion features, diverse intraoperative variables and dynamic
postoperative physiological changes, which traditional linear
models fail to capture but machine learning algorithms can ef-
fectively identify.

Second, in terms of multimodal data fusion capability,
machine learning for PCI prognosis shows unique advantages
over disease prediction in other fields. Different from single-
dimensional prediction tasks for tumor recurrence, diabetes
complications and cerebrovascular events, PCI prognostic
evaluation requires comprehensive integration of structured
electronic medical records, coronary angiography images, in-
traoperative procedural parameters, and dynamic postopera-
tive time-series monitoring data. Deep learning and ensemble
learning applied in PCI scenarios can effectively fuse hetero-
geneous multimodal data, further improving risk stratification
accuracy, while machine learning models for most other dis-
eases still rely on single structured clinical data, with limited
improvement space for predictive performance.

Third, regarding clinical practicality and individualized
prediction effectiveness, machine learning-based PCI prog-
nostic models are more suitable for precise clinical decision-
making than those in other disease fields. PCI treatment has
strong procedural individuality, and patients’ postoperative
prognosis is affected by dozens of high-dimensional variables.

Machine learning algorithms can screen core prognostic fac-
tors such as renal function, left ventricular ejection fraction,
blood glucose and lipid levels, and intraoperative lesion com-
plexity, and output individualized quantitative risk probabili-
ties for in-hospital death, bleeding complications and long-
term MACESs. In contrast, machine learning applications in
diseases such as hypertension and chronic heart failure mostly
focus on population-level risk screening, lacking fine-grained
individualized prognostic assessment capabilities.

Notably, machine learning for PCI prognosis also faces
more prominent application bottlenecks compared with oth-
er disease fields. Different from the relatively unified data
standards of chronic disease management, PCI data involves
intraoperative operation records and professional imaging
data, with higher missing rates and poorer cross-center data
consistency, resulting in more difficult external validation and
model generalization. In addition, due to the high safety re-
quirements of interventional therapy, the “black box” defect of
machine learning models limits clinical transformation more
significantly in PCI scenarios than in common chronic disease
prediction, which restricts the full release of its predictive ef-
fectiveness.
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