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Abstract

Background
Cardiovascular toxicity (CVT) is a major effect of radiation therapy (RT) and a contributor to morbidity
and mortality among cancer survivors. Artificial intelligence (AI) may improve early detection, risk
stratification, and RT planning to mitigate cardiac exposure, but the current evidence has not been
comprehensively synthesized. The main objective of this study is to analyze and assess the quality of
literature applied AI assessments of CVT in populations receiving RT.

Methods
PRISMA-guided systematic review of PubMed, Ovid EMBASE, Cochrane Library, and Web of Science was
conducted through October 1, 2025. Eligible studies were original human research in English applying AI
to cardiovascular outcomes or imaging in cancer populations receiving RT. Predictive-model studies
were assessed using TRIPOD + AI for quality and PROBAST for risk-of-bias. Imaging-AI studies were
assessed using CLAIM and QUADAS-2 for quality and risk-of-bias respectively.

Results
Sixty-five studies were included and clustered into two groups: (1) AI prediction of RT-associated CVT (n 
= 31, 48%) and (2) AI-based cardiovascular imaging (n = 34, 52%). Deep learning was the most frequent
approach (45/65, 69%) especially in imaging and showed highest performance (median AUC = 0.82 &
sensitivity = 0.83) in prediction. Predictive models lacked calibration assessment (3/31, 10%), and
external validation (6/31, 19%). TRIPOD + AI adherence averaged 79% (SD 22.68%), while PROBAST rated
97% at high overall risk-of-bias. Imaging models demonstrated strong performance (overall median DSC 
= 0.85, range: 0.76–0.94) particularly for larger cardiac structures, whereas coronary artery
segmentation remained challenging. CLAIM adherence averaged 71%, and QUADAS-2 judged 82% at
high risk-of-bias.

Conclusion
AI approaches in radiation-associated cardio-oncology are promising but not yet implementation-ready.
Future work should prioritize standardized endpoints, robust external validation, calibration and clinical
utility evaluation, shared high-quality imaging annotations, and prospective integration into clinical trials.

Highlights
Radiation therapy increases long-term cardiovascular toxicity in cancer survivors.
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AI shows promise for prediction and imaging but lacks robust validation.

Methodological quality remains limited despite TRIPOD-AI and CLAIM guidance.

Standardized endpoints, external validation, and prospective clinical integration are urgently needed.

Introduction/Background
Cancer therapies can damage the heart and cardiovascular system, resulting in cardiovascular toxicities
(CVT) that negatively impact outcomes and survival (1). Radiation therapy (RT) is a cornerstone modality
of cancer treatment, offering substantial survival benefits across multiple malignancies including breast,
lung, and thoracic cancers (2, 3). Although RT techniques improve the survival and long-term outcomes of
patients, exposure of normal structures to ionizing radiation can lead to several side effects affecting
patients’ outcome and quality of life (QoL) (4). Exposure of the heart and vascular structures to thoracic
radiation either as a single modality or in combination with chemotherapy can lead to a spectrum of
CVTs, ranging from subclinical myocardial injury to life-threatening events such as ischemic heart
disease, heart failure, arrhythmias, and pericardial disease (Fig. 1) (5–7). The long-term cardiovascular
consequences of RT have become an increasingly important clinical concern in cardio-oncology and
radiation oncology domains, as they affect patients’ outcome, overall survival, and QoL. Approximately
20–30% of patients with lung or esophageal cancers develop CVT after RT (8, 9). Similarly, about 55% of
patients with lymphoma develop CVT after receiving mediastinal RT, although anthracycline-containing
chemotherapy by itself also increased risks of CVAE (10). Notably, chemotherapy, regardless of receipt of
RT, may accelerate vascular aging, supporting the need for intensive cardiovascular risk management
during survivorship (11, 12). Cardiovascular disease (CVD) has emerged as the leading cause of chronic
health complications and non-cancer mortality in cancer survivors (13–15). Early detection and
personalized risk stratification remain challenging due to the complex interaction of patient factors,
treatment parameters, and biological responses, which is one of the main focuses of cardio-oncology.

In recent years, artificial intelligence (AI) and machine learning (ML) have emerged as powerful tools
capable of analyzing large, multidimensional datasets generated throughout the cancer care continuum
(16–18). Artificial intelligence methods have advanced dose prediction, automated treatment planning,

auto-segmentation, outcome prediction, treatment personalization and decision making (19–22). Digital AI
techniques are promising for understanding and predicting cardiotoxicity, as they can integrate clinical
factors, systemic therapy factors, dosimetric variables, imaging metrics (i.e., radiomics), and biomarkers
to uncover patterns not easily captured by traditional statistical approaches. Different AI applications
could be beneficial in the field of post treatment CVT, such as CVD predictions, risk stratification, image
analysis including auto-segmentation, radiomic features extraction and treatment dose planning (i.e.,
dosiomics) as illustrated in Fig. 1. Chen et al.,(23), Loap et al.(24) and Borges et al.(25) showed the efficacy
of the deep learning (DL) in imaging auto-segmentation of the cardiovascular structures for better RT
planning to reduce the incidence and severity of post-radiation CVT. While Zhou et al.(26), Qiao et al.(27),

Bentriou et al.(28) and Dincer et al.(29) used ML classification and regression models (e.g., Logistic
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regression, Gradient boosting, and Random Forest,) for CVT prediction after RT. As data availability and
computational digital capacity grow, AI-based models are increasingly positioned to support
personalized risk prediction and guide cardioprotective strategies.

Despite the rapid expansion of AI in cardio-oncology and radiation oncology, its application to CVT in
populations receiving RT as a component of care is largely unappreciated. Existing studies vary widely in
methodology, data sources, outcome definitions, and validation strategies. While several groups have
explored AI-driven cardiac contouring, dose–response modeling, and risk prediction, no comprehensive
study currently exists that evaluates how AI is being used, the quality of available studies, and the gaps
that remain. Understanding the current landscape is critical for clinicians, researchers, and
computational scientists aiming to improve survivorship outcomes and QoL of patients.

Our scientific questions in this review were:

1. What are the key applications of AI models for identifying and evaluating cardiovascular toxicity in
patients receiving cancer treatment with RT as a component of care?

2. Which AI tools are commonly used to address/predict cardiovascular treatment-associated toxicity
in populations receiving RT?

3. What is the quality of studies conducted in AI in cardio-oncology among patients undergoing
treatment that includes RT?

4. To what degree do the existing AI models in cardio-oncology follow the AI reporting and
transparency guidelines with respect to model performance reporting?

This systematic review aimed to evaluate and summarize the existing literature on AI applications
related to CVT among patients undergoing treatment that includes RT. Specifically, we assessed the
types of AI models developed, their input data, prediction targets, performance metrics, and clinical
applicability. By identifying strengths, limitations, and opportunities within the field, this comprehensive
review provides a foundation for future research and development of AI-driven tools that can enhance
early detection, optimize treatment planning, and ultimately reduce cardiovascular risk in cancer
survivors.

Materials and Methods
Protocol Registration

Registration of this review was conducted in the international prospective register database of
systematic reviews (PROSPERO) on September 29th, 2025 (ID number: CRD420251158012) in the
context of human health care.

Search Strategy
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A comprehensive systematic search of PubMed, Ovid EMBASE, Cochrane Library, MEDLINE, and Web of
Science databases was conducted for publications of original human research in English up to October
1st, 2025. The concepts searched included: “artificial intelligence”, “machine learning”, “deep learning”,
“neural networks”, “cardiovascular toxicity”, “cardiovascular diseases”, “radiotherapy”, “cardio-oncology”.
Combination of the concepts/terms was done using OR/AND Boolean operators. The search strategy
using Boolean operators is described in Supplementary File S1.

Screening Process

Articles identified from databases were uploaded into Rayyan tool: an AI-powered systematic review
management platform for screening. Duplicated articles were identified through Rayyan AI and were
fixed. The screening process was blindly conducted with three independent reviewers (BG, ND, and PL),
then a fourth reviewer (VS) solved the conflicts. Screening of the titles and abstracts was done first, and
then screening of the full text was done next for the reports for retrieval. The primary outcome of this
review was to identify the applications and quality of AI approaches in either predicting, preventing or
managing treatment-associated cardiovascular toxicity in patients with cancer receiving care that
includes RT.

Inclusion criteria

Included studies had to meet all the following criteria: (1) full original Research, (2) Available in English,
(3) involved human subjects, (4) studies applied AI or ML models, (5) cardiovascular related outcome
(including cardiovascular diseases or cardiovascular imaging), (6) studies in the cancer population
received radiation therapy or chemo-radiotherapy, and (7) models were tested for performance.

Exclusion criteria

Articles were excluded if they met any of the following criteria: (1) irrelevant or out of scope study, (2) not
a full original study (e.g., conference abstract, review articles, letter, or editorial), (3) non-human study
(e.g., animal or cell lines), (4) no AI or ML model was applied, (5) no cardiovascular related outcome, or
(6) no radiation therapy received.

Data Synthesis, Extraction, Collection, and Analysis

This review followed the Preferred Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA)
guidelines. Data from final included articles were extracted into Excel sheets. Extracted data included
study characteristics and demographics (author, year, and journal), study design, number of
population/participants, cancer type, AI method/model, input and outcome variables, and AI models
performance metrics (e.g., AUC, accuracy, sensitivity, specificity and others). Due to significant
heterogeneity in study design, AI models, input variables, outcomes, and performance metrics, a
quantitative meta-analysis was not performed. Instead, a narrative synthesis was conducted.  All
included studies were categorized into two main groups based on the main applications of AI: (1)
studies applied AI in cardiovascular toxicity prediction and stratification in patients receiving cancer
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treatment with RT as a component of care (2) studies applied AI models in cardiovascular imaging
analysis in patients receiving RT. Summary statistics including median, interquartile range (IQR), and
range were calculated for reported model performance metrics using JMP.Pro Edition 18.2.1 software.

Results’ Presentation

Results were summarized in a tabular format to summarize study characteristics, AI methodologies, and
conclusions. Visualizations (e.g. bar charts, pie charts, and flow diagrams) were generated using
GraphPad prism to illustrate the trend of publication, cancer types, type of research study, TRIPOD+AI
and CLAIM adherence, and risk-of-bias assessment.

Data Quality and Risk of Bias Assessment

Blind screening of the identified articles was conducted by three reviewers (BG, ND and PL). Full texts of
the included articles were assessed thoroughly by three reviewers (BG, ND, and PL). Conflicts were
resolved by a fourth reviewer (VS). The materials and methods of the studies and the results sections
were assessed. Non-full articles, or full articles that could not be accessed were excluded.

To evaluate the overall quality of the included articles, a rigorous assessment was conducted, focusing
on evaluation of both the risk of bias and adherence to AI reporting guidelines for each individual article
based on the application of the AI and the type of the study. For studies applying AI or ML for predictive
tasks and risk stratification, the risk of bias was assessed using the Prediction Model Risk of Bias
Assessment Tool (PROBAST), which examines four domains (participants, predictors, outcomes, and
analysis) to determine the overall risk of bias (checklist in Supplementary File S) (17, 18, 30, 31). Adherence
to the updated AI-Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or
Diagnosis (TRIPOD+AI) guidelines was analyzed using the TRIPOD+AI checklist, which covers 27 items
including overall 51 questions and subitems specified for AI models (18, 32-34). The checklist is in
Supplementary File S4. While for studies/articles applying AI in cardiovascular imaging analysis, an
updated Checklist for Artificial Intelligence in Medical Imaging (CLAIM) (35) was used to assess the
quality of these studies and consistent reporting of AI in medical imaging. Risk of bias for the included
imaging-AI studies was evaluated using the Quality assessment of diagnostic accuracy studies
(QUADAS-2) tool across 11 questions covering 4 domains: patient selection, index test, reference
standard, and flow and timing (36, 37). If any answer for any question in the domain was assessed as “No”,
the final risk-of bias of the domain was judged as high. 

Formal assessment of publication bias and certainty was not performed due to the heterogeneity of
study designs and absence of pooled meta-analytic estimates. However, selective reporting within
studies was indirectly evaluated through adherence to reporting guidelines (TRIPOD+AI and CLAIM),
which assess transparency in outcome reporting and model performance metrics. Additionally, the
overall certainty of the body of evidence was evaluated qualitatively considering the risk of bias
(PROBAST and QUADAS-2 results),
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Results
Search and Screening Results

Our comprehensive database search resulted in a total of 1583 studies from PubMed (n = 856), Ovid
EMBASE (n = 241), Cochrane Library (n = 95) and Web of Science (n = 391). After a thorough screening
process following the eligibility assessment criteria, a total of sixty-five articles met all the inclusion
criteria. The full search process is illustrated in the PRISMA flow chart (Figure 2).

Trend, study design, cancer type and participants

All included studies were published from 2018 to 2025, with an increase in the number of publications
for AI studies in cardio-oncology research particularly with RT, from 2 per year in 2018 to 16 and 10 per
year in 2024 and 2025, respectively (Figure 3.a). The most common type of cancer included in these
studies was breast cancer (n=26, 39%) followed by lung cancers (n=22, 34%) (Figure 3.b). More than half
of the studies included used a retrospective single institutional cohort to develop their models (n=36,
55% studies) (Figure 3.c). The median sample size to build the models among all studies was 177
(range: 9 – 148755036, IQR 54-984), while 2 articles did not specify the sample size of patients or
participants. Several types of AI models or frameworks were investigated in the included studies (Figure
3.c). Neural networks (Deep learning) were the most common AI models (n=45, 69%) especially in
imaging analysis (e.g., auto segmentation, calcium scores calculation, or dosiomics), followed by the
regression models (n=19, 29%) then classification ensembles models (e.g., Boosting models and
random forest) (n=7, 11% per model).

Studies characteristics and AI applications

The characteristics and demographics of the 65 included studies and the AI models applied in these
studies for CVT prediction or imaging analysis were illustrated in Supplementary Table 1. Out of the 65
included studies, 34 (52%) studies applied AI for imaging analysis, while 31 (48%) studies applied AI or
ML for prediction, risk stratification, and patient selection of CVT following RT. 

1. Artificial Intelligence models applications in cardiovascular toxicity prediction and stratification in
patients receiving cancer treatment with RT as a component of care

Models’ characteristics and endpoints

Across the 31 predictive modeling studies, endpoints/outcomes can be classified into several major
outcome categories: clinical cardiac events, arrhythmia, heart failure or cardiomyopathy,
composite/general toxicity, single toxicity (e.g., pericardial diseases valvular diseases, ischemic or
coronary diseases), survival, and dosimetric or planning metrics. Major adverse cardiac events (MACE)
were the most frequently used clinical endpoint, reported in 6/31 (19%) predictive modeling studies.
MACEs were defined as composite cardiovascular outcomes including myocardial infarction, coronary
artery disease, heart failure, or stroke and used with grading commonly based on Common Terminology
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Criteria for Adverse Events (CTCAE) ≥3 or clinically judged cardiovascular events. General cardiotoxicity
or cardiac event endpoints were used in 6/31 (19%) studies. These included treatment-related cardiac
events or cardiotoxicity without restriction to a single diagnosis, which were defined as development of
cardiovascular disease, cardiac dysfunction, or high-grade clinically significant cardiac disease. Heart
failure or cardiomyopathy–specific endpoints were reported in 3/31 (10%) studies. These included late-
onset cardiomyopathy (Güntürkün et al.)(38), chemoradiation-induced heart failure defined by reduction in
ejection fraction  (Ansari et al.)(39), and high-grade cardiac disease including heart failure requiring
treatment (Bentriou et al.). Arrhythmia-specific endpoints were used in 3/31 (10%) studies, focusing
primarily on atrial fibrillation (AF). Pericardial or valvular disease endpoints were uncommon, appearing
in just 2/31 (6%) studies. Niedzielski et al. evaluated radiation-induced pericardial effusion, while
Chounta et al. (40), focused on radiation-induced valvular heart disease. Ischemic or coronary-specific
endpoints were used in 2/31 (6%) studies. Choi et al.,(41) predicted acute coronary events, while Xie et al.,
(42) used coronary CT angiography to identify coronary artery impairment and subsequent MACEs.
Overall survival (OS) was used as the primary endpoint in 3/31 (10%) studies. Procedure-based or health-
system outcomes were uniquely evaluated in just 1/31 studies (3%), with Monlezun (43) et al., using in-
hospital mortality, PCI utilization, complications, and cost as endpoints. A significant proportion of
studies (8/31, 26%) used dosimetric or treatment-planning endpoints rather than clinical cardiac events.
These included prediction of mean heart dose or cardiac substructure dose.

Models’ validation and evaluation

Model validation mostly relied on internal validation strategies, with cross-validation used in 12/31 (38%)
studies, including five-fold stratified cross-validation, repeated k-fold or bootstrap resampling and leave-
one-out validation for treatment-planning decision support. Independent hold-out testing was used in
9/31 (29%) studies, typically using 60–40 or 70–30 train–test splits. External validation using separate
patient cohorts was performed in 6/31 (19%) studies. Several studies incorporated model comparison or
benchmarking against conventional dosimetric or radiomics approaches, showing improved
performance of ML dosiomics-based methods over traditional dose-volume metrics. Interpretability-
driven validation was uniquely emphasized in 4/31 (13%) studies through explainable AI techniques such
as SHapley Additive exPlanations (SHAP) and Gradient-weighted Class Activation Mapping (Grad-CAM)
heatmaps to confirm clinically meaningful cardiac substructure contributions (Ladbury (44) et al., and
Choi et al.(41)), while 1 of 31 studies validated causal inference outputs by comparison with established
medical literature and expert clinical review rather than predictive accuracy metrics (Bernasconi et al.
(45)). 

For evaluation of the performance of ML predictive models, most studies used discrimination metrics for
classification/predictive models [e.g., Receiver Operating-Area Under the Curve (AUC), sensitivity/recall,
specificity/precision, and accuracy]. Twelve out of the 31 (39%) included studies applied predictive
AI/ML models for CVT prediction and risk stratification didn’t report any of the discrimination metrics
results raising concerns regarding these predictive models. Out of the 31 studies that used ML predictive
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models, 16/31 (52%) reported the model’s AUC. Across the included studies all predictive ML models
demonstrated good discriminatory performance, with mean AUC generally clustering around 0.80–0.83
and with median AUC values consistently around or above 0.80 (Figure 4.a). Neural network models
demonstrated the highest discriminatory performance (median AUC = 0.82; IQR: 0.74–0.92; range: 0.69–
0.98), although with notable variability, indicating high but variable performance. This was followed by K-
nearest neighbors (median AUC = 0.81; IQR: 0.79–0.88; range: 0.66–0.98) and boosting models (median
AUC = 0.81; IQR: 0.75–0.89; range: 0.66–0.96), which showed comparable central performance. Random
forest, support vector machine, and regression-based models demonstrated similar and slightly lower
median performance (all median AUC ≈ 0.80), with random forests showing the most stable distribution
(IQR: 0.77–0.86; SD: 0.08; range: 0.66–0.98). Naïve Bayes models exhibited a comparable median AUC
(0.80) but greater dispersion (IQR: 0.74–0.94; SD: 0.11; range: 0.73–0.97). Overall, the narrow
interquartile ranges across most model families suggest consistent central performance, while wider
ranges highlight substantial heterogeneity in upper-bound discrimination across studies.

In terms of other discrimination metrics, 22/31 (71%) did not report the ML models’ sensitivity, or
specificity, and 21/31 (68%) did not report the model’s accuracy. With the few reported metrics, neural
networks models demonstrated the highest performance, achieving a median sensitivity of 0.83 with a
narrow IQR of 0.82–0.85 and a range of 0.80–0.86, indicating consistently high true-positive detection.
This was followed by regression-based models, which showed a median sensitivity of 0.82 but with
wider variability (IQR: 0.73–0.90; range: 0.66–0.96). Random forest models demonstrated moderate
sensitivity (median = 0.73; IQR: 0.62–0.78; range: 0.59–0.83). Boosting models, reported in a single
study, showed a sensitivity of 0.78. Only one article reported the F1-Score of the AI predictive mode
(Vendrame et al.,) (46). 

Regarding models’ specificity, random forest models demonstrated the highest specificity (median =
0.83; IQR: 0.79–0.86; range: 0.77–0.88), indicating consistently strong true-negative classification. This
was followed by boosting models (specificity = 0.81), although this estimate was derived from a single
study, limiting assessment of variability. Neural network models showed a median specificity of 0.80
with broader dispersion (IQR: 0.72–0.88; range: 0.67–0.91). Regression-based models demonstrated
slightly lower specificity (median specificity = 0.78; IQR: 0.69–0.86; range: 0.66–0.86). Overall, tree-
based ensemble methods, particularly random forests, showed the most favorable and stable specificity,
whereas neural networks and regression approaches exhibited greater variability across studies. 

Only 3/31 (10%) studies tested the model’s calibration. Niedzielski et al. (47) used the calibration curve
and tested the calibration slope/intercept for the Elastic net logistic regression model: 1.356 / 0.235
(cross-validated heart + substructures model); 1.352 / 0.174 (final fitted model) (47). Tohidinezhad et al.
(48), tested the calibration of the regression model using the calibration curve which showed good
conformation of the predicted probabilities versus the actual outcomes for probabilities ranging between
0.1 and 0.9. Lee et al. assessed the multivariable logistic regression–based normal tissue complication
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probability (NTCP) model using Hosmer–Lemeshow [H-L] goodness-of-fit test). = 0.565 (development
cohort); P = 0.800 (validation cohort) (49).

Quality of studies

The TRIPOD+AI checklist assessment of studies applying AI/ML for prediction, risk stratification, and
patient selection in cardiovascular toxicity after RT showed moderate overall reporting quality, with an
overall average/mean adherence of 79% (SD=22.68%, 95%CI=72.36-84.99) across all items, since 9 out
of 31 articles had adherence to the guidelines below 70% and 13/51 domains fell below 70%. Core
scientific reporting domains, such as title, abstract, objectives, data sources, outcome definitions,
participant characteristics, model development, performance reporting and discussion demonstrated
high adherence (≥90-100%), reflecting strong methodological transparency in fundamental study
components. However, several critical AI-specific and ethical/equity-related domains showed markedly
low adherence, particularly the ethical approval (29%), outcome blind assessment and subjective
interpretation (16% & 32% respectively), sample size explanation (23%), analytical handling of model
performance heterogeneity (23%), model updating (65%), class imbalance and fairness (71% for each),
transparency compliance with open science including sharing the protocol, registration, code sharing
and patient and public involvement ((68–71%). Moreover, the usability of the model, particularly user
interaction (52%) was not covered in the discussion sections of the included studies. (Figure 4.b)

Risk-of-bias assessment

Using the PROBAST checklist, the risk-of-bias of the included 31 predictive studies revealed substantial
variability across domains. The overall risk-of bias of 30/31 (97%) was high due to the high risk in the
analysis domain. Low risk-of-bias was most frequently observed in Predictors Domain 2, with 28/31
(90%) of studies rated low risk. Domain 3: Outcome, where 26/31 (84%) demonstrated adequate
outcome definition and assessment. Domain 1: Participants showed moderate concerns, with 22/31
(71%) of studies rated low risk and 8/31 (26%) judged unclear, largely due to insufficient reporting of
participant selection and sample size explanation. In contrast, Domain 4: Analysis exhibited a critically
high risk-of-bias, with 30/31 (97%) of studies rated high risk, reflecting frequent methodological
shortages such as inadequate handling of overfitting, lack of appropriate validation, model calibration
and insufficient reporting of performance measures. Consequently, the overall risk-of-bias was rated as
high in 97% of studies, indicating that despite relatively strong reporting of predictors and outcomes,
analytical limitations substantially compromise the reliability and clinical applicability of current AI-based
CVT prediction models after RT (Figure 4.c). Detailed Risk-of-Bias per study is included in Supplementary
File S3.

2. Artificial Intelligence models applications in cardiovascular imaging in patients with cancer who
received RT as a component of care

Models’ characteristics
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Across the 34 included studies, DL approaches are predominantly used, specifically in about 30 out of 34
studies (~ 88%). Most of these DL models were convolutional neural network (CNN)–based
architectures, primarily U-Net variants (standard U-Net, 3D U-Net, nU-Net, cascaded U-Nets).

Application-wise, the included imaging studies clustered the AI applications in cardiovascular imaging
for radiation treatment into three dominant use cases include: 1) cardiac or cardiopulmonary
substructures segmentation was the most common application, involving about 22/34 (65%) studies. 2)
Coronary or thoracic aorta calcification quantification was addressed in about 8/34 (24) studies. 3)
Functional radiomics or dosiomics constituted the remaining 4/24 (11%) studies. Among the
segmentation-focused studies, CNN-based auto-segmentation models were used in more than 85% of
the studies. These models were primarily developed to automate whole-heart and cardiac substructure
contouring on radiotherapy planning CT, aiming to improve radiation dose assessment, workflow
efficiency, or downstream outcome modeling.

Models’ validation, and evaluation

The most common validation approach was comparison against expert manual contours, used in about
22 (65%) studies, typically involving one to three radiation oncologists and, in several high-quality
studies, multi-observer consensus (e.g., Garrett Fernandes et al.(50); Chen et al.(23)). 

Several additional validation strategies were observed such as external or independent test sets in 12/34
studies, clinical acceptability scoring by physicians in 8 studies, prospective or workflow-embedded
validation in 5 studies, outcome-based validation (survival, toxicity, fitness) in ~7 studies and hybrid
geometric + dosimetric validation in 10 studies.

Performance evaluation and validation were mainly reported by calculating the Dice Similarity Coefficient
(DSC) to evaluate the accuracy of AI-driven auto-segmentation of structures. Among the 18–20 studies
(55–60%) that reported DSC for segmentation accuracy, the overall median DSC across cardiac
structures was approximately 0.85, with a range of 0.76–0.94. Performance strongly depended on
structure size. Whole-heart segmentation consistently showed the highest agreement, with median DSC
values of 0.93–0.95, while cardiac chambers demonstrated slightly lower but still strong performance
(0.88–0.92). Great vessels achieved moderate agreement (0.80–0.88). In contrast, coronary artery
segmentation was a clear outlier, with substantially lower DSC values (0.56–0.65) and occasional near-
zero overlap for distal segments, reflecting the technical challenges of segmenting small tubular
structures on non-contrast CT. One feasibility study (Thor et al. (51)) intentionally reported very poor
performance (DSC 0.15) to highlight current methodological limitations for left anterior descending
(LAD) artery segmentation on non-contrast CT.

Approximately 12/34 (35%) studies did not report DSC because segmentation overlap was not the
primary endpoint or was methodologically inappropriate, particularly in calcification scoring tasks.
Instead, these studies emphasized clinically oriented validation metrics, including intraclass correlation
coefficients (ICC 0.85–0.99) for calcium burden quantification, Cohen’s kappa (κ = 0.85–0.91) for risk
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stratification, surface distance metrics for coronary localization, and dosimetric or outcome-based
validation in nearly one-third of studies. 

Quality of studies

Across the 34 included studies applying AI to imaging analysis, overall average/mean of reporting
adherence to the CLAIM checklist was 71% across all domains (71%, SD=29, 95%CI=62.10-79.90), since
12/34 (35%) articles fell below 70% with overall mean=71% (SD=11.58. 95%CI= 66.61-74.69) of
adherence across all the articles (median 71.5%, range 34%-91%, IQR=65.5%-71.5%). All studies (34/34,
100%) clearly reported the AI method in the title, provided an abstract summary, described the clinical or
scientific background, and stated study aims. Most studies demonstrated high compliance in the
methods and specified the study goal (100%), data sources (100%), image acquisition protocols (33/34,
97%), reference standard definitions (32/34, 94%), AI models’ evaluation of performance metrics and
statistical uncertainty (32/34, 94%), and internal validation procedures (100%). However, important
methodological details were inconsistently reported. Only 8/34 (24%) of studies described data de-
identification procedures, 7/34 (21%) reported handling of missing data, and 6/34 18% assessed inter- or
intra-rater variability. Details regarding dataset partitioning were modestly reported, including data
partition; assignment of cases to training, validation and testing (22/34, 65%) and disjointness level of
separation is at which level (patient, study or image) (20/34, 59%), while intended sample size
justification was provided in 21/34 (62%) of studies. Model transparency was limited, with only 11/34
(32%) reporting model initialization, 7/34 (21%) describing ensemble techniques, and 20/34 (59%)
conducting robustness or sensitivity analyses. Explainability or interpretability methods were reported
only in 6/34 (18%) of studies. While internal validation was reported in all studies (100%), external
validation was performed in only 11/34 (32%), and very limited studies reported any clinical trials
registration (2/34, 8%) revealing lacking clinical trials and real-world application. Reporting within the
Results section was variable, with demographics or clinical characteristics presented in 17/34 (50%) of
studies, performance metrics in 31/34 (91%), performance variability or precision in 26/34 (76%), and
failure analysis in only 16/34 (47%). Although study limitations and implications for practice were
consistently discussed (both 100%), only 56% of studies reported funding sources, and availability of
code, models, or data was reported in 74% and 56% respectively. (Figure 5)

Risk-of-bias assessment

The overall QUADAS-2 Risk-of-Bias among the included 34 AI-imaging studies, was high (82%), as only
6/34 (18%) studies were assessed as “Unclear-risk” (with at least  one domain unclear-risk with low risk
in the other domains) while no study (0%) was assessed as low-risk (with low-risk among all the 4
domains and yes answered for all 11 questions), however, 28/34 (82%) studies were assessed as high
risk-of-bias (4/34 12% had one high-risk domain, 10/34 29% and 12/34 (35%) studies had 2 and 3 high-
risk domains respectively, while 2/34 (6%) had the four high-risk domains). The four domains (Figure 6.e)
assessment across all studies demonstrated that flow and timing domain demonstrated the lowest risk
of bias, with only 10/34 29% of studies rated as high-risk, 3/34 (9%)  as unclear-risk and 21/34 (62%) as
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low-risk [33/34 (97%) of studies reported appropriate intervals between index tests and reference
standards, 32/34 94% ensured all patients received the same reference standard, and 21/34 62%
included all patients in the final analysis] (Figure 6.d). In contrast, patient selection showed only 4/34
(12%) of studies at low-risk, 11/34 (32%) at unclear-risk and 19/34 (56%) at high-risk [13/38 56% of
studies enrolled consecutive or random patient samples and 9/34 (26%) avoided inappropriate
exclusions, while 33/34 (97%) avoided case–control designs] (Figures 6.a). For the index test domain,
25/34 (74%) were at high-risk [only 11/34 (41%) of studies reported blinded interpretation of model
outputs/results relative to the reference standard, although prespecified decision thresholds were
reported in 31/34 (91%)] (Figure 6.c). In the reference standard domain, 14/34 (41%) of studies were
judged at high-risk [most studies employed reference standards likely to correctly classify the target
condition (33/34, 97%), however, only 14/34 (41%) reported blinded interpretation of reference
annotations relative to AI predictions] (Figure 6.d). Detailed Risk-of-Bias per study is included in
Supplementary File 3.

Discussion
This comprehensive review of a total included 65 studies, highlighted the rapid but methodologically
heterogenous expansion of AI applications within cardio-oncology and radiation-oncology fields,
specifically for the prediction, and management of RT–associated cardiovascular toxicity. Our review
demonstrated that AI models addressed one of the field’s most pressing needs, which is the early
identification of patients at highest risk of radiation-induced cardiovascular injury and optimization of
treatment planning through RT-planning imaging mitigation to reduce cardiac exposure and post-
treatment injury. Despite the recent surge in the use of promising AI technologies for managing
radiation-induced CVT, our review raises significant concerns regarding the quality and transparency of
current studies. There is considerable variability in outcome definitions, input features, validation
strategies, and performance reporting. Methodological quality is inconsistent, with frequent limitations
in validation rigor, calibration assessment, and adherence to AI-specific reporting standards,
underscoring a substantial gap between technical development and clinical implementation in cardio-
oncology. 

Two complementary AI application streams emerged: predictive risk modeling and cardiovascular
imaging automation. Predictive AI models primarily targeted MACEs, heart failure, arrhythmias, and
composite cardiotoxicity endpoints; outcomes that are highly relevant in long-term cancer survivorship.
The integration of clinical, dosimetric, imaging, and radiomic variables through AI offered a
multidimensional understanding of radiation-associated cardiac risk that extends beyond traditional
dose–volume metrics. This aligns with the evolving paradigm of precision cardio-oncology, where
individualized risk profiles could guide cardioprotective interventions, surveillance intensity, and RT
planning decisions. Overall, these models demonstrated good discriminatory performance (median AUC
about 0.80), particularly neural network–based approaches, suggesting that AI can capture complex
nonlinear interactions between radiation dose distributions and patient-specific risk factors.
Discrimination metrics such as AUC, reflect a model’s ability to distinguish between patients who will
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and will not develop cardiovascular toxicity (i.e., event, or no-event) (52). The median AUC values
observed across studies suggest that many of these models achieve clinically meaningful risk
stratification between higher- and lower-risk patients following RT. However, discrimination alone does
not establish clinical usefulness. The limited reporting of calibration, sensitivity, and specificity
substantially weakens confidence in the readiness of these models for real-world implementation.
Calibration is essential to determine whether predicted probabilities accurately reflect observed event
rates (53). From a clinical oncology perspective, discrimination alone is insufficient; well-calibrated
models are essential for translating predicted risks into actionable thresholds for surveillance or
preventive therapy. Interestingly, random forest models tended to demonstrate higher specificity,
suggesting fewer false-positive predictions. This highlights a potential trade-off in model selection
between maximizing detection of cardiovascular toxicity and minimizing unnecessary downstream
testing or interventions. 

AI-based cardiovascular imaging studies in radiation oncology have largely centered on automated
cardiac substructure segmentation and calcification assessment, with the goal of improving the
precision and reproducibility of cardiac dose estimation. Across the included literature, deep learning
segmentation models have shown strong geometric performance for larger structures such as the whole
heart and cardiac chambers, supporting prior evidence that automated contouring can reduce
interobserver variability and enhance dosimetric consistency in treatment planning (54). Arjmandi et al.,
demonstrated that DL-automated contouring approach reduced the inter-expert variability and increased
dosimetric accuracy in prostate cancer RT planning, compared to the gold standard reference contouring
(54). This is particularly relevant in cardio-oncology, where more accurate cardiac delineation may
strengthen dose–response modeling and improve heart-sparing strategies especially in thoracic RT for
thoracic cancers (e.g., breast, lung, esophageal). However, segmentation accuracy drops substantially
for small, low-contrast structures such as the coronary arteries (55, 56). This limitation is clinically
significant because ischemic heart diseases caused by coronary artery disease are a common
mechanism of radiation-induced cardiac morbidity (57, 58). Higher total RT doses with the larger irradiated
cardiac volumes in addition to the presence of preexisting cardiovascular comorbidities are major risks
were identified as high risk factors of coronary artery diseases after RT (10, 57, 59). Darby et al.
demonstrated that heart exposure to radiation increases the rates of ischemic heart diseases after RT in
patients with breast cancer (57). 

Challenges related to non-contrast planning CT, motion artifacts, small sized vessels, and limited high-
quality annotations continue to hinder reliable coronary segmentation (60). As a result, although current
AI imaging tools show promise for improving global cardiac dose assessment, further methodological
advances are needed before they can fully support coronary-specific risk modeling and precision cardio-
protection in RT. Promising recent advances in the segmentation of small, low-contrast vascular
structures, particularly the coronary arteries have been driven largely by innovations in deep learning
architectures specifically designed to address limited contrast, small vessel caliber, and complex
branching morphology. While enhanced U-Net–based models remain widely used as strong baselines,
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current research increasingly favors approaches that incorporate structural priors, multi-scale contextual
modeling, and noise-robust learning strategies (61). Diffusion-based segmentation frameworks represent
one of the most recent developments, leveraging probabilistic denoising and spatial attention
mechanisms to improve boundary preservation and continuity in low signal-to-noise environments (62,

63). In parallel, anatomy-guided models that embed prior knowledge of coronary topology or myocardial
spatial relationships have demonstrated improved robustness and reduced false-positive segmentation
by constraining predictions within physiologically plausible regions (64). Geometry-aware and vectorized
representations of vascular trees have also emerged as a promising direction, enabling more faithful
reconstruction of continuous vessel pathways and improving downstream quantitative analysis (65).
Additionally, frequency-domain feature learning and advanced attention mechanisms are increasingly
used to enhance detection of fine vessel edges and small distal branches [3]. Collectively, these
approaches reflect a broader shift from purely voxel-based segmentation toward structure-aware,
context-informed, and noise-resilient modeling strategies, which appear particularly well suited for
delineating small, low-contrast coronary anatomy in contemporary cardiac CT imaging.

Despite encouraging technical performance of AI approaches, methodological quality remains a major
barrier to clinical translation. Most predictive studies included in this review were judged high risk-of-
bias, particularly in the analysis domain, due to inadequate validation, small sample sizes, and
incomplete performance reporting. Imaging studies similarly showed high risk-of-bias related to patient
selection, blinding, and reference standard interpretation. In the context of clinical oncology, where
decisions may influence life-long cardiac monitoring or modification of cancer therapy, such studies
limitations are particularly critical and consequential. Moreover, limited adherence to AI-specific
reporting standards either in TRIPOD-AI or CLAIM, revealed gaps in transparency, reproducibility, and
ethical considerations. Cardio-oncology populations often include older adults with comorbidity, yet few
models addressed class imbalance, demographic diversity, or health equity, raising concerns about
generalizability.

Clinically, the field appears to be transitioning from proof-of-concept innovation to early translational
exploration but has not yet reached implementation readiness. Only a minority of studies included
external validation or workflow-integrated testing, and very few linked AI outputs to clinical decision
pathways. For AI to meaningfully influence cardio-oncology practice, future work must move beyond
retrospective modeling toward prospective validation, multi-institutional datasets, standardized CVT
definitions, and integration with cardiology surveillance frameworks.

Future directions

Importantly, future collaboration between radiation oncologists, cardiologists, radiologists, imaging
scientists, and data scientists will be essential to ensure that AI tools address clinically relevant
endpoints and fit within survivorship care models. In addition, future research should prioritize model
calibration, clinical utility analyses, and decision-curve evaluation to determine whether AI predictions
translate into improved patient outcomes. Development of shared, high-quality annotated imaging
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datasets, particularly for coronary artery structures, will also be critical to advance precision cardiac
dose modeling. Finally, embedding AI tools into prospective clinical trials and survivorship programs will
be necessary to establish real-world effectiveness and safety before routine clinical adoption.

Limitations

This review has several limitations. First, heterogeneity existed across included studies in cancer types,
cardiovascular endpoints, AI architectures, and performance metrics, which precluded quantitative meta-
analysis. Second, many studies lacked complete methodological reporting, making risk-of-bias
assessment dependent on available descriptions and potentially underestimating weaknesses. Third, the
rapidly evolving nature of AI research means that some emerging tools or preprints may not have been
captured within the search timeframe. Finally, reported performance metrics may overestimate real-
world effectiveness because most studies relied on internal validation and retrospective datasets, which
are prone to overfitting and spectrum bias.

Conclusion
Artificial intelligence applications in radiation-associated cardio-oncology are expanding rapidly and
show promising ability to enhance cardiac risk prediction and imaging-based radiation dose
optimization. However, current evidence is limited by methodological weaknesses, heterogeneity,
insufficient validation, and incomplete reporting. Strengthening study design, transparency, and clinical
integration will be critical for transforming AI from a research tool into a reliable component of
personalized cardiovascular care for cancer survivors.
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Figures

Figure 1

Illustration demonstrates post-radiation cardiovascular toxicity (CVT) and the artificial intelligence (AI)
applications in the field of CVT after radiation therapy (RT).

Page 26/32



Figure 2

PRISMA flow diagram for systematic review of artificial intelligence in cardiovascular toxicity after
radiation therapy.
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Figure 3

Publication characteristics of included articles. a. Publications trend for AI models applied in
cardiovascular toxicity prediction or CV imaging analysis in patients with cancers who received RT. b.
Frequency of the types of cancers studied in included articles. c. Types and numbers of studies across
the included articles of this review. d. Types of AI or ML models and the number of studies investigated
each model.
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Figure 4

Characteristics, Quality and Risk-of bias analysis of included studies group applied AI in cardiovascular
toxicity prediction and risk stratification in populations receiving RT. a.Median ROC-AUC and the Inter-
Quantile Range (IQR) of AI models across the included predictive AI modeling studies. b. Frequency of
adherence of studies applied predictive AI or ML models for cardiovascular toxicity prediction and risk
stratification in populations receiving RT, to the AI specific Transparent Reporting of a multivariable
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prediction Model for Individual Prognosis or Diagnosis (TRIPOD+AI) guidelines. c. Frequency of risk-of
bias assessment of included studies applied predictive AI or ML models for cardiovascular toxicity
prediction and risk stratification in populations receiving RT, using the Prediction Model Risk of Bias
Assessment Tool (PROBAST).

Figure 5

Frequency of adherence of studies applied AI or ML for cardiovascular imaging analysis for patients with
cancer receiving RT, to the updated Checklist for Artificial Intelligence in Medical Imaging (CLAIM).
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Figure 6

Frequency of Quality Assessment of Diagnostic Accuracy Studies (QUADAS-2) tool across eleven
questions covering the four domains: patient selection, index test, reference standard, and flow and
timing, across the 34 included AI-based cardiovascular imaging studies a. Frequency of
answers/assessment of the three questions of the first domain; Patient Selection. b. Frequency of
answers/assessment of the two questions of the second domain; Index Text. c.Frequency of
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answers/assessment of the two questions of the third domain; Reference Standard. d. Frequency of
answers/assessment of the four questions of the fourth domain; Flow and Timing. e. Frequency of
overall risk-of-bias of the four domains of QUADAS-2 assessment tool.
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