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Abstract

Background
Deep-learning computational pathology applied to routine haematoxylin and eosin whole-slide images
may provide prognostic information in colorectal cancer. This systematic review evaluated the
association between image-derived risk groups and survival.

Methods
PubMed and Web of Science Core Collection were searched from inception to 21 June 2026. Studies of
colorectal cancer reporting a high-versus-low-risk hazard ratio derived from haematoxylin and eosin
images were included. The most-adjusted estimate was selected, with preference for external validation.
Random-effects meta-analysis, subgroup and leave-one-out analyses were performed. The recovered
risk-of-bias panel reports Quality in Prognosis Studies domain judgements. The review was registered in
PROSPERO (CRD420261429467).

Results
Across 27 studies, the pooled hazard ratio was 2.49 (95% confidence interval 2.12–2.93), with
substantial heterogeneity (I² = 77%) and a 95% prediction interval of 1.25–4.97. Pooled estimates were
2.36 in externally validated studies (17 studies) and 2.74 in internally validated studies (10 studies); the
difference was not statistically significant. Leave-one-out estimates ranged from 2.35 to 2.57.

Conclusions
Image-derived risk scores were associated with survival in colorectal cancer. Heterogeneity, differences
in risk definitions and possible overlap between validation cohorts limit interpretation of a single pooled
estimate. Independent prospective validation and evaluation of clinical utility are needed before these
methods can guide treatment decisions.

Background
Prognostic assessment informs treatment and surveillance decisions in colorectal cancer (CRC). Deep-
learning (DL) computational pathology has been investigated as a means of obtaining additional
prognostic information from routinely prepared haematoxylin and eosin (H&E) tissue sections [1–4].

Published approaches quantify tumour–stroma composition, immune infiltration and tissue architecture
or learn image representations directly from whole-slide images. Their reported associations with
outcome have motivated evaluation across different cohorts and clinical settings [1–11].
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The expanding range of computational-pathology models creates a need to synthesise their reported
prognostic associations and examine differences in validation practice. We conducted a systematic
review with quantitative synthesis of hazard ratios (HRs) for high versus low image-derived risk in CRC.
The objectives were to estimate the pooled association with survival, explore heterogeneity by survival
endpoint and validation type, and assess risk of bias. A risk-group HR describes relative prognosis; it
does not, by itself, establish individual predictive accuracy or the benefit of treatment guided by that risk
score.

Methods

Protocol and registration
The review was registered in PROSPERO (CRD420261429467) and was prepared with reference to
PRISMA 2020 [12]. Reporting considerations for prediction models were informed by TRIPOD+AI [13].
The reporting checklist accompanies this manuscript.

Eligibility criteria
Using a PICOTS framework, we included studies of patients with CRC in which a DL or computational-
pathology risk score derived from H&E WSIs stratified patients by risk and reported a hazard ratio for
survival (OS, DSS, DFS, RFS or PFS). We excluded radiomics-only (CT/MRI) and molecular-only models,
multistain models for the primary analysis, and studies without an estimable high-versus-low HR (e.g.,
reporting only c-index, AUC or log-rank). No date or language restriction was applied.

Information sources and search
PubMed and Web of Science Core Collection were searched from inception to 21 June 2026, combining
CRC, DL/computational pathology and prognosis/survival concepts, with supplementary citation
searching. Embase and Cochrane CENTRAL were not accessible to the review team. The recovered
search strings for the two databases are provided in Additional file 1 (Section S1).

Study selection and data extraction
Records were screened against the eligibility criteria, and candidate reports were assessed in full text.
The study-level data comprised the most-adjusted HR and 95% CI, survival endpoint, validation setting
and model type. Where estimates were available for several cohorts, an external-validation estimate was
preferred. Comparisons were standardised as high versus low image-derived risk.

Risk of bias
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Risk of bias was assessed with QUIPS [14] and, for prediction-model studies, PROBAST [15], with
attention to patient-level train/test separation, external validation and pre-specification of the risk cut-off.

Statistical analysis
Log hazard ratios were pooled by random-effects meta-analysis using inverse-variance weighting [16]
and reported as pooled HR with 95% confidence and prediction intervals; heterogeneity was quantified
by τ² and I². Pre-specified subgroups (outcome, validation type) and leave-one-out diagnostics were
performed, and the external-versus-internal difference was tested on the log scale. Small-study effects
were assessed with Egger's test [17]. Analyses were performed in Python using a DerSimonian–Laird
random-effects implementation, with an R/metafor script for cross-checking [18].

Results

Study selection and characteristics
The two-database search returned 1,116 records (PubMed 473; Web of Science Core Collection 643);
after removing duplicates, 1,025 titles/abstracts were screened and candidate reports were assessed in
full text; 27 studies met the eligibility criteria for the primary analysis (Fig. 1 and Table 1). The most
frequent reason for exclusion at full text was the absence of an estimable high-versus-low hazard ratio
(studies reporting only a concordance index, AUC or log-rank statistic), followed by non-H&E or
multimodal inputs and overlapping cohorts. Studies were published between 2018 and 2026 and
originated from Europe, Asia, North America and Australia; outcomes included overall (OS), disease-
specific (DSS/CSS), disease-free (DFS), recurrence-free (RFS) and progression-free survival (PFS), and
seventeen studies provided externally validated estimates. Models ranged from convolutional neural
networks and attention-based multiple-instance learning to tumour–stroma-ratio and foundation-model
approaches.

Pooled prognostic effect
Across 27 studies, the pooled HR for high versus low DL-defined risk was 2.49 (95% CI 2.12–2.93), with
high heterogeneity (I² = 77%) and a 95% prediction interval of 1.25–4.97 (Fig. 2; Table 2).

Heterogeneity, subgroups and small-study effects
In pre-specified subgroups (Fig. 4; Table 2), the pooled effect was numerically lower under external
validation (HR 2.36, 95% CI 1.96–2.85; k = 17) than under internal/training validation (HR 2.74, 95% CI
2.02–3.72; k = 10), but this difference did not reach statistical significance (secondary test statistics
require reconciliation). Effects were similar across endpoints—OS 2.27 (k = 13), CSS/DSS 2.76 (k = 6)
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and DFS/RFS/PFS 2.68 (k = 8). Leave-one-out analysis confirmed robustness, with the pooled HR
remaining between 2.35 and 2.57. Egger's regression test showed no significant funnel asymmetry
(intercept 1.02; p value requires reconciliation; Fig. 3), although power to detect small-study effects
remained limited.

Risk of bias
Risk of bias was reported (QUIPS, with PROBAST for prediction-model studies; Fig. 5). Overall risk of bias
was low in 6 studies, moderate in 18 and high in 3. The statistical-analysis and study-participation
domains were rated moderate most frequently, driven by data-driven risk-cut-off optimisation, internal-
only validation and small event counts (e.g., very wide confidence intervals in two studies), while study-
attrition reporting was often incomplete; the prognostic-factor (DL score) and outcome-measurement
domains were generally low risk. Under PROBAST, prediction-model studies were more often rated high
risk in the analysis domain, reflecting optimism from cut-off selection and limited external validation.

Discussion
Across 27 studies, higher risk assigned by DL/computational-pathology methods was associated with
poorer survival (pooled HR 2.49, 95% CI 2.12–2.93). The included approaches ranged from automated
tumour–stroma quantification and gland morphology to multiple-instance learning and foundation
models. Most individual HRs were approximately 1.4–3.9, although two estimates exceeded 8. These
findings support an association between image-derived risk and outcome, while the diversity of models
and endpoints limits claims that their prognostic performance is equivalent.

Several studies evaluated stromal features or the tumour–stroma ratio. These interpretable measures
provide a plausible link between tissue morphology and outcome and may aid pathological interpretation
of model outputs. The present synthesis did not compare algorithms on a shared cohort or establish
which tissue features account for the pooled association. It therefore cannot demonstrate that stromal
information explains all DL predictions or exclude confounding by staining, scanning or cohort
characteristics.

The pooled HR was 2.36 in studies with external validation and 2.74 in studies with internal or training
validation. A non-significant between-group comparison does not establish equivalence or demonstrate
that internal optimism has been eliminated. Reuse of public cohorts, including TCGA, MCO and PLCO,
may also introduce dependence across study estimates. The wide prediction interval (1.25–4.97) further
indicates that the magnitude of association may vary considerably in a new setting.

Heterogeneity was substantial overall (I² = 77%). It was lower for cancer-/disease-specific survival (I² =
52%) and higher for recurrence/progression endpoints (I² = 87%). Differences in patient populations,
survival endpoints, adjustment variables, risk thresholds and validation designs may contribute to this
variation. The two largest HRs in Table 1 belong to different endpoint groups (RFS and DSS), illustrating
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the need to interpret extreme estimates within their endpoint-specific contexts. Leave-one-out estimates
remained between 2.35 and 2.57, but this stability does not resolve dependence between overlapping
cohorts or bias shared by multiple studies.

Requiring an estimable high-versus-low-risk HR also shapes the evidence included in this synthesis.
Studies reporting only discrimination measures could not contribute to the primary analysis. HRs,
discrimination, calibration and clinical net benefit answer different questions, and no single measure
establishes clinical usefulness. Reporting prespecified risk-group contrasts alongside discrimination and
calibration would improve interpretation and future synthesis; the risk threshold, adjustment covariates
and validation setting should be reported transparently.

For diagnostic pathology, the potential value lies in extracting reproducible prognostic information from
routinely acquired tissue images. Implementation nevertheless requires slide digitisation, computational
infrastructure, quality control and external validation; this review does not establish cost-effectiveness.
Prospective studies should determine whether a model adds useful information to conventional
clinicopathological assessment and whether decisions guided by the model improve outcomes.
Retrospective prognostic associations alone cannot identify patients who benefit from treatment
intensification.

The review has several limitations. Only two bibliographic databases were searched, so relevant studies
indexed elsewhere may have been missed. Differences in endpoints and risk thresholds complicate the
interpretation of a single pooled HR. Shared public cohorts may violate the independence assumed by
conventional pooling methods. The recovered reporting materials do not include a formal certainty-of-
evidence assessment. Prognostic association should therefore be distinguished from individual
prediction, clinical utility and treatment benefit.

Conclusions
DL and computational-pathology risk scores derived from H&E images were associated with survival in
CRC across the included studies. The pooled estimate should be interpreted in the context of substantial
heterogeneity, variable validation practices and possible cohort overlap. Standardised reporting,
independent prospective validation and evaluation of incremental clinical utility are needed before
adoption in routine pathological risk assessment.

Abbreviations
AI, artificial intelligence; AUC, area under the receiver operating characteristic curve; CI, confidence
interval; CNN, convolutional neural network; CRC, colorectal cancer; CSS, cancer-specific survival; DFS,
disease-free survival; DL, deep learning; DSS, disease-specific survival; H&E, haematoxylin and eosin; HR,
hazard ratio; OS, overall survival; PFS, progression-free survival; PRISMA, Preferred Reporting Items for
Systematic Reviews and Meta-Analyses; PROBAST, Prediction model Risk Of Bias ASsessment Tool;
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QUIPS, Quality In Prognosis Studies; RFS, recurrence-free survival; TSR, tumour–stroma ratio; WSI, whole-
slide image.
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Tables
Table 1. Characteristics of the 27 included studies. HR, hazard ratio; CI, confidence interval; Ext, external
validation; Int, internal validation. Survival endpoint abbreviations are defined in the text.
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Study
(author,
year)

Journal DL approach Valid. Endpoint HR (95%
CI)

Skrede,
2020 [1]

Lancet DoMore-v1 (CNN) Ext CSS 3.04
(2.07–
4.47)

Kather,
2019 [2]

PLoS Med deep stroma score Ext OS 1.63
(1.14–
2.33)

Zhao K,
2020 [3]

eBioMedicine AI tumour-stroma ratio Ext OS 2.08
(1.26–
3.42)

Bychkov,
2018 [4]

Sci Rep CNN–RNN tiles Int DSS 1.89
(1.41–
2.53)

Jiang W,
2024 [5]

JAMA Surg pathomics signature
(stage III)

Int OS 2.78
(2.34–
3.31)

Wei B,
2024 [19]

J Pathol Clin Res CRCRS Ext OS 2.36
(1.47–
3.79)

Lou,
2025 [20]

Front Immunol pathomics signature Ext OS 3.26
(2.36–
4.51)

Millward,
2025 [21]

J Transl Med TIL density (DL) Ext OS 1.37
(1.13–
1.66)

Loeffler,
2025 [22]

Nat Commun HIBRID (DL) Ext DFS 2.31
(1.86–
2.86)

Li X,
2022 [23]

J Cancer Res Clin
Oncol

CRCNet Ext OS 2.76
(1.17–
6.50)

Jiang X,
2024 [24]

Lancet Digit Health end-to-end DL Ext DSS 3.08
(2.44–
3.89)

Zhao Z,
2026 [25]

PLoS Med SurvFinder (multiview) Int RFS 8.23
(5.43–
12.47)

Sajjad,
2026 [6]

Cancers PRISM Int OS 3.21
(2.18–
4.72)
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Study
(author,
year)

Journal DL approach Valid. Endpoint HR (95%
CI)

Xiao H,
2024 [7]

Br J Cancer DL-RRS Ext RFS 3.89
(2.51–
6.03)

Zhao K,
2021 [8]

Precis Clin Med mucus-tumour ratio Ext OS 1.96
(1.12–
3.42)

Geessink,
2019 [9]

Cell Oncol automated TSR Int DSS 2.48
(1.29–
4.78)

Zhou X,
2024 [10]

Eur J Surg Oncol tumour risk signature Ext PFS 3.63
(1.13–
11.66)

Jakab,
2022 [11]

Hum Pathol automated TSR Int OS 2.00
(1.15–
3.51)

Ji M,
2020 [26]

J Transl Med gland morphology
(computational)

Int DSS 9.65
(2.15–
43.12)

Ye H,
2026 [27]

J Transl Med AI tumour-stroma ratio Ext OS 2.27
(1.57–
3.28)

Jiao Y,
2021 [28]

Comput Methods
Programs Biomed

DL tumour-
microenvironment

Int PFS 1.67
(1.11–
2.50)

Öztürk,
2025 [29]

Mod Pathol DL tumour budding Ext OS 3.50
(1.10–
10.80)

Carvalho,
2025 [30]

Virchows Arch AI tumour-stroma ratio Int OS 2.30
(1.10–
5.10)

Heilijgers,
2025 [31]

ESMO Open automated TSR
(UNITED)

Ext DFS 1.45
(1.07–
1.95)

Wu,
2024 [32]

Clin Cancer Res QuantCRC (digital
pathology)

Ext RFS 2.35
(1.15–
4.82)

Sinicrope,
2024 [33]

Cancer Res Commun DL tumour-
microenvironment
(TSR)

Int RFS 2.02
(1.14–
3.57)
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Study
(author,
year)

Journal DL approach Valid. Endpoint HR (95%
CI)

Jiang,
2025 [34]

J Clin Oncol pan-cancer foundation
model (DL)

Ext DSS 3.15
(1.91–
5.21)

Study labels reproduce the original extraction. The label “Jiang, 2025” appears to correspond to Wang et
al. [34] and requires source-level confirmation; “Heilijgers, 2025” refers to the article published in ESMO
Open volume 11 (2026) [31]. These labels are retained here to allow comparison with the original figures.

Table 2. Pooled hazard ratios, overall and by subgroup.

Analysis k Pooled HR (95% CI) I² (%)

Overall 27 2.49 (2.12–2.93) 77

Overall survival (OS) 13 2.27 (1.84–2.80) 73

Cancer-/disease-specific (CSS/DSS) 6 2.76 (2.14–3.55) 52

DFS / RFS / PFS 8 2.68 (1.77–4.04) 87

External validation 17 2.36 (1.96–2.85) 74

Internal / training 10 2.74 (2.02–3.72) 80
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Figure 1

Study selection flow diagram. The original flow diagram is retained in this author-review draft. Full-text
exclusion reasons and counts remain approximate and require reconciliation against the final screening
log.

Page 14/17



Figure 2

Forest plot of hazard ratios for high versus low DL-defined risk (k = 27; pooled HR 2.49, 95% CI 2.12–2.93; I²
= 77%).
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Figure 3

Funnel plot of study-level hazard ratios and their standard errors. The horizontal axis displays HRs on a
logarithmic scale.

Figure 4

Pooled hazard ratios by validation setting and survival endpoint. The external-versus-internal hypothesis
test requires reconciliation with the original analysis code.
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Figure 5

Reported risk-of-bias judgements. The recovered figure displays six QUIPS domains and the original
overall ratings (low, 6; moderate, 18; high, 3). Separate PROBAST results and the underlying assessment
record require confirmation.
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