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Background: Colorectal cancer (CRC) is a leading cause of cancer-related mortality worldwide, with marked heterogeneity in 
patient survival. Conventional clinicopathologic staging provides limited individualized prognostic information. Artificial intelligence 
(AI) and machine learning methods have enabled survival-aware modeling approaches that integrate complex clinical, imaging, 
and molecular data to improve time-to-event survival prediction. This systematic review aimed to synthesize current evidence on 
AI-based models for survival prediction in CRC.
Methods: A systematic search of PubMed, Scopus, Web of Science Core Collection, IEEE Xplore, and Google Scholar was 
conducted in accordance with the PRISMA 2020 guidelines. Studies were included if they applied AI methods to model time-to- 
event survival outcomes in CRC. Records were independently screened, data were extracted, and risk of bias and applicability 
were assessed using the PROBAST + AI tool.
Results: Eight retrospective cohort studies published between 2021 and 2025, encompassing 11 811 patients, met the inclusion 
criteria. The included studies evaluated diverse data modalities, including clinical variables, radiomics, histopathology, transcrip
tomics, and genomics. Model performance was moderate to high, with concordance index values ranging from approximately 
0.70 to 0.85. All studies demonstrated effective risk stratification of patients into distinct survival groups. Models incorporating 
high-dimensional imaging or molecular data generally outperformed those based on clinical variables alone. The overall risk of bias 
was low to unclear, with no study rated as high risk.
Conclusion: AI-based time-to-event survival models demonstrate potential prognostic value for prognostic stratification in CRC. 
Further prospective studies, standardized reporting, and external validation are required to support clinical translation.
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Background

Colorectal cancer (CRC) is one of the most common malignan
cies worldwide and remains a leading cause of cancer-related 
mortality[1]. Globally, CRC accounts for approximately 

1.9 million new cases each year and ranks among the top causes 
of cancer death[2]. Despite advances in screening, surgical tech
niques, systemic therapies, and targeted treatments, survival 
outcomes remain heterogeneous, particularly in patients with 
advanced disease[3]. Up to half of patients develop metastatic 
CRC during the disease course, with reported 5-year survival 
rates ranging from 15 to 40%[4]. Even among patients with non- 
metastatic disease who undergo curative resection, recurrence, 
and cancer-related mortality remain substantial[4].

Prognostic assessment in CRC has traditionally relied on 
clinicopathologic factors such as tumor size, histologic grade, 
and the American Joint Committee on Cancer tumor, node, 
and metastasis staging system[5]. Although widely used, these 
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approaches provide population-level risk estimates and often 
fail to capture interpatient variability in tumor biology, spatial 
heterogeneity, and treatment response[6]. Patients within the 
same stage frequently experience markedly different survival 
outcomes, underscoring the limitations of conventional staging 
systems and the need for more individualized prognostic 
tools[7].

Advances in high-throughput technologies, including next- 
generation sequencing, transcriptomics, and medical imaging, 
have enabled comprehensive characterization of tumor genomic, 
molecular, and phenotypic features[8]. Gene expression signa
tures, radiomic features, and histopathologic patterns have been 
shown to reflect underlying tumor aggressiveness and the tumor 
microenvironment[9]. These data-rich modalities provide an 
opportunity to move beyond single-factor predictors toward 
integrative models that better represent disease complexity and 
biological heterogeneity[9].

Artificial intelligence (AI) and machine learning methods are 
increasingly applied in oncology to analyze high-dimensional 
data and model complex, nonlinear relationships between pre
dictors and clinical outcomes[10]. More broadly, recent advances 
in AI have substantially transformed biomedical research and 
medical diagnostics. For example, deep learning models such as 
AlphaFold have enabled highly accurate prediction of protein 
three-dimensional structures, accelerating discoveries in struc
tural biology and drug development[11]. In parallel, large lan
guage models have demonstrated growing capabilities in 
biomedical knowledge synthesis, clinical decision support, and 
medical text analysis[12].

These advances illustrate the expanding role of AI across 
biomedical disciplines and highlight its potential to enhance 
predictive modeling and precision medicine. In the context of 
survival analysis, machine learning approaches offer advantages 
over traditional Cox proportional hazards models by accommo
dating nonlinearity, interactions, and time-dependent effects 
without strict parametric assumptions[13]. Survival-specific 
machine learning models have demonstrated encouraging per
formance in predicting overall survival, cancer-specific survival, 
and recurrence-free survival across multiple cancer types, includ
ing CRC[14]. However, the rapid growth of this field has resulted 
in substantial methodological heterogeneity, variable reporting 
quality, and uncertainty regarding model validity, interpretabil
ity, and clinical applicability[14].

Given these challenges, a systematic synthesis of current evi
dence is needed to evaluate how AI-based survival models have 
been developed, validated, and applied in CRC. This review 
aims to summarize study characteristics, modeling approaches, 
performance, and risk of bias to inform future research and 
guide the responsible integration of AI into prognostic assess
ment for CRC.

Methods

Study design

This study was conducted as a systematic review in accordance 
with the Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) 2020 guidelines[15]. This review was 
not registered in the PROSPERO database. However, a prede
fined review protocol specifying the research question, eligibility 
criteria, search strategy, screening process, and data extraction 

approach was developed by the authors prior to study initiation. 
Although prospective registration can enhance transparency and 
reduce the risk of reporting bias, the review was conducted in 
accordance with established methodological standards and 
PRISMA reporting recommendations.

The review question and study design were structured 
according to the Population, Intervention, Comparator, and 
Outcome (PICO) framework. The population comprised 
human patients diagnosed with CRC. The intervention of inter
est was the development or evaluation of AI or machine learn
ing–based models for survival prediction. Comparators 
included traditional statistical survival models, such as Cox 
proportional hazards regression, or alternative AI approaches 
when available. The outcomes of interest were time-to-event 
survival endpoints, including overall survival, cancer-specific 
survival, disease-specific survival, and recurrence-free survival. 
This framework was used to guide the search strategy, eligibil
ity criteria, and data synthesis.

Search strategy

A comprehensive and systematic literature search was conducted 
to identify relevant studies from database inception to 
30 December 2025, which served as the final search date. Five 
electronic databases were searched, including PubMed 
(MEDLINE), Scopus, Web of Science Core Collection, IEEE 
Xplore, and Google Scholar, to identify eligible studies. The 
search strategy was designed to capture studies investigating 
the use of AI or machine learning techniques for time-to-event 
survival prediction in CRC.

Controlled vocabulary terms and free-text keywords related 
to CRC, AI or machine learning, and survival or time-to-event 
outcomes were combined using Boolean operators. The search 
strategy was adapted for each database to optimize sensitivity 
and specificity. No restrictions on publication year or language 
were applied during the search phase. In addition to the elec
tronic database search, the reference lists of included studies 
were manually screened to identify potentially relevant articles 
that may not have been captured in the initial search. The 
complete search strings for all databases are provided in 
Supplemental Digital Content File 1, available at: http://links. 

HIGHLIGHTS 

● This systematic review summarizes artificial intelligence– 
based time-to-event survival models in colorectal cancer 
published between 2021 and 2025.

● Eight retrospective studies involving 11 811 patients 
demonstrated moderate-to-high prognostic performance 
using survival-aware machine learning methods.

● Models integrating radiomics, histopathology, transcrip
tomics, or genomics generally outperformed those based 
solely on clinical variables.

● Explainable AI approaches enhance model transparency 
and the identification of key prognostic features.

● Despite promising results, limited external validation and 
heterogeneous methodologies highlight the need for pro
spective studies and standardized reporting.
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lww.com/MS9/B224 in accordance with PRISMA-S reporting 
recommendations.

Eligibility criteria

Studies were included if they met the following criteria: (1) 
involved human patients with colorectal, colon, or rectal cancer; 
(2) developed or evaluated AI or machine learning–based pre
diction models; (3) reported time-to-event survival outcomes, 
such as overall survival, disease-specific survival, cancer-specific 
survival, or recurrence-free survival; and (4) applied survival 
analysis methods that appropriately accounted for censoring. 
Studies were excluded if they: (1) modeled survival as a binary 
classification outcome without time-to-event analysis; (2) relied 
solely on traditional statistical methods without machine learn
ing or AI components; (3) were reviews, editorials, conference 
abstracts, or non-original research; or (4) did not report suffi
cient methodological details to assess model development or 
performance.

Study selection and screening

All identified records were imported into Rayyan, a web-based 
platform for systematic review screening[16]. Duplicate records 
were automatically identified and removed. Title and abstract 
screening was conducted independently by eight reviewers, 
working in pairs, according to the predefined eligibility criteria. 
Inter-rater agreement between reviewer pairs was assessed using 
Cohen’s kappa statistic and demonstrated substantial agreement 
(κ > 0.75)[17]. Discrepancies were resolved through discussion 
and consensus. Full-text screening was subsequently performed 
independently by the same reviewers to confirm eligibility. 
Reference management and full-text organization were con
ducted using EndNote.

Quality and risk of bias assessment

Risk of bias and applicability of the included studies were 
assessed using the Prediction Model Risk of Bias Assessment 
Tool with AI extensions (PROBAST + AI)[18]. PROBAST + AI 
is an updated version of the original PROBAST tool, developed 
to address advances in prediction modeling methodology and 
the increasing use of AI and machine learning techniques[18]. The 
tool evaluates both model development and model evaluation 
through structured signaling questions across four domains: 
participants and data sources, predictors, outcome, and analysis. 
Applicability was assessed for the participants and data sources, 
predictors, and outcome domains in relation to the review ques
tion. Each domain was judged as having low, high, or unclear 
risk of bias, and the overall risk of bias for each study was 
determined by the highest risk rating across domains. Two 
reviewers independently performed the assessment, with dis
agreements resolved through discussion and consensus.

Data extraction and synthesis

Data were extracted independently by four reviewers working in 
pairs, using a standardized data extraction form. Extracted vari
ables included study characteristics (author, year, country, and 
study design), patient population, sample size, data modality, AI 
or machine learning models, survival outcomes, validation stra
tegies, and model performance metrics. Given the substantial 
heterogeneity across studies with respect to model architectures, 

predictor types, survival outcomes, performance measures, and 
validation approaches, quantitative meta-analysis was not fea
sible. Findings were therefore synthesized narratively and sum
marized in descriptive tables to facilitate structured comparison 
of study characteristics, methodological approaches, and key 
results.

Results

Study selection

The database search identified a total of 1990 records, including 
680 from PubMed, 801 from Scopus, 441 from the Web of 
Science Core Collection, 18 from IEEE Xplore, and 50 from 
Google Scholar. After the removal of 780 duplicate records, 
1210 records were screened based on titles and abstracts. Of 
these, 1196 records were excluded because they did not address 
CRC, did not use AI or machine learning methods, did not 
report survival or time-to-event outcomes, modeled survival as 
a binary classification outcome, or represented non-original 
publications. Fourteen full-text articles were retrieved and 
assessed for eligibility. Eight studies met the inclusion criteria 
and were included in the final qualitative synthesis. The study 
selection process is summarized in the PRISMA flow diagram 
(Fig. 1).

Study characteristics

The main characteristics of the included studies are summarized 
in Table 1. The eight studies were published between 2021 and 
2025 and comprised a total of 11 811 patients with CRC. Most 
studies were conducted in China (n = 5), followed by the United 
States (n = 2) and Austria (n = 1). All included studies employed 
retrospective cohort designs, with one study using a multicenter 
cohort and one employing a computational cohort based on 
publicly available datasets.

The included patient populations covered a broad spectrum 
of disease stages, including stage II to III colorectal cancer, stage 
IV metastatic disease, T1 colorectal cancer, rectal cancer, and 
mixed-stage cohorts. Sample sizes ranged from 206 to 5629 
patients. Data modalities varied substantially across studies 
and included structured clinical variables, radiomics derived 
from magnetic resonance imaging and computed tomography, 
whole-slide histopathology images, transcriptomic data, single- 
cell RNA sequencing data, microRNA targeting information, 
and genomic alterations derived from next-generation 
sequencing.

A wide range of AI and machine learning models were used, 
including random survival forests, gradient boosting methods, 
deep learning architectures, XGBoost survival models, and Cox- 
based nomograms enhanced with machine learning feature 
selection. Survival outcomes assessed included overall survival, 
cancer-specific survival, disease-specific survival, and recur
rence-free survival. Validation strategies varied across studies 
and included internal cross-validation, train and validation 
splits, and external validation using independent cohorts.

Model performance and key findings

Model performance and key findings are summarized in Table 2. 
All included studies reported discrimination metrics appropriate 
for time-to-event survival analysis, most commonly the 
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concordance index and time-dependent area under the curve 
(AUC). Several studies additionally reported calibration mea
sures, integrated Brier scores, and decision curve analyses.

Reported model performance varied across studies. 
Concordance index values ranged from approximately 0.70 to 
0.85. Studies incorporating high-dimensional data, such as 
radiomics, transcriptomics, genomics, or histopathology, gener
ally demonstrated higher predictive performance compared with 
models based solely on clinical variables. Time-dependent AUC 
values exceeded 0.80 in several studies, particularly those 
employing radiomics or gene expression signatures.

All studies demonstrated the ability to stratify patients into 
distinct risk groups with statistically significant differences in 
survival outcomes using Kaplan–Meier analysis. Several stu
dies employed explainable AI approaches, most commonly 
SHapley Additive exPlanations, to identify key predictors and 
enhance interpretability. Across studies, important prognostic 
features included tumor stage, lymph node involvement, radi
ologic texture features, histopathologic patterns, and molecu
lar signatures.

Risk of bias and applicability assessment

The risk of bias and applicability assessment using PROBAST + 
AI is presented in Table 3. Overall, the risk of bias was judged as 
low in three studies and unclear in five studies. No study was 
judged to be at high risk of bias. The most frequent source of 
uncertainty related to the analysis domain, primarily due to lim
ited reporting on hyperparameter tuning, handling of missing 
data, or reliance on internal validation without external valida
tion. All studies were judged to have low concerns regarding 
applicability in relation to the review question, as the included 
populations, predictors, outcomes, and modeling approaches 
were appropriate for artificial intelligence–based time-to-event 
survival prediction in colorectal cancer.

Discussion

This systematic review provides a comprehensive synthesis 
of contemporary evidence on AI-based models for time-to- 
event survival prediction in CRC. Eight studies published 

Figure 1. PRISMA 2020 flow diagram illustrating the study selection process.
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between 2021 and 2025 were identified, encompassing diverse 
patient populations, data modalities, and modeling strategies. 
Collectively, the findings demonstrate that AI and machine 
learning approaches can meaningfully improve prognostic stra
tification in CRC, particularly when high-dimensional data 
sources are integrated with traditional clinical variables.

A key finding of this review is the consistent improvement in 
predictive performance observed in models incorporating com
plex data modalities such as radiomics, transcriptomics, geno
mics, and histopathology. Across studies, concordance index 
values generally ranged from 0.70 to 0.85, with several models 
achieving time-dependent AUC values exceeding 0.80[20,21]. 
These results suggest that AI models are capable of capturing 
nonlinear relationships and complex interactions that are not 
adequately modeled by conventional statistical approaches 
alone[27]. In particular, studies using deep learning on whole- 
slide histopathology images, radiomics features extracted from 
computed tomography or magnetic resonance imaging, and gene 
expression signatures demonstrated robust survival discrimina
tion and clinically meaningful risk stratification[24,26].

The ability of these models to stratify patients into distinct 
risk groups with significantly different survival outcomes is 
of particular clinical relevance. All included studies reported 
statistically significant separation of survival curves using 
Kaplan–Meier analysis, indicating potential utility for identi
fying high-risk patients who may benefit from intensified 
surveillance or adjuvant therapy. Notably, several studies 
demonstrated superior prognostic performance compared 
with established staging systems, including the American 
Joint Committee on Cancer tumor, node, and metastasis 
classification[24]. This finding aligns with growing evidence 
that categorical staging systems provide limited individua
lized prognostic information and fail to fully capture tumor 
biological heterogeneity[28,29].

Another important observation is the increasing emphasis on 
explainability and model transparency. More than half of the 
included studies employed interpretability techniques such as 
SHapley Additive exPlanations, feature importance analysis, or 
biologically informed pathway enrichment[22,23]. These 
approaches enabled the identification of clinically and biologi
cally meaningful predictors, including tumor stage, lymph node 
involvement, radiologic texture features, histopathologic pat
terns, and molecular signatures. The integration of explainabil
ity methods is essential for promoting clinician trust, facilitating 
clinical translation, and addressing concerns related to the 
“black box” nature of AI models[30,31].

From a methodological perspective, this review highlights 
both the strengths and limitations of current evidence. Most 
studies used appropriate survival-specific machine learning 
methods that accounted for censoring and time-to-event out
comes, addressing a common limitation in earlier AI studies 
that modeled survival as a binary classification problem[32]. In 
addition, the use of performance metrics such as the concor
dance index, time-dependent AUC, integrated Brier score, and 
decision curve analysis reflects increasing methodological 
rigor[32]. However, substantial methodological heterogeneity 
across model types, predictor sets, outcomes, and validation 
strategies precluded quantitative meta-analysis.

The risk of bias assessment using PROBAST + AI indicated 
that no included study was judged to be at high risk of bias, 
which is reassuring. However, several studies were rated as T
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having an unclear risk of bias in the analysis domain. This 
uncertainty was primarily related to incomplete reporting of 
key methodological details, including hyperparameter tuning 
procedures, handling of missing data, and model validation 
strategies. Limited reporting of these aspects may hinder repro
ducibility and obscure potential methodological weaknesses. In 
addition, many studies relied primarily on internal validation 
approaches, such as cross-validation or training–validation 
splits, without independent external validation. While internal 
validation is useful during model development, it may produce 
optimistic estimates of predictive performance if models capture 
dataset-specific patterns rather than generalizable prognostic 
signals. Only a minority of studies performed external validation 
using independent cohorts, which remains essential for assessing 
the generalizability and real-world applicability of AI-based 
prediction models[19,25]. Future studies should also adhere to 
emerging reporting guidelines, such as TRIPOD-AI, to improve 
transparency, reproducibility, and methodological rigor in AI- 
based prediction model research[33].

Several limitations of the current evidence base should be con
sidered. All included studies employed retrospective designs, which 

are susceptible to selection bias and unmeasured confounding[34]. 
In addition, most studies relied on single-center or region-specific 
datasets, with a notable geographic concentration in China and the 
United States. Differences in population demographics, genetic 
backgrounds, healthcare systems, screening practices, and treat
ment protocols across regions may influence model performance 
and limit the generalizability of findings to other populations. 
Broader geographic representation and multinational valida
tion efforts will therefore be important for ensuring the robust
ness and global applicability of AI-based survival prediction 
models in CRC. Further limitations include variability in data 
quality, preprocessing pipelines, feature extraction methods, 
and feature selection strategies across studies, all of which 
may affect model performance and reproducibility. The 
absence of standardized benchmarks, shared datasets, and con
sistent reporting frameworks further complicates cross-study 
comparison and external validation.

Despite these limitations, the findings of this review highlight 
the potential of AI to advance prognostic assessment in CRC. By 
integrating multidimensional data sources and leveraging survi
val-specific modeling techniques, AI models offer opportunities 

Table 2 
Performance and key findings of artificial intelligence models for survival prediction in colorectal cancer.

Study Performance metrics Best model performance Risk stratification Explainability Key findings

Wulczyn et al., 
2021[19]

5-year AUC, Cox HR, 
Kaplan–Meier 
analysis

5-year AUC 0.69–0.70 in external 
cohorts; HR ≈ 1.4–1.6

Clear separation of disease-specific 
survival across risk groups

Interpretable histologic 
feature clustering

Deep learning on routine 
histopathology provided 
independent and externally 
validated survival prediction in 
stage II–III CRC

Chuanji et al., 
2022[20]

C-index, AUC, 
calibration, DCA

C-index 0.872 (training), 0.944 
(validation)

Significant overall survival separation 
between high- and low-risk groups

Radiomics feature 
weights and 
nomogram

MRI-based radiomics combined 
with clinical factors improved 
postoperative survival 
prediction in rectal cancer

Willems et al., 
2023[21]

C-index, Kaplan–Meier 
analysis

Mean C-index ≈ 0.75 
(COAD), ≈ 0.84 (READ)

Significant overall survival 
stratification

Gene weights and 
pathway enrichment

AI-assisted integration of single- 
cell transcriptomics and miRNA 
targeting enhanced CRC 
survival prediction

Yang et al., 
2023[22]

Time-dependent 
C-index, IBS, 
calibration, DCA

DeepHit C-index 0.789; RSF IBS 
0.096

Clinically meaningful CRC-specific 
survival stratification

SHAP Time-to-event ML models 
outperformed traditional Cox 
regression and provided 
transparent CRC-specific 
survival prediction

Altaf et al., 
2025[23]

C-index, time-dependent 
AUC, KM analysis

C-index 0.701; AUC 0.742–0.793 
(12–36 months)

Significant overall survival separation 
using a 20-gene signature

SHAP Genomic ML models accurately 
stratified survival risk in 
metastatic colorectal cancer

Hong et al., 
2025[24]

C-index, time-dependent 
AUC, calibration, DCA

C-index 0.803 (training), 0.772 
(validation); 5-year AUC up to 
0.86

Improved cancer-specific survival 
stratification vs AJCC staging

Radiomics signature 
and nomogram

CT-based AutoML radiomics 
nomogram outperformed 
clinicopathologic models in 
non-metastatic CRC

Jun Li et al., 
2025[25]

Time-dependent AUC, 
C-index, Cox HR

AUC 0.910–0.935 at 1–5 years Robust overall survival stratification in 
training and external cohorts

Feature importance 
and biological 
validation

Random survival forest-based 
gene signature enabled 
accurate and externally 
validated CRC survival 
prediction

Zhihong Li 
et al., 
2025[26]

C-index, IBS, time- 
dependent AUC

RSF C-index 0.848; AUC 0.918 Clear recurrence-free survival 
separation

SHAP Survival ML models effectively 
predicted postoperative 
recurrence in T1 colorectal 
cancer

AJCC, American Joint Committee on Cancer; AUC, area under the curve; COAD, colon adenocarcinoma; CRC, colorectal cancer; DCA, decision curve analysis; HR, hazard ratio; IBS, integrated Brier score; 
READ, rectal adenocarcinoma; RSF, random survival forest; SHAP, SHapley Additive exPlanations.
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for more refined and individualized risk prediction than is cur
rently achievable using traditional clinicopathologic factors 
alone. With improved methodological transparency, external 
validation across diverse populations, and prospective evalua
tion in clinical settings, these models may contribute to more 
personalized treatment planning, optimized surveillance strate
gies, and improved patient counseling.

Future research should focus on prospective validation, multi
center collaboration, and integration of AI models into clinical 
workflows[34]. Emphasis should also be placed on evaluating 
clinical utility, cost-effectiveness, and impact on patient out
comes. Importantly, transparent reporting, explainability, and 
ethical considerations must remain central as AI continues to 
evolve in oncology[35].

Conclusion

This systematic review synthesizes current evidence on the use of 
AI and machine learning models for time-to-event survival pre
diction in CRC. Overall, the included studies demonstrate that 
AI-based approaches can achieve moderate to high predictive 
performance and effectively stratify patients into clinically mean
ingful risk groups. Models integrating high-dimensional data 
sources such as radiomics, transcriptomics, genomics, and histo
pathology generally outperformed approaches relying solely on 
conventional clinical variables, highlighting the potential value of 
multidimensional data in prognostic modeling. Across studies, the 
increasing adoption of survival-specific machine learning meth
ods that appropriately account for censoring and time depen
dency reflects methodological progress in this field. The use of 
explainable AI techniques further enhanced model interpretability 
by identifying clinically relevant prognostic factors and support
ing transparent decision-making. However, several limitations 
remain. Most studies were retrospective and relied primarily on 
internal validation, which may lead to optimistic estimates of 
model performance. External validation was performed in only 
a minority of studies, and the geographic concentration of data
sets in China and the United States may limit generalizability to 
more diverse populations. Future research should therefore prior
itize prospective study designs, rigorous external validation, stan
dardized reporting, and evaluation across diverse populations to 
support reliable clinical translation.
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Table 3 
Risk of bias and applicability assessment of included studies using PROBAST + AI.

Study Participants & data sources Predictors Outcome Analysis Overall risk of bias Applicability concern

Wulczyn et al., 2021[19] Low Low Low Low Low Low
Chuanji et al., 2022[20] Low Low Low Unclear Unclear Low
Willems et al., 2023[21] Low Unclear Low Unclear Unclear Low
Yang et al., 2023[22] Low Low Low Low Low Low
Altaf et al., 2025[23] Low Low Low Unclear Unclear Low
Hong et al., 2025[24] Low Low Low Unclear Unclear Low
Jun Li et al., 2025[25] Low Low Low Low Low Low
Zhihong Li et al., 2025[26] Low Low Low Unclear Unclear Low

Risk of bias and applicability were assessed using the Prediction model Risk Of Bias Assessment Tool with artificial intelligence extensions (PROBAST + AI). Each domain was rated as low, high, or unclear risk 
of bias according to signaling questions. Overall risk of bias was determined by the highest risk rating across domains. Applicability concerns were judged in relation to the review question of artificial 
intelligence–based time-to-event survival prediction in colorectal cancer.
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