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Introduction

Cancer remains a key health priority globally, with an esti-
mated 18.1 million new cases of cancer worldwide in 2020 
and a projected increase to an annual incidence of 28 mil-
lion by 2040.1 Prognostic models that accurately stratify 
patients by survival risk are essential for guiding treatment 
decisions, clinical trial design, and for health resource plan-
ning making them valuable to patients, clinicians, research-
ers and policy makers.2,3

Routine cancer care involves the integration of multi-
modal data—including clinical, radiological, pathological, 
and molecular inputs—to guide decision making. Digiti
sation of pathology slides into whole slide images (WSI) 
and advances in -omics now enable the computational anal-
ysis of these data, supporting precision oncology. Clinical 
prediction models are tools that estimate a patient’s risk of 
an outcome by combining multiple covariates and have 

traditionally relied on regression-based methods. With the 
increasing scale and complexity of multi-modal cancer data 
available, there has been increasing interest in applying 
machine learning (ML) and deep learning (DL) approaches 
to build more flexible, data-driven prognostic models.4

ML models have already demonstrated improved sur-
vival prediction performance in single-modality settings, 
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including WSI data,5,6 and multiomics.7 More recent studies 
report enhanced prognostic predictions by the integration of 
these data, assumed to be a result of capturing complemen-
tary biological signals. To date, clinical translation of ML 
approaches in other domains has been very low.8 There is a 
need to understand the maturity of this field, whether there 
is the potential for real-world utility and if the performance 
gain of these models is sufficient to justify the high costs of 
laboratory data generation and computation.

In related work, Schneider et al. evaluated studies inte-
grating pathology image and genomic data by DL (searches 
up to June 2021).9 This review identified 11 studies, includ-
ing 7 predictive of survival (4 cancer-specific survival, 3 
overall survival) and 4 related to other tasks, including; pre-
diction of microsatellite instability (MSI) status, malignant 
versus benign differentiation and subtype prediction. The 
multimodal approach was shown to be superior to unimodal 
methods in all studies, however the heterogeneity of studies 
limited further conclusions. A more general review by Cui 
et al. across the medical domain also determined that multi-
modal DL prediction models typically surpass unimodal 
models for disease diagnosis and prognosis tasks.10 This 
selective review evaluated 34 studies using feature-level 
multimodal DL-based fusion to integrate image and non-
image data, and outlined emerging multimodal frameworks 
and fusion approaches. Data availability and lack of explain-
ability were identified as key limitations to these studies.

This review provides the first focussed review on prog-
nostic prediction in the cancer domain through high-
throughput -omic and WSI integration. In line with best 
practice methodology, we systematically review all litera-
ture in which these data are combined as predictors for the 
prediction of overall survival (OS) in cancer patients using 
ML or DL techniques. We focussed on OS as a universally 
applicable, clinically meaningful outcome that is consist-
ently reported across cancer types and public datasets, ena-
bling standardised comparison across studies. While OS 
reflects factors beyond tumour biology, its broad availabil-
ity and relevance made it the most practical and informa-
tive endpoint for this review.

This review specifically addresses the following questions;

•• What is the prediction performance for OS?
•• What cancer domains have these techniques been 

applied to?
•• What types and scale of data sources are used?
•• What methods are used for data processing and 

integration of data?
•• What is the quality of these studies and their reporting?

Methods

This systematic review without meta-analysis was conducted 
in accordance with the guidelines for “Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses” 
(PRISMA).11 Due to the highly heterogenous nature of 
included studies a narrative synthesis approach was used in 
line with the “Synthesis without meta-analysis” (SWiM) 
guidelines.12 The protocol for this review is available at 
https://www.crd.york.ac.uk/PROSPERO/display_record.

php?RecordID=594745 and was approved before the 
search results were screened for inclusion (Registration 
CRD42024594745).

Eligibility Criteria

Primary, peer-reviewed research studies reporting the 
development and/or validation of a prediction model devel-
oped using ML methods and integrating pathology WSI 
data with high-throughput -omic data were sought. Only 
peer-reviewed journal or conference papers were included.

The population included human participants with any 
cancer diagnosis. The outcome of interest was OS predicted 
at any time point. Predictive models for other outcomes, 
including cancer-specific survival, were excluded. The 
search strategy was geared towards selection of typical ML 
or DL approaches. However, to recognise ML methodolo-
gies which build on traditional statistical models, studies 
using regression approaches were accepted as ML models 
if they were defined as such by the authors of a study—an 
approach used previously.8,13 Studies focussing solely on 
prognostic factor identification or lacking image and -omic 
data integration were excluded. Only WSIs of surgical 
pathology specimens with conventional haematoxylin 
and eosin (H&E) or immunohistochemical staining were 
included, and studies relating to cytology, forensic or other 
material were not included, nor were studies using other 
imaging techniques. Studies in which all models also inte-
grated additional radiology imaging were not included.

Studies not in English were excluded. No exclusions 
were applied for date of publication.

Data Sources and Search Strategy

Searches were conducted in 2 research databases (EMBASE 
and PubMed) and 1 trial registry (Cochrane Central Register 
of Controlled Trials (CENTRAL)) from inception to 12th 
August 2024. Searches were restricted to human studies 
and English language.

The search strategy was composed of terms related to 
pathology whole slide images, -omic data, machine learning, 
and cancer. The final search was informed by piloting and 
preliminary scoping searches using alternative terms and 
combinations, which were appraised against known key pub-
lications in the field. For each category multiple terms were 
combined with the OR operator, before combining categories 
with the AND operator. The full search strategy is available in 
Supplemental material. Citation checking was also conducted 
(October 2024) using the selected studies from the abstract 
screening processes as seed references in a forward and back 
seed approach using citation chaser shiny app as a comple-
mentary strategy to address any indexing limitations.14,15

Study Selection

All studies from the literature searches were imported to 
the Rayyan software to manage the screening stages of the 
review across the team.16 First, duplicates were manually 
removed by C.J. supported by the duplicate detection tool 
within Rayyan. Studies were then screened according to 

https://www.crd.york.ac.uk/PROSPERO/display_record.php?RecordID=594745
https://www.crd.york.ac.uk/PROSPERO/display_record.php?RecordID=594745
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predefined algorithms. One investigator (C.J.) screened all 
titles and abstracts, with a second independent screen per-
formed by either E.C. or L.G. Disagreements were resolved 
by discussion with the third investigator. Full text articles 
were screened in the same way. The screening algorithms 
are available in the Supplemental material.

Data Extraction

Data extraction for each study was performed indepen-
dently by 2 reviewers using a predefined data extraction 
spreadsheet, which was adapted from a previously devel-
oped template.17 The template was designed with refer-
ence to the “Critical Appraisal and Data Extraction for 
Systematic Reviews of Prediction Modelling Studies” 
(CHARMS) checklist and “Prediction model Risk OF 
Bias ASsessment Tool” (PROBAST) and was updated to 
align with PROBAST + AI on its release.18-20 Additional 
fields specific to the genomic, digital pathology and mul-
timodal ML research domains were added by the authors, 
for example data processing details and fusion methods. 
C.J. reviewed all studies, while the second independent 
review was performed by either A.B. or L.G. Disagreements 
were resolved by discussion with the third investigator.

Study level information extracted from papers, included: 
study demographics, cancer domain, inclusion and exclu-
sion criteria, dataset details and participant characteristics. 
Models meeting the inclusion criteria within these studies 
were appraised. Detailed information was extracted as 
below for the best performing OS prediction model in each 
study meeting the inclusion criteria (defined as our model 
of interest), with information about any additional models 
in the paper extracted in a summarised format. Model spe-
cific data fields included: approaches to feature generation 
and selection, model architecture and fusion approaches, 
and performance measures. Several fields were added or 
clarified during data extraction with the agreement of all 
researchers. Any changes were retroactively applied to all 
previously extracted studies. The final data extraction tem-
plate is summarised in Supplemental Material.

Information was sought from the full-text articles, as well 
as Supplemental Materials where appropriate. Inferences 
were only made where both researchers were confident to do 
so and labelled as unclear where this was not possible. The 
well-known nature of The Cancer Genome Atlas (TCGA) 
dataset meant we were able to deduce some characteristics 
of the data used even when not explicitly provided, such as 
H&E staining and fixation characteristics. In these situa-
tions, assumed data is marked by an asterisk to help under-
stand completeness of reporting of these fields.

Risk of Bias Assessment.  The consensus developed PRO-
BAST + AI tool was used to assess the models of interest in 
this study, providing structured assessment of methodo
logical quality, risk of bias and applicability.20 The tool 
assesses the likelihood of results being affected by the 
study design, conduct or analysis. Reporting quality was 
considered within the interpretation of these assessments; 
however, formal application of reporting checklists (eg, 
TRIPOD-AI) was outside the scope of this review. The 

model development and evaluation process are assessed by 
signalling questions across 4 domains (participants, predic-
tors, outcome and analysis), which probe issues including 
appropriate cohort selection, predictor definition and mea-
surement, outcome clarity, handling of missing data, over-
fitting and validation methods. Through these questions 
reviewers are guided towards judging whether each domain 
is of high, low or unclear concern for quality and risk of 
bias. Unclear ratings are used where there is not enough 
information to make a full assessment. The overall quality 
and risk of bias ratings are determined by the worst domain 
score. An overall low-concern rating requires low scores in 
every domain, whereas a high-concern rating in a single 
domain will lead to high-concern overall.

The PROBAST + AI tool also assesses the applicability 
of prediction models to the specific criteria of the system-
atic review across the predictor, participant and outcome 
domains. Studies are also determined to be of low concern 
or high concern, or unclear where there is not enough infor-
mation to make a full assessment.

Owing to the potential subjective interpretation of the sig-
nalling questions in the PROBAST + AI tool, 2 independent 
researchers completed this process for each model, with dis-
agreements resolved as previous by the third. Each paper 
was assessed by a pathologist and a computer scientist.

Data Synthesis

The results of the literature search and screening process 
were summarised in a PRISMA flow chart generated by 
PRISMA Flow Diagram Shiny app.21 All extracted data 
were summarised in 2 tables, covering study level and 
model characteristics.

The data synthesis did not include any meta-analysis 
due to the diversity of the methods used and was designed 
with reference to the SWiM protocol.12 For model charac-
teristics, studies were grouped by the modelling method 
used and further ordered by year of publication to enable 
appreciation of any method shift over time. The concord-
ance-index (c-index) was chosen as the comparator metric 
between studies because it was anticipated to be the most 
consistently reported evaluation metric based on preli
minary searches. Two graphs were generated using the 
c-index, where it was available, to show (a) comparison of 
performance between the multimodal model of interest 
and unimodal model performances explored in the study, 
and (b) performance variation across different cancer 
types. Area under the curve (AUC) and time-specific AUC 
values were also extracted where available. Summary met-
rics used for calibration, overall performance and clinical 
utility were also tabulated.

The results of the PROBAST + AI assessments were 
tabulated by study and presented as summary graphs for 
quality, risk of bias and applicability.

Results

Literature searches returned a total of 457 studies, of which 
132 were duplicates. Two hundred eighty-four records were 
excluded during abstract and title screening and 21 were 



4	 Cancer Informatics ﻿

excluded by the full text screening process. An additional 
1840 titles and abstracts were screened as part of citation 
searches, of which 36 new studies were screened in full text 
and 29 included in the review Figure 1. The study charac-
teristics are shown in Table 1. Details of the models evalu-
ated are shown in Table 2.

Of the 48 included studies,22–69 10 of these were confer-
ence papers with the remaining 38 being journal papers. 
All included studies were published since 2017. Studies 
appeared in 31 different publications, mainly in computer 
science and computational biology focussed journals 
(n = 22), but also in scientific, medical and medical imaging 
domains. Eight of the studies were in cancer specific jour-
nals. Lead authors were distributed across 5 countries; 
China (n = 33), USA (n = 10), Germany (n = 2), Hong Kong 
(n = 2) and Spain (n = 1).

Risk of Bias Assessments

The results of the PROBAST + AI assessments for each 
model of interest are shown in Table 3 and risk of bias and 
applicability across the review are summarised in Figure 2. 
Due to the limited use of external datasets for validation, 
assessments across the participant, predictor and outcome 
domains for quality of model development and risk of bias 
of evaluation are usually the same.

Participant.  All studies had an unclear (n = 47) or high con-
cern (n = 1) of bias in the participant domain. This was pre-
dominantly due to a lack of information provided about the 
TCGA datasets used, including recruitment methods, setting, 
and inclusion and exclusion criteria, reflecting limitations in 

reporting at the level of the prediction model studies rather 
than deficiencies in the underlying source datasets. Only a 
couple of studies included additional detail, such as recruit-
ment dates24 and number of sites.33 Where additional datas-
ets were used, a greater level of information was usually 
provided, but this still provided an incomplete picture of the 
source of data in all studies.22,39,42,48,59,65,67

Individual study criteria for inclusion or exclusion, 
where stated, were usually data based; defined by presence 
in a given TCGA data subset, by data quality and/or  
by completeness of matched data across modalities. Only  
2 studies had clinically orientated inclusion criteria.46,54 
Presentation of participant characteristics was poor, with 18 
studies (38%) providing no description of the cohort used, 
see Table 1. The remaining studies presented variable cover-
age of participant demographics, disease and treatment 
information. In 1 study, this was presented comprehensively 
enough to assess the representativeness of the dataset.54 In 
this study of oral squamous cell carcinoma, participant 
demographics were broadly representative of the USA pop-
ulation,70 however were skewed towards a population with 
a higher pathologic stage of disease.

Predictor.  Studies generally provided no information about 
data acquisition processes making it difficult to assess simi-
larity of predictor assessment. Within the TCGA dataset, 
there are known to be differences in protocols and pro-
cesses between contributing institutions which are suffi-
cient to cause batch effect in both sequencing and imaging 
data.71-75 Whilst the variation was not well described, a few 
of the papers outlined pre-processing steps in one or both 
modalities designed to address these issues. Only one study 

Figure 1.  PRISMA 2020 flow diagram.
PRISMA 2020 flowchart of the study identification and selection process for the systematic review. Records were screened on titles and abstracts, 
and reports were assessed based on the full-text content; CENTRAL register of controlled trials.
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Table 3.  Risk of Bias and Applicability Assessment.

Author, year (ref )

Development Evaluation Overall

Quality Applicability Risk of bias Applicability Dev Eval

1.
 P

ar
tic

ip
an

ts

2.
 P

re
di

ct
or

s

3.
 O

ut
co

m
e

4.
 A

na
ly

si
s

1.
 P

ar
tic

ip
an

ts

2.
 P

re
di

ct
or

s

3.
 O

ut
co

m
e

1.
 P

ar
tic

ip
an

ts

2.
 P

re
di

ct
or

s

3.
 O

ut
co

m
e

4.
 A

na
ly

si
s

1.
 P

ar
tic

ip
an

ts

2.
 P

re
di

ct
or

s

3.
 O

ut
co

m
e

Q
ua

lit
y

A
pp

lic
ab

ili
ty

R
is

k 
of

 B
ia

s

A
pp

lic
ab

ili
ty

Boehm et al, 202222 ? - + ? + ? + ? - + - + ? + - ? - ?
Cheerla and Gevaert, 201923 ? ? + ? + + + ? ? + - + + + ? + - +
Chen et al, 202124 ? ? + ? + + + ? ? + ? + + + ? + ? +
Chen et al, 202125 ? ? + ? + + + ? ? + - + + + ? + - +
Chen et al, 202226 ? ? ? - + + ? ? ? ? - + + ? - ? - ?
Chen et al, 202227 ? ? + ? + + ? ? ? + - + + ? ? ? - ?
Cheng et al, 201728 ? ? + - + + + ? ? + - + + + - + - +
Hao et al, 202029 ? ? ? - + + ? ? ? ? - + + ? - ? - ?
Hou et al, 202230 ? ? + - + + + ? ? + - + + + - + - +
Hou et al, 202331 ? ? + ? + + ? ? ? + - + + ? ? ? - ?
Ji et al, 202432 ? ? + - + + + ? ? + ? + + + - + ? +
Li et al, 202033 ? ? ? ? + + ? ? ? ? - + + ? ? ? - ?
Li et al, 202134 ? ? + ? + + + ? ? + ? + + + ? + ? +
Li et al, 202235 ? ? + - + + ? ? ? + - + + ? - ? - ?
Liu et al, 202336 ? ? + ? + + + ? ? + - + + + ? + - +
Liu et al, 202437 ? ? + - + + ? ? ? + - + + ? - ? - ?
Lv et al, 202138 ? ? + ? + + ? ? ? + - + + ? ? ? - ?
Lv et al, 202339 ? ? + ? + + ? ? ? + - + + ? ? ? - ?
Ning et al, 202040 ? ? + - + + ? ? ? + - + + ? - ? - ?
Ning et al, 202341 ? ? + - + + ? ? ? + - + + ? - ? - ?
Perez-Herrera et al, 202442 ? ? + ? + + ? ? ? + - + + ? ? ? - ?
Qiu et al, 202443 ? ? + ? + + ? ? ? + - + + ? ? ? - ?
Shao et al, 202044 ? ? + - + + ? ? ? + - + + ? - ? - ?
Shao et al, 202345 ? ? + - + + ? ? ? + - + + ? - ? - ?
Shao et al, 202046 ? ? + - + + ? ? ? + - + + ? - ? - ?
Shao et al, 202347 ? ? + - + + ? ? ? + - + + ? - ? - ?
Steyaert et al, 202348 ? + + - + + + ? + + - + + + - + - +
Subramanian et al, 202149 ? ? + ? + + ? ? ? + - + + ? ? ? - ?
Subramanian et al, 202450 ? ? + - + + + ? ? + - + + + - + - +
Sun et al, 201851 ? ? + ? + + ? ? ? + - + + ? ? ? - ?
Tan et al, 202252 ? ? + - + + ? ? ? + - + + ? - ? - ?
Vale-Silva et al, 202153 ? ? + ? + + ? ? ? + - + + ? ? ? - ?
Vollmer et al, 202454 - ? + ? + + + - ? + - + + + - + - +
Wang et al, 202155 ? ? + - + + ? ? ? + - + + ? - ? - ?
Wang et al, 202356 ? ? + - + + ? ? ? + - + + ? - ? - ?
Wei et al, 202357 ? ? + ? + + + ? ? + - + + + ? + - +
Wu et al, 202358 ? ? + - + + ? ? ? + - + + ? - ? - ?
Xie et al, 202459 ? ? + - + + ? ? ? + - + + ? - ? - ?
Zeng et al, 202060 ? ? + ? + + + ? ? + - + + + ? + - +
Zeng et al, 202161 ? ? + - + + + ? ? + - + + + - + - +
Zhan et al, 202162 ? ? + - + + ? ? ? + - + + ? - ? - ?
Zhang et al, 202063 ? ? + - + + ? ? ? + - + + ? - ? - ?
Zhao et al, 202364 ? ? + - + + ? ? ? + - + + ? - ? - ?
Zheng et al, 202465 ? ? + ? + + ? ? ? + - + + ? ? ? - ?
Zhou et al, 202366 ? ? + ? + + + ? ? + - + + + ? + - +
Zhou et al, 202367 ? - + ? + + + ? - + - + + + - + - +
Zhou et al, 202468 ? ? + ? + + ? ? ? + - + + ? ? ? - ?
Zhu et al, 202369 ? ? + - + + ? ? ? + - + + ? - ? - ?

Source: High concern (-, shaded red), Unclear (?, shaded yellow), Low concern (+, shaded green).



14	 Cancer Informatics ﻿

described performing these across both modalities and was 
rated as low concern.48

In one of the studies, participants from one contributing 
site in the TCGA dataset were removed after persistent var-
iation in stain post processing, which raised concern for 
selection bias.67 Another study integrated -omic data from 
different datasets, generated by different methods without 
clear discussion about the comparability of these methods 
and any consequent differences when used to infer the 
homologous recombination (HRD) status from them.22

Outcome.  Assessments of quality and RoB were generally 
low due to nature of the outcome (death), which is not so 
sensitive to bias. However, studies which did not provide 
enough information to appreciate the intended outcome 
prediction time horizon or assess the length of follow up of 
the patients used in the study were rated as unclear.26,29,33

Analysis.  In this domain, there was high concern of quality 
in 25 studies and of risk of bias in 45 studies. Common fac-
tors contributed to these decisions as outlined below.

Assessment of adequacy of sample size in ML and DL 
approaches is difficult due to the influence of regularisation 

techniques, shrinkage methods, and hyperparameter tuning 
strategies aimed to prevent overfitting. The application of 
the traditional “rule of thumb” 10 events per variable are 
inappropriate in this setting and there are no clearly defined 
minimum criteria. As shown by Collins et al. (2021), model 
complexity and tuning parameters substantially increase 
data demands, and the number of outcome events may be 
more influential than total sample size alone.76 The use of 
cross validation, which increases the effective size of the 
test set thereby reducing over optimism in the results fur-
ther complicates assessment. Recent guidance encourages 
authors to justify their sample size for the reader.77 However, 
none of the studies presented any calculation or justifica-
tion of their sample size and many were missing key data 
such as sample size (n = 1), number of events (n = 26), num-
ber of candidate (n = 24) or final predictors (n = 9) used in 
the models making it difficult to assess event per variable.

Another key consideration was the common use of a 
complete case analysis approach, with subjects with miss-
ing data modalities excluded and variables with missing 
values in included patients often removed. This approach 
can introduce bias if the missingness is not at random. 
However, it is also appreciated to make sense as part of 

Figure 2.  PROBAST + AI summary results. Summarised results for the assessments of (a) quality and (b) applicability (study 
development), and (c) risk of bias and (d) applicability (study evaluation) for the 48 studies in this review.
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predictor reduction strategy. Three studies described a pro-
active approach to data missingness and are discussed in 
the model section below.

All studies reported measures of discrimination, which 
test the model’s ability to correctly distinguish between 
patients who experience the event (eg, death) earlier versus 
later. However, only 4 evaluated calibration, which refers to 
how closely a survival prediction model’s estimated proba-
bilities of survival match the observed survival outcomes. 
These are complementary aspects of model performance 
and evaluating only 1 can miss serious model flaws—for 
example, a model may rank patients correctly (good dis-
crimination) but still systematically over- or under-predict 
risk (poor calibration), leading to biased clinical decisions. 
The limited reporting of calibration substantially restricts 
assessment of clinical reliability and undermines the inter-
pretability of reported performance gains, particularly in the 
context of clinical translation where absolute risk estimates 
are required for decision-making.

Additionally, the presentation of results did not include 
metrics of variability in 6 studies and in a further 19 the 
metric used was unclear.

Overall Quality and Risk of Bias.  None of the studies had high 
or unclear ratings in just a single domain, indicating litera-
ture in this area faces broad methodological and reporting 
issues rather than isolated methodological flaws. In particu-
lar, incomplete participant description and missing valida-
tion detail limit confidence in the reported performance 
metrics and suggest current results should be treated as 
exploratory.

Overall Applicability.  This systematic review was designed 
to be broad in scope. All studies were assessed as low con-
cern in the participant domain as all were studies of cancer 
patients. In the predictor domain, all studies were rated as 
low concern, clearly using high-throughput -omic data and 
pathology whole slide images in their models. In the out-
come domain, all studies were predictive of survival. How-
ever, 31 studies were not explicit about an outcome of OS 
and used ambiguous phrasing such as “cancer survival” or 
just “survival.” The most used dataset in this study (TCGA) 
is known to have associated cancer specific and OS data 
and as such specific phrasing was sought or the applicabil-
ity of the study was assessed as unclear.78

Data Synthesis Results

Datasets.  Twenty-nine studies focussed on a cancer of a 
single organ/anatomical region, while 19 were multi-tissue 
studies. Nineteen different organs were studied, with the 
most studied being brain, breast, lung and kidney. Figure 3 
summarises frequencies of the cancer domains studied.

Alongside WSIs, gene expression (mRNA) data was 
used in all studies, with additional -omics used in variable 
combinations; somatic mutation data (n = 9), micro-RNA 
(n = 5), copy number variation (CNV; n = 16), single nucle-
otide variation (SNV; n = 3), DNA methylation (n = 5) and 
protein expression (n = 5). Clinical data was integrated as 
an additional modality into 15 models and the variables 
used most commonly were age, gender and stage. The num-
ber of participants used per model of interest ranged from 
63 to 11 160.

Figure 3.  Cancer types represented across the studies in this review.
The number of studies (y-axis) are presented by organ systems (x-axis), showing a differentiation between whether they were part of multi- or 
single cancer studies. Nineteen studies developed models across multiple cancer subtypes and organs, with the remaining 29 being single cancer type 
studies. The most commonly studied cancers were those of the brain, breast and lung.
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The TCGA dataset was used in some capacity in all stud-
ies, 47 for training, and in 3 studies as an independent exter-
nal dataset. TCGA is a well-known, multi-institutional public 
dataset comprising mixed -omic data and WSIs for over 
11 000 participants from the USA spanning 33 cancer types.

Other datasets used in multimodal model development 
and/or validation were from Clinical Proteomic Tumour 
Analysis Consortium (CPTAC),48,65 Memorial Sloan 
Kettering Cancer Centre,22 Molecular Taxonomy of Breast 
Cancer International Consortium (METABRIC),42 NCT-
CRC-HE-100,39 Paediatric Brain Tumour Atlas,48 National 
Lung Screening Trial,65 Tumour infiltrating lymphocytes in 
breast cancer (TIGER),42 Ruijin Hospital (Shanghai)59 and 
Wayne State University.67 The countries from which data 
were used include USA, China, Belgium and Netherlands. 
The predominant usage of open access public data reposito-
ries meant data from these studies was largely assessed as 
available, however only 18 studies included specific state-
ments relating to data availability – asterisks in Table 1 
indicate where data availability was assumed. Those that 
did not, all exclusively used the TCGA dataset.

Reliance on the TCGA dataset is a concern for this field. 
Such dependence increases the risk that models are inad-
vertently learning dataset-specific artefacts rather than gen-
eralisable and true biological patterns.

Modelling Methods.  In this review, the model of interest 
was defined as the best performing model. Many of the 
studies, created more than one model by either: indepen-
dently training and evaluating the same model architec-
ture on datasets of multiple cancer types, combining 
different -omic combinations with image and/or clinical 
data into the model, or by testing multiple different model 
architectures or fusion approaches. Where additional 
models were present in a study, this is indicated in Sup-
plemental Table S1.

Models.  Modelling approaches included cox regression 
models with ML-based regularisation and/or feature selec-
tion (n = 4),28,44-46 classical ML methods (n = 13) and DL 
methods (n = 31). ML methods included 7 models based on 
random forest,24,25,32,34,54,60,61 a multi constraint latent repre-
sentation framework,41 2 variants of canonical correlation 
analysis,49,50 two multiple kernel learning models51,63 and 
a multiview subspace learning model.64 Of the 31 DL mod-
els, 25 used a cox-based loss as the objective function for 
survival prediction (log partial or negative log partial likeli-
hood), but cross entropy loss26,65 and binary cross entropy 
loss37,55 were also used. One study used a custom likelihood 
and ranking loss function (DeepHit).33

Within the models, fusion of data at a feature level was 
more common (n = 42) than decision level fusion.22,31,48 
Three studies used a hybrid approach, processing 1 modal-
ity to a decision level (risk score) for integration with fea-
tures of another modality in the prediction model.30,32,57 
Studies using feature fusion methods leveraged mecha-
nisms to capture cross-modal interactions, most commonly 
through attention-based approaches, where models com-
pare different parts of the input, assign relevance scores, 

and weight them to focus on the most important informa-
tion (see Supplemental Table S1).

While most models required fully matched datasets, 4 
studies implemented explicit strategies to accommodate 
missing data modalities without excluding patients.23,31,43,53 
Qiu et al. and Hou et al. used latent-space reconstruction—
via variational autoencoders and online masked auto
encoders, respectively—to recover missing features.31,43 In 
contrast, Vale-Silva and Rohr used multimodal dropout 
during training and standard imputation for partial missing-
ness, while Cheerla and Gevaert dynamically reweighted 
available modalities during fusion.23,53 Despite differing 
mechanisms, all approaches aimed to maintain perfor-
mance under incomplete input and reported reduced accu-
racy when modalities were missing. Models lacking such 
strategies may be vulnerable to overfitting and underper-
formance in real-world, incomplete datasets.

Model code was described as available in 25 studies, 
partially available code (as “related core code”) in 1 study41 
and not commented on in the remaining 22 studies. Using 
links to code repositories, in 4 studies code could not be 
found,28 was described as “coming soon”68 or had been 
taken down and was now only available on request.41,64

Data Pre-Processing.  These complex data require pre-
processing before they can be used in a model and reduc-
tion in the dimension of the also data helps to reduce model 
overfitting. Such steps were variably described in these 
studies and are summarised below and in Supplemental 
Table S1.

Most researchers performed tissue segmentation and/or 
stain normalisation of WSIs before dividing the original 
WSI into patches, ranging from 16 × 16 to 5000 × 5000 
pixels, most commonly 1000 × 1000 pixels (n = 12) or 
512 × 512 pixels (n = 11). Four studies used multiscale 
patches.27,38,39,56 Further selection of patches for inclusion 
was commented on in 32 studies and was performed at ran-
dom (n = 9), by RGB density (n = 8), nuclear density (n = 2), 
proximity to RGB mean (n = 1), based on expert defined 
regions of interest (n = 9), by exclusion of patches with low 
tissue coverage (n = 2) or for not meeting feature extraction 
model criteria (n = 1). Image features were generated equally 
by hand-crafted (n = 23) or learned approaches (n = 23) with 
2 studies using a combined approach. CellProfiler was the 
most popular tool for generating hand-crafted features 
(n = 17) and ResNet50 the most popular architecture for 
learned features (n = 7). Some models incorporated graph-
based ML,49,50 graph neural network,31,65 transformer38,39,56 
or foundation model69 approaches for feature generation.

Pre-processing of -omic data, where described, included 
removal of missing data, normalisation of read counts, and 
discretisation of expression or CNV data into categorical 
variables. The 2 studies which described correction for 
batch effect, both used ComBATSeq.48,65 In some studies, 
-omic data was used directly, however several performed 
feature generation, including; knowledge-based approaches, 
such as gene set enrichment analysis (n = 1) and inference 
of known mutational signatures (n = 2), gene modularisa-
tion by data driven methods, including Weighted Gene 
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Co-expression Network Analysis (n = 6) and local maximal 
Quasi-Clique Merger (n = 4), and generation of feature rep-
resentations by ML methods (n = 15).

Steps to reduce number of predictors were described in 
most studies, see Supplemental Table S1, and used a com-
bination of data and knowledge-based approaches. The het-
erogeneity of approaches to feature generation (predictors) 
makes it difficult to compare number of predictors across 
studies. It was also challenging to determine the predictor 
number in many of the models. Particularly those where 
features are generated via DL and have cross-modal inter-
actions resulting in complex representations from the WSI 
and -omic inputs.

Model Performance and Evaluation.  All studies performed 
some form of internal validation, with most using a cross-
validation approach (n = 44) and the remaining few using 
random data splitting (n = 3) and bootstrapping (n = 1).

As discussed, studies focussed on measures of discrimi-
nation for reporting model performance. The c-index was 
the most commonly reported metric (39/48). It is a meas-
ure of the ability of the model to rank patients in terms of 
their predicted risk of event by indicating the proportion of 
all usable patient pairs in which the patient with the shorter 
observed survival time also has the higher predicted risk.  
A c-index of 1 indicates perfect performance and 0.5 is 
equivalent to random predictions. Results across these 
studies ranged from 0.550 to 0.857. Studies which addi-
tionally modelled survival as a binary classification task 

(ie, predicting longer or shorter survival based on defined 
thresholds) reported AUC metrics (n = 14). An AUC of 1 
reflects perfect classification and 0.5 random guessing. 
Results across studies ranged 0.662 to 0.932. Time-specific 
AUC, which measures how well the model can distinguish 
between classes at a set time point, was reported in 8 stud-
ies with results across multiple time points but most com-
monly for 1-, 3- and 5-year survival. Two studies performed 
neither of these analyses, instead assessing model perfor-
mance by hazard ratios42 and F1 score.49

Five studies performed external validation on their 
multimodal model,48,59,64,65,67 with an additional 4 studies 
undertaking external validation but only of unimodal mod-
els in their study.24,25,57,61 Results of multimodal external 
validation ranged from 0.583 to 0.778 (c-index).

Only 7 studies performed clinical utility analyses, all via 
decision curve analysis.24,25,30,32,34,60,61 Four additionally 
explored end-user presentation of the model via develop-
ment of nomograms24,30,32,34 and a further study generated 
an online tool.57

Unimodal Performance Comparison.  Thirty-four out of 
the 48 studies made a performance comparison between the 
multimodal model of interest and unimodal models based 
on clinical, -omic or image data. Where the c-index was 
available as a metric (n = 25), these have been plotted in 
Figure 4. Studies which made a unimodal comparison but 
assessed this by another metric (AUC = 10, F1 = 1) could 
not be included. In all but one study, multimodal models 

Figure 4.  Comparison of multimodal and unimodal model performance using c-index.
The 25 studies which reported the c-index for unimodal comparison are shown above. Studies are ordered by year of publication (x-axis) with 
regression lines to show a trend of performance (c-index, y-axis) over time. Different studies performed different unimodal comparisons reflected 
by incomplete data points for several of the studies. Where multiple -omics were evaluated separately, the best performing is charted here. A 
further 7 studies evaluated unimodal performance against the multimodal model but generated AUC (n = 6) or F1 metrics (n = 1) so were not 
included in this comparison. Supplemental Table S1, indicates all studies which undertook unimodal performance comparisons.
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outperformed unimodal models but the extent of improve-
ment in prediction is highly variable. Vale Silva and Rohr’s 
MultiSurv model showed greater performance on clinical 
data (c-index 0.809) than with their multimodal model 
(c-index 0.787, multiomics + WSI), or image (c-index 
0.569) and -omic (c-index 0.758, mRNA) based models.53 
The relatively modest performance gain observed for most 
multimodal models over unimodal comparators suggest 
that WSI and -omic data may carry signals with signifi-
cant overlap rather than distinct contributions. Indeed, mor-
phological patterns associated with underlying mutational 
features are already well-established for some tumours. 
The technical variation of methods within these studies 
may also partly account for the variability of multimodal 
improvement observed across studies, with potential for 
significant noise introduction through patch sampling and 
processing methods or suboptimal alignment and weight-
ing of different data modes through fusion approaches.

Other Performance Comparisons.  Performance across 
cancer types was compared where there were results pre-
sented in greater than 5 studies, see Supplemental Figure 
S2. This synthesis used data from all datasets evaluated in 
the studies for the model of interest, including alternative 
dataset results from multi-cancer studies. In this descriptive 
comparison, variation in performance across different can-
cer types is observed. Higher c-index values observed for 
glioma and renal papillary cell carcinoma may reflect that, 
in these tumour types, both morphology and key molecular 
alterations are independently diagnostic and formally incor-
porated into WHO classification frameworks.79,80 Com-
plementary histological features and underlying biology 
patterns likely provides a stronger signal for multimodal 
models to exploit. In contrast, in cancers with more heter-
ogenous genotype-phenotype relationships such as colorec-
tal or breast cancer, the benefit of multimodal fusion may 
be in inherently limited.

The number of patients in the studies showed a weak 
trend towards increased performance with increased sam-
ple size. The presence of 400 patients or more appeared to 
be sufficient to achieve optimal results on internal test sets. 
Studies with fewer participants generally performed the 
worse (Supplemental Figure S3). There was no meaningful 
association between performance and increasing event rate, 
although only 15 studies reported data sufficiently to be 
included in this analysis (Supplemental Figure S4). These 
comparisons are illustrative only, due to heterogeneity in 
methods and risk of bias noted in this review.

Discussion

Our review highlights the rapid growth of this research 
domain in the last 5 years. Models have been developed 
across a wide spectrum of cancers, representing 19 organ 
systems and 23 specific diagnostic subtypes. Similar to pre-
vious works, we find that multimodal integration of WSI 
and -omic data, generally leads to improved prognosis pre-
diction. Despite methodological progress, these models are 
far from ready for clinical evaluation.

All included studies were judged to be at high or unclear 
risk of bias, highlighting significant issues in study design, 
reporting, and validation. As a result of the significant het-
erogeneity and potential bias in these models, we are not 
able to more rigorously assess these models by meta-analy-
sis. However, the range in reported performance is wide 
(c-index, 0.550-0.857) and the gains over unimodal mod-
els, where evaluated, are often small. The generally small 
increments in c-index imply that integration alone does not 
guarantee better prognostic discrimination, likely reflecting 
a combination of biological redundancy between WSI and 
-omic features, and methodological issues that may mask a 
true effect. As such, we remain uncertain about the poten-
tial clinical value of these models for the future.

These results also raise the prospect that multimodal 
data integration will not universally add value across the 
oncology domain, instead adding value in a cancer-specific 
way dictated by the underlying coupling of tissue morphol-
ogy and molecular alterations within each cancer. However, 
the current evidence base is characterised by substantial 
heterogeneity in modelling approaches, predictor sets, and 
outcome definitions, which limits the feasibility of robust 
subgroup analyses within this single broad review. Future 
benchmarking across tumour types may help clarify where 
multimodal approaches offer the most meaningful advan-
tage and should be further developed.

ML methods are an attractive prospect, able to flexibly 
handle high-dimensional, non-linear data. However, despite 
these perceived advantages many studies of ML prediction 
models in other domains have found no additional benefit 
of ML over traditional models.8 Given the expense of data 
generation, that is not part of routine clinical workflows 
(eg, transcriptomic data), the gain would need to be sub-
stantial to be used clinically. Model complexity is another 
factor in the cost of implementing these multimodal models 
and only 1 study in this review evaluated compute require-
ments of their model.35 Future studies must compare mod-
els against standard clinical prediction methods and begin 
to evaluate the clinical utility and cost benefit of their mod-
els, and not just seek to outperform the discrimination met-
rics of competing models.

These shortcomings seem reflective of the immaturity of 
this field in which methodological exploration for handling 
complex image data and innovation of ML approaches in 
predictive modelling has been the focus so far.

DL-based models predominate in these studies, as does 
feature fusion of data. Some of the more recent DL models 
make use of graph networks, transformers and foundation 
models – keeping pace with DL developments in other 
fields. Whilst many studies develop approaches to capture 
cross-modal interactions and maximise the benefit of this 
complementary data, relatively fewer have explored mod-
els which are robust to missing data modalities – a common 
real-world scenario. Of concern, most studies lacked clini-
cal contextualisation, with populations often defined by 
data availability rather than intended use. Important data 
issues, including assessment of the representativeness of 
the data for demographic and clinical features, and removal 
of missing data without consideration and evaluation of 



Jennings et al	 19

whether this is missing at random or not, were almost uni-
versally overlooked. The well-known nature of TCGA used 
by most studies may be leading authors to assume knowl-
edge from readers. This assumption, however, directly lim-
its transparent reporting at the level of the prediction model 
studies themselves, constraining clear assessment of par-
ticipant and predictor domains within risk-of-bias frame-
works, regardless of the quality or documentation of the 
underlying source datasets. Yet, there are well-documented 
batch effects and participant shifts versus the general popu-
lation for age, race and stage in this dataset, and more detail 
is important to the interpretation of these models.71-74,81-83 
Despite reliance on public datasets, open science practices 
were inconsistently adopted, with limited code and data 
availability described.

The heavy dependence on the TCGA dataset, used in all 
studies, may be an indicator that we don’t yet have the neces-
sary data to build and test these models. The whole field may 
be at risk of overfitting to the features of a single source and 
creating an illusion of reproducibility. The oncology commu-
nity need to build more easily accessible datasets with detailed 
meta data and appropriate longitudinal follow up to provide 
clear and independent data sets on which to validate models 
and establish their capacity to generalise beyond TCGA.

Limitations of the Review

The review protocol was designed to limit bias and maxim-
ise inclusion of eligible studies. While controlled vocabu-
lary terms are available for several of the search concepts, 
the strategy relied primarily on free-text searching. Despite 
being supplemented by extensive citation searching, it is 
possible that some relevant studies were not retrieved. The 
review was restricted to studies published in English and as 
such may have missed studies in other languages. All stages 
of screening and data extraction were performed by 2 inde-
pendent researchers, except for the initial duplicate screen-
ing which was performed by a single researcher (with the 
aid of Rayyan software16), raising the possibility of incor-
rectly excluding studies in error.

The significant heterogeneity between the studies in 
this review precluded more detailed data synthesis and 
meta-analysis which limited the conclusions that can be 
made. Due to the rapid expansion of this research area, a 
future a review focussed on a specific cancer types or spe-
cific modelling methods may provide the opportunity for a 
more rigorous analysis.

Finally, this review focussed on models which directly 
integrated pathology and -omic data, overlooking studies 
outside this domain. Most relevant for future consideration 
may be the evaluation of models which additionally incor-
porate radiology data,84,85 replicating the current clinical 
paradigm, and models which used -omic and image data in 
a pipeline. Such approaches generally first generate an 
-omic prediction from the image, then generate an image-
based prediction model.86,87 The rising availability and use 
of spatial -omic data may propel this field forward, bridg-
ing the gap between morphology and bulk -omic data for 
greater biological and interpretable insights.88,89

Current Limitations and Future 
Recommendations

Our review finds that many aspects of methodology and 
reporting were suboptimal in these studies, in keeping with 
findings of other systematic reviews of prognostic models 
in the oncology domain.2,8,90 Whilst there is rapid prolifera-
tion of prognostic models in cancer, the translation rate 
from academic generation to clinical implementation is 
very low.8 The next phase of model development in this 
domain will benefit from reflections on lessons learnt about 
how to design clinically useful and usable models.73 Future 
research in this area should adhere to reporting guidance, 
recently updated to better reflect complexities of ML-based 
modelling. TRIPOD + AI is a 27-item checklist designed to 
promote transparent reporting of studies developing, vali-
dating or updating prediction models.91 The PROBAST +  
AI tool used in this review also outlines best practice 
approaches to data selection and handling, modelling, and 
reporting.20 Together, these frameworks highlight that 
methodological quality and transparent reporting are tightly 
linked and both are necessary for meaningful evaluation 
and clinical translation of prognostic models. Without bet-
ter reporting, apparent progress in multimodal cancer prog-
nosis prediction may be overstated.

Even for well-developed and validated models, clinical 
implementation is not realistic in the near future. 
Multimodal models are being developed in advance of the 
widespread clinical availability of high-throughput -omic 
and WSI data. In the UK, for example, approximately 
10% of the molecular workload in the National Health 
Service is whole genome sequencing with the majority of 
the work centred on targeted mutation testing and smaller 
gene panels – there is no routine RNA sequencing.92 In 
parallel, digitisation of pathology services across the UK 
is not yet complete.93 Understanding of where and when 
these models may provide additional benefit to patients 
from well-conducted research may inform how such ser-
vices develop.

Finally, research in this field will not progress without 
wider use and availability of additional datasets. So far, 
generation of these complex data has largely been the 
reserve of publicly funded initiatives. Other pan cancer 
projects such as the Applied Proteogenomic Organisational 
Learning Outcomes (APOLLO) network94 and the Cancer 
Moonshot Biobank,95 are increasing the availability of  
publicly accessible -omic data with matched pathology and 
radiological imaging data. Genomics England’s 100 000 
Genomes Project Multimodal Programme is a large apply 
to access dataset also on the horizon.96 However, existing 
“apply to access” datasets, such as the Children’s Brain 
Tumour Tissue Consortium97 and METABRIC (breast)98 
seem under used in this field so far. The reason for this is 
unclear and may be multifactorial. Critical to clinical 
implementation will be increased availability and use of 
datasets from more diverse populations (genetic ancestry, 
geographic, environmental) and datasets which are repre-
sentative of both the medical diversity of a condition, and 
the technical diversity of the data generated.99
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Conclusion

This review of machine learning-based multimodal predic-
tive models found 48 eligible studies predicting overall sur-
vival in cancer participants. This demonstrates significant 
growth in this research field since first works were identi-
fied in 2017. Progress has centred on methodological inno-
vation, particularly through deep learning approaches. 
However, studies are limited by poor reporting, limited 
validation and lack of clinical contextualisation. To advance 
towards clinical impact, future research must prioritise 
transparent reporting, large diverse datasets, meaningful 
comparison to clinical standards, and a clear demonstration 
of how and where these models might be used in practice. 
Striking the right balance between model complexity, com-
putational demands, and meaningful gains in predictive 
performance will be essential for real-world implementa-
tion—particularly in resource-constrained healthcare set-
tings where cost-effectiveness is critical.
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