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Abstract

This study systematically reviews and evaluates published research on machine learning models that integrate histo-
pathology whole slide images and high-throughput -omic data to predict overall survival in cancer.A comprehensive
search of PubMed, EMBASE, and Cochrane CENTRAL was conducted through August 12, 2024, with citation screening
for additional studies. Eligible studies applied machine learning or deep learning methods to multimodal data combining
pathology images and -omics. Data extraction followed the CHARMS checklist, and risk of bias was assessed using
the PROBAST + Al tool. Narrative synthesis was conducted in line with PRISMA 2020 guidelines. Forty-eight studies
published since 2017 met inclusion criteria, spanning 19 cancer types. All relied on The Cancer Genome Atlas dataset.
Modelling approaches included regularised Cox regression (n=4), classical machine learning (n=13), and deep learning
(n=31). Reported concordance indices ranged from 0.550 to 0.857, with most multimodal models outperforming unimodal
counterparts. However, all studies were assessed as having high or unclear risk of bias—most often due to limited
external validation, insufficient reporting, and minimal assessment of clinical utility. This review highlights a rapidly evolving
yet methodologically underdeveloped field. While model performance is promising, improvements in data standardisation,
reporting practices, and real-world contextualisation are critical for clinical translation. This work was funded by the
National Pathology Imaging Cooperative (NPIC), supported by UK Research and Innovation (Project no. 104687).
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Introduction 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.*
ML models have already demonstrated improved sur-
vival prediction performance in single-modality settings,

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.! 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.23 'National Pathology Imaging Cooperative, Leeds Teaching Hospitals
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and advances in -omics now enable the computational anal- .
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including WSI data,>® and multiomics.” 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.® 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).° 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.'’ 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;

e What is the prediction performance for OS?

e What cancer domains have these techniques been
applied to?

e What types and scale of data sources are used?

e What methods are used for data processing and
integration of data?

e 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)."" 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.'? 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.®!* 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 cosin (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.'*!s

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.'® First, duplicates were manually
removed by C.J. supported by the duplicate detection tool
within Rayyan. Studies were then screened according to
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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.!” 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 + Al on its release.'82° 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 + Al tool was used to assess the models of interest in
this study, providing structured assessment of methodo-
logical quality, risk of bias and applicability.?’ 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 + Al 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 + Al 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.?' 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.'? 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 + Al 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
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Identification of new studies via databases and registers

Records identified from:

Databases (n = 3):
PubMed (n = 128)
CENTRAL (n = 9)

Records removed before screening:
Duplicate records (n = 132)

-

Identification

MEDLINE (n = 320)

Records excluded

Records screened
(n =284)

(n=325)

-

)

Reports not retrieved

Reports sought for retrieval
(n=1)

(n=41)

H

Reports excluded:
Wrong publication type (n = 9)
Not prognostic model (n = 2)
Wrong outcome (n = 1)

No omics (n = 4)

No data integration (n = 1)
Radiology models (n = 1)
Duplicate (older version) (n = 2)

Screening

Reports assessed for eligibility
(n = 40)

New studies included in review
(n =20)

Identification of new studies via other methods

Records identified from:
Websites (n = 0)
Organisations (n = 0)
Citation searching (n = 1,840)

Y

Reports sought for retrieval Reports not retrieved

(n=36) (n=0)
Reports excluded:
A Wrong publication type (n = 2)
Reports assessed for eligibility Not cancer (n = 1)
(n=236) No WSis (n=2)

No data integration (n = 2)
Radiology models (n = 1)

Reports of new included studies
(n=28)

Included

Figure |. 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.

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,?>® 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 + Al 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 dates? and number of sites.* 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,?>3%:42:48,39.6567

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.*®*
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.>* In
this study of oral squamous cell carcinoma, participant
demographics were broadly representative of the USA pop-
ulation,”® 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.”'7> 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



Jennings et al

(panunuod)
924nos uonedyissed +I8H BWOUIDJBOOUIPY e 120T
- uwdo|y  WNL/Ses  J9pual By 661 - VNyw 3d44 - «VSN avoD-vODL (uojoD) 4dOH BuyD ELECRY
24nos «38H ££070C
- uado |y - - 978 - YNYW - - *VSN VOug-vODL - (aseaug) 1HdeaQ 'ulyD ‘€32 1]
X0f X0T
32anos apein I8H ¥T0T
- uado|ly  ‘aBers |yNL -opudl ‘a8y 18¢ - VNYW EEEE] - VSN VODL DD¥UDD (feuay) SYDOH eulyd e
#24n0s IWg ‘Adesay .eep +I8H 16€20T
sap  uado |y - - (z010) s8¢ “apuan @8y 3|youd dlwousn),, +3d4d - #VSN VODL DI (9 - InW) NDOH BUYD ‘€39 NOH
a3e1s
WNLL [[eA0
pue dnou3 X0p-§
92.4nos W ‘dnoud Japuany I8H 0eC20T
saf  uedojy N ‘dnoss | 28y 9e xag ‘23y YNywW 3d44 - #VSN vODOL DDH (4aAr7) Aujepow-njnjy BUYD ‘€39 NOH
x0T
;924nos «I8H BUWIOISEIqOID &070T
say  uado |y - a3y Ly a3y VNYW uszo.4 - £VSN WE9-vODL (ureag) 13N-39Vd vsn ‘e 30 oeH
X0p X0T
I8H 5l 10T
#SA soA  98wig ‘opra  Iapuad B3y oly - YNywW - - #VSN vODL (DD¥DD) [eudy X0D-0sse] 'UYD ‘€39 Suay)
VNYW -
¥924nos ‘uoneInw IgH (U PR adis
say  uado |y - - (9811) 69 - nEWos ‘AND +3d44 - £VSN ‘WED ‘DDT) VODL  BwoyD (T- BINW)  uoisng diuwoyzed VSN ‘e uayd
(030N
‘av.Ls ‘WIS ‘avvd
2SN ‘avn DHI1
Apuyre VNYW - ‘D97 4y DI
224nos ,._mv:om ‘uoneinw IP8H ‘OSNH ‘ava¥yavod Jaoued 92¢20T
sa  uado |y apein 28y 0TS - aneWos ‘AND 3d44 - XYSN  '¥D¥E ‘vDTa) VODL ueg (i1 - BINW) AW vsSn ‘e udyd
uolssaudxs X0
22unos uio.d I8H BWOUIDIBOOUPY «170T
- uado |y a3eg  Jopuasd a3y 0Ly - ‘sdwousd ‘yNYyw 3d44 * #VSN (@vn1) vooL (8um)  jopow soiwonny BUYD  EID UBYD
X0p X0T
1sonbau 93e1s ‘opeJd I8H DS 421702
- uQ  ‘@usJnown]  Japuds a8y 414 - VNYW - * - vODL (P3N 8 pesH) SYLH BUYD BB UBYD
- (ISMm + £2610C
4924nos apeus I8H J9dUed VNYW + YNYIw ‘149BARD)
sa  uado |y - - 09111 ‘4opudl ‘ae ‘@dey  YNYIW ‘YNYW - - £VSN SeyueDUEd-YOD L ued (0T - BINW) ~ + UlD) [epownniy VSN pue eleayd
ded uoneasiuiwpe -
“Jopuad Jouquyul dN$S ‘uonenw I8H 2CT0T
oA Aensed age1g 98y (bbb) €8T  dYvd ‘smeis QY dRWOoSs ‘AND ad4d - #VSN VSN AO-VODL DINSW ~ DOSOH (A1er0) «*OHD VSN ‘e 39 wydog
9|qe|ieAe 9|ge|ieAe uonew.ojul  uopew.Jojul  syuedidnged  |9pow Ul S9|qERLIBA sadf1 eleq uonnjosad (u1Bio0) [V[:{¥Te) sweN sadA3 4adued 159491Ul JO [9PO|  UONEd0T  Jeak Yoyiny
apoD rI1RQg aseasiq oiydesg  jo JequinN urels awreN
-owsq uonexiy
:Apmas ul papiao.d sonstisoe eyd Juednaey e3Ep [BDIUID BIEP DIW(Q  BIEP [SAA 'IRp IX3 e3P [BUIDIU|

"MBIASY D1IBWSISAS SY3 Ul PIpN[dU| SIIPNIS Y3 JO SO1ISIIdIdEIRYD) °| d|qeL



Cancer Informatics

(panunuod)
- (wsn) 240402 3514 SPIY| BWOISE|qOI|D #€70T
a3anos ape.3 Y3y +T8H Wao (V.L8d) sepy “nown | ANpY ‘e32
sop uedo|y  ‘opeus moT - (8s01) €82 - VNYW 3d44 -DV1dD £VSN  Uredg dLNBIPRR tYDD L (2N} - ureag) uoisny a1e7 vsn 1ivrARIS
x921n0s +38H #€20T
- uado |y - a8y (0ze) §9€ - VNYW YNy - - #VSN VODL  3seaug (g - BINW) STL-OWI BUYD  ‘EID OBYS
£22dn0s +T8H (OHIN 9020
- uado |y adeig - (bzen oeL a8e1g VNYwW - - VSN ‘vO¥E DSNT) VODOL  vDud (€ - BInW) damnW BUYD 32 ORYS
x931n0s +8H (WY (4 »€20T
- uado |y - a8y (yT8l) 15T - VNYW - - VSN ‘d¥l ‘vOug) VODL N (€ - PINKW) TEWVA eUYD B39 OBYS
x@3In0s VNYW +T8H (Osn1 w020T
- uado |y adeig - (8 s9¢ - ‘wyNd ‘AND - - «VSN ‘dU W) VOOL 2SN (€ - BInW) SAWWO BUYD B33 ORYS
VNYW -
92.4nos Suipe.s ‘uoneanw I8H ¥ 20T
- uado |y OHM - ¥S6 - 2nRWOS ‘AND 3d44 - £VSN (991WED) VOO L rwol9 (ureg) 1U-lAd rUyD ‘32 NID
DNEVLIW wh0T
- IN wnidjag % ‘(Ajuo Buiuren ‘219
4924n0s VNYW IgH  -epeued) SpuelJayIaN uopeIusWSes) YIo|L BJDIIDH
- uado |y adfigng a8y £65¢ adfagns ‘a8y ‘AND ‘dNS - DNav1iIW VSN 8 (vD¥g) vOOL - (aseaug) € I9POl uredg -z3.43d
#324n0s adess I8H (avm wETOT
#2A  uado |y 1d ‘e8eas  Jopuad 98y (££11) pEE - YNYW - - #VSN OHIT DY) VODL  DHIT(EE - BINW)  dHomawely YPW eUyD 39 BuiN
£22dn0s +T8H 0020T
say  uadojly  9Bess ‘opei  uapuald B3y 60T - VNYW - - #VSN vODL DDYDD (leuay) #SIH +3ueD euyD 39 BUIN
(lopow ur pasn
- Ja1yIsse|d anssn Y/
x924n0s a8e3s d150joyed IP8H “IH-TVA-DYD HI001 6:€20T
- uado |y - - 0ts “Jopuas a8y VNYW ‘AND - - #VSN  -3H-DYD-LON) ‘VODL - (wn123.0(03) Adng-sued | rUYD ‘239 A7
4924n0os a3e3s o180j0y3ed I8H o170
- uado |y - - [443 ‘Jopuas a8y VNYw - - VSN vOD1 - (wn340j0D) 19N4L-9d BUYD ‘232 A7
X0k
x931n0s +T8H 16#70T
- uado |y - - ShE - VNYW - - #VSN VDL - (seoug)  yDde1ul-ySEAU] eulyD ‘32 N
VNYW - (030N
4924nos ‘uoizesnw «I8H ‘OHTNED ‘VO19 Jadued 96£20T
s9\  uedo |y - - 15S¢€ - 2nBWOS ‘AND - - VSN ‘vD¥d ‘dvN1) VOOL ued (§ - M) 109K BUYD ‘32 N
X0k
4924n0os I8H 5eCC0T
sop  uado |y - - (-) s1o1 - AND ‘YNYW - - VSN VvODL 3seaug (OIS - MINW) AINSEIH 'UIYD e
3|qe|ieAe 9|qe|ieAe uonew.ojul  uopew.ojul  syuedpnaed  [9pow ul s9|qeLiep sadf1 e3e@ uUoOnN|OSAU (urio) uiglio aweN sadAy Jedue) 159493Ul JO [SPO}  UONEJ0T  Jeak Uoyiny
apoD eieq aseasiq olyded3  jo usquinN urels aweN
-owesq uonexiy
:Apnas ul papiaoad sonstiideeyd Jueddnaey eIRp [BDIUID BIEP DIWQ  BIBP [SAA eIEp IX3 eIep [RUJIDIU|

(ponunuod) *| ajqeL



Jennings et al

(panunuod)
X0p
x931n0s +T8H (Ghy] €20C
9\ uado |y - - (s€19 629 - VNYW ‘AND - - VSN ‘DSNT‘vYOud) VOOL 997 (€ - BINW) UWVYD 'UIYD ‘39 NAA
Eal:3} x0T
924nos ‘1opuad J8H 15€20C
- uado|y  opes ‘a8eig @8y LS€ a8y VNYw 3d44 * «VSN (@vis) vooL - (yorwoag)  Ds-x0ndea@niniy rUYD ‘632 I9AA
- (avis
PEELES VNYW +8H ‘997 ‘avod ‘avni 9s€20T
so\  uedo |y - - (0D ISy - 'VNYW ‘wyNa - - AVSN ‘VDug ‘DHIT) VODOL 997 (9 - BINW) IVIN-DOH 'UIYD 39 BuBAp
X0p
x@3In0s +T8H 120
s9\  uado |y - - sl10l - YNYW - - VSN (vDug) voOL - (3seaug) Ngado BUYD ‘B33 BuBpp
Apiuyre
‘9ol X0p 4P 0T
dunos ‘1opuad Jeym VNQ 2ulwag I8H 352404 ‘€39
sap  uado |y a3e1g 98y 90¥ Je9duUN INg ‘S9A  /I1IBWOS ‘YNYW - - #VSN (OSNH) VOOL 225 (1B10) [BAIAING WopURY  AUBW.IDD) JaWijoA
Jusawileady
uoneipe.
‘quawneany
[eonnasew.eyd
‘Juawneany
Jopd
‘Aoueusijew
SNOUOJYDUAS
‘Aoueudijew
Joyud ‘o3e3s wyNa
Jnowny ‘adA3 ‘VYNYIW - 10T
4924nos J3dued ‘9ded ‘YNYW IP8H ‘eI
so\  uedo |y - - L9111 “Jopuas ‘a8y ‘WyYNA ‘AND - - £VSN VODL  MINW (€€ - BINW) angnnpy  Auewisn BA|IS-3[eA
x931n0s I8H 2720
- uado |y apein - 69% apein VNYW - - VSN (9971°'WED) VOIL  9DTWED (urelg) uoisnjodn|njy 'UIYD ‘le3d uey
uoissaudxa X0
4924nos uoud yNyw I8H 1s810C
- uedo |y - a3y 8.5 - ‘WYNQ ‘AND - - #VSN (voug) vodL - (3seaug) PIWD 'ulyD ‘[e32 ung
Apiuygie - 0s¥20T
‘1apuad I8H ‘le32
BN S9N - ‘98y vL6 - VNYW - - «VSN (vDug) VoL - (aseaug) Vv2DS$ VSN ueluewe.qng
- m«._NON
924nos «T8H ‘le19
sap  uado |y - - vL6 - VNyw - - «VSN (vDu8) voDL - (3seaug) V22D VSN uelueweigng
a|qe|ieAe 9|qe|ieAe uoljeW.IOjUl  uolewLIOjUl  sjuedidnued  [9pow Ul s9|qeLIBA sadAy eaeg  uonnjosad (u1Bi0) udlo aweN s9dA3 Jedue) 1S3491Ul JO [9pPOJy  UONEJOT  Jeaf Uoyny
apoD eI1eQg aseasiq oiydesg  jo sequinN ureas awreN
-owsq uoinexiy
:Apmas ul papiao.d sonstisoe eyd Juednaey e3Ep [BDIUID BIEP DIWQ  BIEP [SAA 'IEp IX3 eIEp [BUIDIU|

(ponunuod) *| sjqeL



Cancer Informatics

‘se[1e dwouds uadued 3yl ‘Yo ‘swsiydiowdlod aprospnu 3j3ulg ‘GNS 243uad Jadued SulI91IDY UBO|S [BLIOWRW “DIHNSIA VN Y-0DIW ‘YN YIW
‘YNY 498Uassaw ‘YN YW ‘uisoa pue uljAxorewsey ‘JgH ‘pappaquia uyjeded paxiy ul[ew.oy ‘Jd44 ‘uonejAylaw YN ‘WyNQ {WNIosuod sisAjeue anownl d1woaloud [ed1ulp ‘D[ dD ‘uoneliea saqunu Adod ‘AND Xapul ssew Apoq ‘[|\g :SUOnEIARIqqY

‘3|qe|ieA. Sulaq se paqLidsap 211dsap 9pod paieIdOSSE 01 PE3| 30U PIP Hul| 34aYM Jo papiao.d Jou

$|ul] 9pOd daYM sa1edIpul — (dsi93se) A3ijiqe|ieAr SpoD) [9POW [EPOWI|NW 33 40} 30U ING APNIS Y3 UIYIIM PIsn . SI9SeIBP UONEPI[EA [BUIIXD S49ym ()SI193ISE) BIep [BUI9IX 1IS9493Ul JO [9POW JNO UBY3 3Nsa. Jay3iy & paadlyde (A3ojolpe.
Suneaod.odu; ‘89) |apow [epownnw 3|qidIauUl UB 343YM S3IEDIPUI — (3]S1I19ISE) 3SD43JUl JO [SPOJ ‘Je3[2UN U0 PapIACId 10U UOIIBWIIONI ISYM Pasn - ‘5101e811S9AUI Y10q AQ PILUNSSE A|QRUOSED JIMSUE DUIUM SP|d1) 910USP 01 Pasn A|[eauas dsiiaIsy

x0T
x931n0s VNYW +I8H «€00T
- uado |y - - (908) 005 J9puan) ‘a3y VNYW ‘AND - - #VSN (O¥» ‘997) VoL 997 (T - BINW) SWIWY'S rUYD ‘32 nyz
VNYW - (991WED
x2dn0s ‘uoneanw +T8H ‘230N ‘avn 991 3uoy| a9¥ 20T
#oA  uado |y - - (0290 ev - 2nEWOS ‘AND - - VSN 'VOME VD19 VOOL  -WED (S - BInW) NISW SuoHq ‘e noyz
a3ers |y
93e1s ‘N ‘o3eas aJnjeudis - (xVSn) AisaaAun
1 ‘o8e1s WNL ISW ‘uoneinw I8H avay 91815 SUABAA BUWOUIDIBI0UIPY 15€20T
SaA S9N adeig xas ‘a8y Jea2un “Jopuas a8y neWos ad44 -VODL VSN VSN {avod) vooL (uojeD)  NIND ARSI VSN ‘39 noyz
114 (030N
x3In0s dNS IgH ‘avni ‘091w 995TWED 8uoy| 99€20C
sop  uedo |y - - (1£80) 695 - ‘VNYW ‘AND - - VSN ‘VDud ‘'vO1d) VOOL (5 - W) V.LIWD 8uoHq ‘39 noyz
(xvsn
aded - 95N1 (saumieay Suneaauas)
24n0s “1opuad «I8H  ‘avn) [er L Buiu3.08 avnl 59¥20T
s9\  uedo |y adeig @8y (6STI) bbb - VNYW - JV.LdD £VSN  8un7 [euoneN tyDDL (N} - 8un) WS VSN ‘e39 Suayz
(xvsn
- soN
x@3In0s I8H ‘WED) (91 49€20T
¥2A  uado |y a8mig  Jopuad 98y (Levl) 6€S - VNYW - VDL VSN DIDN VD19 VOOL  D3DN (€ - BINW) SISY-epY BUIYD ‘€39 OBYZ
X0b X0T
x921n0s VNYW +28H BUWIOISE|qOID £9020C
- uado |y - Jopuas a8y 15T - ‘WyNA ‘AND - - VSN (WgD) VOO L (ureag) IW-IH ruyD ‘39 Suryz
%924N0s J8H uu 9 120T
s9\  uado |y - - 06 - VNYW EEEE] - VSN vODL DDH (42A17) -X0D) 38e1s-0M | eulyD  ‘e39 ueyz
uoissaudxa -
4924n0s ueodd YNYw I8H 191202
- uedo |y ade1g 23y 1344 - ‘s21Wouan - * #VSN VODL  DOSOH (A1eAQ)  [opow solwo-ninjy euyD  e39 Suaz
uoissaadxa
up0.d X0p X0T
924nos a3e3s ‘s ‘uoizesnw I8H 208 05020T
- uado |y dlwoleuy  J4apuds a8y 91T - dnewWos ‘YNYw - - #VSN (DDSNH) voOL (P3N B PERH)  [2pow so1wo-njnjy euy>  e39 Suaz
uonisod
Jnownl
‘uonesyisse|d
uuew.iog (uiliny “2u0yod
‘08e1s WNLL xoF  (vsn) asaulyD 21qnd)
asanba. ‘ope.s ‘adha P!H  -avnl 671%5359 :(reydueys) es¥20T
- uo  [edBojoasiH xas ‘a8y (s6) €9 - VNYw - VODL  BUYD ‘BuD (yorwong) TNIWEDED eulyD ‘e 32 A1
S|qe|ieAe S|qe|ieAe uonewJoul  uopew.ojur  sjuedppied  [9pow ul s9|qeLieA sodf1 eie@ uonnjosal (urio) udlo sweN sadAy uedue) 159493Ul JO [SPO  UOREOT  JBA Uoyiny
spoD eyeq aseasiqg oiydesg  jo JaquinN ures aweN
-owsq uonexiy
:Apmas u1 papiao.d sonstieoe eyd ueddnaey ®IEP [BDIUID BIEP DIWQ  BIEP [SAA 'IEp IX] 'IEp |BUIIU|

(ponunuod) *| s|qeL



Jennings et al

(panunuod)
S9AUND |9POW [BAIAINS 153.104 WOPUEY 03Ul (S2UST
(4-5) dnoud siy/asen uonepifeA Ja|youdj|ed any) YNDODAM pue ‘(sadewr) XOD-OSSV1 PUe 34y 70T
X 08L0 - - voa - Oues-Zoydef Ny 30/ qued -ss04D  pLAAH VNDOM paye.d pueH g - LD9L 18t “WAS Aq pa323)3s $2.4n3e3) JO UOoNE.IZAUI 32210 SHOH ‘eIl
*A3a3e.05 BunyBiom paseq-ueissned pue Juie.nsuod
uolissa.dxa-02 Suidnous eia pare.Ssiul suopejuasaiday
"swiIa3 AYfepouw 23Ul pue eaaul 24mded o3 uopouny
y8nouya passed suopeluasa.da. d|qe.eys Ajepolu pue
(@) S9AIND uonepleA SY.1dd oypads Auepow jo Bujues) adedsqns - Suures| adedsqns 49€70T
- - 8v0°0+ 1zo - - dnoug sy pnsneis-o - "SS04D  dumedy - payeld pueH 99T €000T LN 16 6€s [ENPIAIpUL PUE 3|qe.eys a.eme-isk 2ARdepY SISY-BPY ‘B39 oryZ
S9AIND >JOM3WE.) UONEIUDSDIdD.I JUSIE| JUBASUOD-RINW
dnoug yjsiy/ase1 uonepijeA SV.1dd 03 3ndul se pasn pue XLIBW 3.N1ES) [EPOWININW 03Ul 1+€20T
= = Aoumv S¥00 Two - - V_CN..TMOI_\U_H 11e18-D - =$S0J4D 2J4njeaq - paye.ad pueH 997 £000T AmmV 911 VvEE P23BU3IBOUOD Sa.NJEJY [EPOWIUN HA0oM3awedd Y TP €12 M:_Z
S9AIND [9pow 3sa.104 Wopuey
(A-g) dnous yjsiyase uonepleA J9jyoud|je 03Ul A323J1p Pa3eJSSIUI $3.1NJBI) SDIWO PSS 19170T
X 1160 - - voa - ues-3oydess DNy - -S04 @Jnmiedg - paje.d pueH  0/6 - (89) g€l 67T puUE sa.anea) aewl pa1deaxXg [SPOW SOIWOo-NpY ‘819 SusZ
SuopE[R.LIOD 120
uonepijeA J3jyoud|j22 Ayepow.siul pue eaul Suinided ‘sisAjeue uope[R.LIOD ‘&3
- - - - - 2.103s |4 - - -SSOJD)  @Jnjesq - payesd pueH  €z€ - - b6 [ed1uoued as.eds JO JueLIeA paunidnas-ydeds) YOO  UeluBwRIgNS
S9AIND 359104 Wopuey ojul (sauad
(4-5) dno. >jsiy/ase3 uonepljeA yo.d22 any) YNDOA Pue ‘(sa8ew) XOD-0OSSV1 Pue 34y +120T
X 4160 - - v2a - uer-Soydess DNy 30(d -SSOUD  2dmEsy  YNDOM paen pueH /L€ bEOT (91)ze 66l “IWAS Aq pa123jas sa.n3ea) Jo uone.saul 19210 4dOH e
S9AIND
dno.g yjsry/asaa
(A-g) (1ID%56) >jueda-8o/ydess uonepleA J9jyo.d|je |9powW 353404 Wopuey € Aq paie.ddaiul 42120
X 9780 0780-S1L0 89,0 VDA - oNv/ARskes-D  30(d -SS04D  ddmjedy VNDOOM payeld puBH 65T TESS A s24n3eay 2uaB pue aFew A3ojotpedorsiy pa3ddEs SYLH - ‘[e39 UaYD
S9AIND |opow 3sa.04 wopuey Aq pareSaaul
(A-g) dnous yjsiy/ase uonepleA J9jyo.d|j@ (senbiuyoa3 uondsjes s|dn|nw) seJniesy sojwon|NW 120
X 8£60 - - voa - ues-3oydess DNy - -S04 @Jnjeag - payesd pueH 56 - (9€) 691 0L pue a3ew A3ojoyredoasiy pa1d9|ag [9pow SOIWORINRY B39 UBYD
“THIIW 40} [2U.I2Y] PAUIGUIOD € 10}
[BPOW $SO.JDE BUlUIqWIOD 3J0j2q ‘2dA3 Baep Uded
UIYIIM PAUIqUIOD 3. $3.NJED) PAIDI|DS WO. PIALISP
saaund dnous uonepleA J9jyo.d|je s|puJa| 3|dnnw - poyasw Sulules| [puasy 3jdinw 50207
X €60 - - - - dysiy/ydesd DNy - -ssodD)  2anesy - payeld PUBH 0S€ 05999 (18) ¥0T 15T 8uneadagu aunjesy aew [edidojoyredolsiH IW-IH ‘239 Sueyz
SaAIND
(A-5) dnous yjsiyasen uonepleA J9jyo.d|je |9POW 353.10) WOPUE. 03Ul AP23.Ip pare.3aiul saniesy 09020
X 6760 - - voa - Hjues-3oydess DNy - -ssodD)  @anjedy - payeld PUBH $S6  TOESE (6%) 901 91T olwo pue a8ewi pajde.ixg [Spow sOIWo-RINEy ‘839 Susz
(443 33) ydea uonepleA J9|yo.d|j@ Ajepow eyep Jad [puuay| 1esedss e yum ‘Bulules) 1s810T Sujuaes|
¥€00+ 8180 X 90 - - JNv/Ahskes-D - -SSOAD  ddmiesy - payeld pueH 0S€  8TY6S (22) svv 85 [2u2> 3|dn|nw Aq pa3e.8aiul $3.n3e9) PRIIRS IHWAD ‘[e 39 ung suiydely
S9AIND
dnoug yjsiy/asen [9pow sp.rezeH [euon.odo.g X0 03Ul pauUIqUIod
(4eajoun) (4e3poun) sjued-3o/ydess uonepleA - SJB UDIYM S34N3BD} PIBIDOSSE [BAIAINS SUJIRS| POYIaW €207
6900 16,0 1900+ [47AY] - - JNv/Ahskes-D - o I WOOW| payeld pueH  €9] - (1) 8¢ 15T BuluBa| DLW [EPOW-NINW dJeME-21n3ea] JEWVS 83D OBYS
S9AIND
(4eappun) dnous yjsiyase uonepleA - |opow spJezeH [euontodoud X0 YIm wyaliose 5,070
- - 900+ 927L°0 - 94035 Jalg Sjuel-807/o1sneIS-D - -$SOJD)  2Jnjesq WOOW| paye.d pueH  §g| - (1) Z8 06L uo[3I9as 2JNJed) [epow-iINw Sise-NinL] dATW ‘[e 39 oeyg
S9AIND
dnous ysiyase |opow sp.ezeH [euonJodo.g
uea-So/yde.d eaep 3ds - X0D) 03Ul $3.4N3B3}) USY3 ‘|9POW UOIIIDS 34NIed) 020
X €6L°0 X €LL0 - - JNv/Ahskes-d - wopuey  aJmed] VNDOM payeld pueH 9| 110t (o) s¥1 - §9¢ A3[EPOW-RINW [BUIP.IO BIA UORRIBIRS 24N3Ed] SIWWO 839 OBYS
saAINd dnous uonepifeA - [opows sp.rezep [euon.odo.y xoD) pasiie|nga. &2£10T uolssaJSa.
- - - - - - 3{s1y/3593 Yued-307 - -S04 @Jnjesy WOOW| payesd pueH ¢ 591 (€€) s€1 Olv -0sse| o3ul sauaBuaSIe pue saunles) 98ew| X0)-osse] ‘e 39 SusyD  paskiegnSad Ly
(prsw) oSNV (d133W)  X3pul-d NEAEYe) uoneUIWLISI] UoIIEpI[eA [9A3]  (s) poyaw  (poylaw paueu) ‘pued (%) u uondasap Suljjapoly (324) poys|y
Adiqeliep Ajiqeliep uoisng paweN yoeouddy Jeak doyany
S3|NsaJ [euJalu| SOINSEAW 9OUBWLIOLID 2umesy JwQo 24mead |SAA S10321palgd SIUBAT azIs
Apmg

"MIASY DI3BWRISAS SY3 Ul PIPN|DU| 3S2433U| JO S[9PO Y3 JO SDIIsLIBIdkIRYD) *T d|qel



Cancer Informatics

(panunuod)
s|npow
saAINd uonuae
(3ynsau dnous ysry/ser ‘(3aN28ew)) uonouny pooy|i| S0j BIA [BAIAINS 121pa.d pue auneay
a3eJone) (3ynsaa Sjues-oyde.d 0533NsY uonejuasauda. [epown|nuw deausd 03 SHIomIBUgNs 52220T
X 7990 93esaAe) X 590 - DNV/P1seIS-D - -$SOJD)  2Jnieaq NNS pautes] 9 - (62) 1591 0TS Ajepowiun jo uoisny 1onpoud JoxPauCTY JWIW ‘B39 UdyD
uonejp.LI0d |]spow
S|UEI |[BPUSY|/SIAIND sp.rezey [euonJodoud x0d Jesul| [EpownR|NW & 03Ul
(ID%S6) dnous ysry/ser eep 3|ds paJaayul 8139NSY $94nJe3) 3Ll PAUIB3| 3IM S|SPOW X0 [EPOWIUN «C0T
- - £95°0-1€S0 550 - Hjues-3o7pnsneIs-d - wopuey uoIsPd  snIeas QyH oqwo) § - - €8T wo.y sp.ezey [en.ed 80| aAneSsu jo uoisng DHO ‘e 39 wyd0g
S9AIND *UOIS$3.139.1 X0 .10} 2’| INAINO UE 3IM IDUU-X0D
dnous ysry/aser uopepl|eA Jajyoad)j@ 93e3s PUODIS B 03 SIPOU S PaIRIZIUI S|PPOLU IDUU-X0D 51202
- - X S0 - Hjues-307ansnels-d - -$SOJD)  94nyesq - pa3jead pueH - - - 067 oypads Ayepow jo sindinQ 3suu-x0) adejs-om | ‘[eI9 ueyz
I SaAIND uonIpa.d [BAIAINS I0J SlIOMIBU
‘A>eandde dnous yjsiry/ser [eANaU Pa3193UUOD A||nj 03Ul P} pue pasny |\34g
(aeapoun) (ae3joun) “kapiyads sueu-So/ydesd Ja|youdjjed Aujepow-aa1ul ue pue (L34g) so|npow Suipodus 51202
€500F 8080 990°0F STL0 DNV/PRsSHEIS-D - -ssodD)  24medy - pa3jRId PUBH 9 90T - 510l a.an3es) Jeaulliq oyads Ajepow jo sindinO WAAdD ‘[ 39 Suepp
‘sanijiqeqo.d [eAlalns [euonipuod sindino
S9AIND (3aN8ewy) puE UONEIUISAIdD 2.UNJED) PISN) SIYEI HIOMIDU [BUl 120T
(1D%S56) dnous ysry/aser NND 0539NsaY uaya Jake| uoisny eaep oul paj ‘(9 =u) Aljepow erep ‘239
- - 9080°69L°0 £8L°0 240ds g Hjues-307P1sHEIS-D - densicog  aumedy NND pautes] 7/0€ LE¥8OI  (T€) 109€ 1801 42d sjapow gns Buju.ea| desp pajesipaQ AANSHINY BAIIS-3[BA
‘uondIpaJd [eAlAINs oy (B3RP
[e21UI]> Y31Mm) 9B XOD 03Ul P3) PUE B|NPOW UOISNy
9.N3E9) [EPOWIN|NW PISE]-IIULIOJSUR.Y UOIIUSNE SSOID
SIAIND (3reasnynu) Aq pa3eadaaul (sauaB) saunyeay uo.andadad Jakejnw
(ae3poun) dnous yjsiy/sen 9Ny pue (sa8ewi) a|npow uoisny aan3esy [ediojoyred o120
- - 9100F 9180 - ues-3o7pnsneIs-d - aunjeay dIW pau.ea - - - s S[eds|NW paseq-Jawiojsuen jo INdinQO 39N L-Od LEERS |
uonoipa.d .10} [9pow X0d o3ul pay
S9AIND puB (WNDOAA) sauaduadio yaim pauiquiod ‘(SNND)
(4eapoun) dnoud >isiy/ase3 NND sadew) wo.y pajde.ixe saunjesy dea( Hjjomawely 00207
- - 6¥L0°LTS0 8€9°0 - jues-Bo7pnsneIs-d - aJnjeay VNDODA pautea gg| - (67) 09 60T SAITE.I393U] PIseq-2.nJea) [ePOW-SSOIY) SIH 4 dUD ‘239 BuiN
WWDDAa
(10%56) EETNECN] *19POOUI0INE [BUOIIPUOD BIA UOISN 94N3EI} DIWIO puE £c020T
- - 108°0°€1L0 1SL°0 - 21s1'IS-D - aunyeay - pau.ea - - - 978 98eWI YIIM SIOMIBU [eINBU PRIDBULOD A|In4 3IHd9aQg ‘€39 17
NND |spow sp.ezen [euon.dodoud
(ae3poun) 3593 Wins-Hjued paure.3-aid X0D) ul pasny suake| (39NSYdX0D paidepe) [ediud 6020
- - %6200+ 0.0 - UOXODJIAA/P1ISIIRIS-D - amea4 | INSVdAX0D pauted] |8 S0¥9 A4 4 pue awouas (NND) A8ojoyzed LIN-IOVd ‘e 39 oeH
‘8ujure ui pasn yoeo.dde anodoup [epowninjy
SoMIBN *uoNdUNY 50| X0D AQ UOMIP3.Id [BAIAINS 10} JOIDIA
[eanaN| NND 3j3uis oaur Japodua pasiatadnsun Aq passaidwiod
(3ynsau eep 3|ds AemysiH 19N3z93nbg SNIND 3[dnjnw eiA paieJausad sauniesd) dyads Ajepoly
- - 98esaAe) X 8L°0 - Q1SS - wopuey  a.n3esy daag pauJea 8¥0T 80€T9 - 09111 (ISM -+ VNYW + VNYIW + uld) [epowiyniy elodyD  3uiuaed) deag
»s¥T0T
uonepijeA Jayo.d|j2> ‘uonIpaJd [BAIAINS 10} [9POW 153104 WOpURY ‘639
- - X p€80 - onsneIs-O - -ssouD)  24mesy - payjeld pUuBH  THT - (bb) LL1 90b USY3 BIA UONDI[DS 2IN1ES4 ISIU04 [BAIAING WOpURY J3WIlOA
|opow sp.ezeH [euonJodo.y X0 pue 0sPT0T
(eapoun) SaAIND J9[yo.d|j2> s3uippaquia Jujof paseq-sisA[eue UoRE[2.10d [EDjUOUERD ‘39
- - 69900F £89°0 - dnoud jsrypnsnels-o - aunjeay - payeld puBH /07 S/01T - L6 pasijeuad 4q Sujspow yde.d dnsijiqeqo.d YDDS  UeluBWweRIqNS
(o130W) [[iAEYNe} UoRRUILLIDSIQ  UOIIRd [9A9]  (s) poyaw (poylsw paweu) [euly  ‘pued (%) u uondiisap 3uljspoly (324) poyapy
Anjiqeriep uoisng paweN yoeouddy Jeaf Uoyany
s3nsad [euiaiu| S2JNSEIW DUBWLIOLIDY 21n3e9) 2IWLQ 24nEd4 |SAA s.10101paJd SIUaAg azis

10

Apmg

(penunuod) - a|qey



Jennings et al

(panunuo)

S9AIND
dnous jsiy/asan [opow x0d & Suisn (DsxoHdasq) [ppow afewi
(4eappun)  (4-7) (4eapun) sjues-3oydead uonepleA J9|yo.d|j@ paseq-3ujuJes| deap Jo 2.102s dsid Yam sio1dipa.d 4s€70T
SS00F  €€8°0 0L00F  #¥L0 - - - -$S04D  PHAAH - poyendpueH Tl 48519 (OW) Tl LSE aua3 pue o3¢ jo uope.3al| D§-X0DARRANBINW 232 M
‘PooyiR
Japodusoine [en.ed 80| aAle8aU UOIIDUNY [BAIAING "UOIIBUDIBIUOD
payjsew paseq BIA P3SN} USY) SuawLIojsue.) diededas y3noays pay
S9AIND -law.iojsue.y $94N3e9} JIWO pue(UOHUIIE S5O dIWo Aq papind)
(4eajoun) dnoug yjsiy/asen uonepifeA UoIsIA suopeIuasaIdal [SAA S[EISIINW - I9pOdUSoINE 9s€£20T
- - €€00F 1580 - - jues-8o7pnsnels-d - -ssodD)  24niesy dTW pauiea] 7S0T - - 1Sk POYSEW UOIIUSNIE-SSOUD [edIydesdlH JYW-DH  ‘[839 Suepp
(uoisny a3e]) 3|Npow uoIssa.IZa.
2.402s S9AIND X0 [euy & 03ul paje.danul sindinQ 'saames) (i) &€20T
(ass) ausodwo) dno.g yjsry/asaa uonepifeA NND 0532Nsay J1Wo pue (NND) 28ew! paALIap [9pow 3uisn s|apow ‘&30
- - 6100+ 16170 - ‘Jodsusug  jued-S07/21SNEIS-D - -$504D dW pautes] 960y 6/8CI - €8/ spJezey [euon.odoud xo0d dyy1dads Aijepol uoisng aje] RNEL7CHIN
NN
S9AIND ‘(39N8ew))
dnous ysiy/ase 101-39Nsy ®3ep dIWo
(4eajoun) (4e3joun) suea-So/yde.d uonepifeA ‘4 439UN -n|nW pue a8ew asn) 01 JaAe| UOIUNIE YUM SisA[eue #E20T
LY0'0F LELO 0€0°0+ 60L°0 - - JNv/Alshes-o - 55043 3umedy WOowW| pauled] 7/T LT (6) T S9€ uoRE|R.I03 [ed1UOUED Pasielaudt dedq STIL-OWI ‘[e 39 oryg
J94e X0D) 03Ul BIRP [EDIUID YIM
SaAIND PAUIGUIOD “JBULIOJSUR.IY UOISN) [BPOW-SSOID Aq B3RP
(4e3joun) dnou8 >jsry/ser uonepleA SNIND 2[dnjnjy J1wo pue a3ewi jo uone.idalul {(UOHJBIIXS NIy €20
- - €200 80 - - jues-3o7pnsneIs-d - -ssodD)  2amedy - pau.ea - - - 0TS 98ewW) JoWLIOJSUR | UOISN 9[edS RN AING-SUBA | ‘632 A
SaAIND
dnous jsiy/ase (3aN8ew) S IOMIWIE.Y
(3ynsaa Sjues-Soyded uonepijeA 0539NsoY JauLIojsue.3 A3j[epow-sso.d paping [emnw o8e3s-oma 56£20T
- - 23eJene) x £99°0 - - DNV/21sIRIS-D - -ssOJD  aJmedy NNS pauJes] 957 - - /SS¢€ Yam paseadaaul s8uippaquia dyioads Adiepoly LD ‘le32 N
(eaep Buissiw 1gNWIS 03) J9pOdUIOINE
POY[SBW 3UIUO YIIM paure.l Aulof "SSo| X0 BIA
UOISIDOp 2.40§2q (UORJEIAIUI [BPOULIDIUI) SNpOW
S9AIND (NND) Supxiw a3patadAy yam Jake| [euonnjoauod ydeasiadAy
(ID%S6) dnoug sjsry/asan uonepleA EEINLITN] uay1 sJaAe| JoMIBN [eUOnN|OAUOD) YydeiD) oul 16€£20T
- - 1000+ Y2740 - 94035 Jalig Sjuel-807/o1sneIS-D - -$504D) v3asO pauJtea] ¢ $0S 1T - §8¢ paj suoneiuasa.udau ydess Ajepow 1ounsiq NDOH ‘32 noH
S2AIND (3aN23ew) ndiano
(4eajoun) (4eajoun) dnousg ysry/ydead uonepifeA 75 1-3™9NsY >jsean|nw 01 paj andino a4ojeq NND JoAe|-294y2 25220T
9100+ SI60 S100+ 1580 - - JNv/Ahskes-D - SS04D  dumeay NDOS paulea] 0007 LEVTY - 69 BIA P3sn} USL3 PA3BUSIBOUOD $3.N3E34 UOISNJODRINKW ‘39 ue]
S9AIND
dnous ysiyase uondIpa.d [BAIAINS 10§ UOIDUNY SSO| POOY!|)|)|
(4e3joun) (4e3joun) uea-So/yde.d uonepleA J9jyoud|je [enJed X0d YlIM S3|NPOW JBBUI|Iq PISIIOIDE) [BUOIIUIIE £ CT0T
ST00+ 9080 ¥20'0+ 99L°0 - - JNv/Aishes-3 - "$s04D  aumeay - payeld pueH 0¥T  STI9% - 5101 Aujepow-ssod pue dyads-Aijepow Jo uoisny ANSEIH ‘eI
S9AIND ‘[opow sp.ezep [euonJdodo.d X0 03Ul s3usd qny Yam
dnoug sjsry/asen pare.anul (Wsiueydsw uonuane Aq [9A9] Jusned o3
(A1) (ID%S6) suea-Soydesd uonepifeA 6199A pa1e82.433e 5J0MIBU [BUOIIN|OAUOD A||Ny SoUBISUI-R|NW 0e20T
X 9180 LL00+ 9vL'0 VvOd - ONV/PRsEAS-D -S04 PHAAH VNDOM pauJes g S00S (9¢) €71 9ve BIA) 24035 sl [93] yaed A3ojolaed Afepowu-i3npy ‘e 39 noH
‘uonduNy sso| pooyRX|
|enJed x0d Aq pasiaiadns 5I0MmIBN| ‘suoideIUl
NDOO Aujepow [apow 031 3onpoud Jsxd3uocJy| pue
S2AIND ‘(3aN28ew) wsiueydaw uonualze Sunes Aq pasny (dlwouad - NNS
(4eajoun) dnous >sry/ser uonepleA 61DDA PJBMIOJ-paa4 ‘saSewil - NDD pue NND) S103081IXd 2T0T
- - 6000+ 9780 - - Sjuel-807/o1sneIS-D - -$S0JD)  2Jnjeaq NNS oquoD - - - 69/ 2.4NJE9) SE $HJOMIBU [EpOWIUN UOISN4 djwoyyed ‘B39 uayD)
(Prpw) DNV (orPW)  xapul-d [LAEWe) [oA9]  (s) poyaw  (poylaw pauweu) ‘pued (%) u u uondiiasap 3uljlepoly (J21) poys |y
Aiqeliep Ajiqeliep uoisng paweN yoeouddy Jeak doyany
S3NsaJ [eutaau] $9UNSEAW DDUBWLIOLIDY 2Jmes) dIWQO 24Mea4 [SAA sJ0321pald S3USA] azIs
Apnmag

(penunuod) -z a|qeL



Cancer Informatics

12

‘SISAeUB >JOMIBU UOISsDdXa-00 auad paaySiom YNDDAA OIS pJepuels 1IJIS (UOIBIASP PJePURIS ‘(IS JOMISU BulsI[BWIOU-J3s ‘NNS S10MIaU [euonnjoAuod ydeus asieds ‘NDOS ‘epow Suiyidue Juswdss ‘WS ‘so1siaeas Aousdelpe pjoysa.ys 9.y

Jaraweded ‘Sy | 44 ‘uo.ndaduad uakel-ninw ‘g 1981w anbipd-isenb [ewixew [e20] ‘LWDHOW] Lnoquiau Isadeau Y ‘NN Adusidyap uone:
HlIOMIBU [BUOIIN|OAUOD Yde.d ‘NDD {P3I22UU0d A||n} ‘D4 ‘[SPOW dJnixiw ueissnes [euonipuod desp ‘WINDDQ !SISA[BUB SAIND UOISIIBP ‘YD HOMIBU [BINSU [BUOIINJOAUOD ‘NIND [BIIUI]D “Ul|D {[BAJIIUI 9DUSPLUOD ‘|D) ‘UonRIqI[RD ¢

woda. snodojowoy ‘QyH ‘4owojsue.y piwelid adewn [ed1ydaealy ‘| dH ‘SIsA[eU. JUSWYDLIUS 39S 9Ua3 ‘YISO

2D :SUOIIRIARIGQY

|opow p.ezen [euondodoud xoD) 03 andu pue A8s3e.3s
9|quiasua Ue BIA paeJS93ul UBY3 ‘sajnpow paseq

19podud -UOIIUSIIE PUE SISPODUS 34Nk} YSno.ayl passed aue
(@) S9AIND uonepijeA paseq 1dIH BIBP DIWO PUE S|SAA JO suoneuasatdau Seq [epowiun 80¥20T
- - 8100+ 1780 - - dnoud>isiy/pnsnes-d -S04 2Jnjesy s|quissuy pau.es - - - 6 - JJOMIBN 3|qWIasug [BAIAING [epowdnly NISIW  ‘[e 32 hoyz
(paurenaud)
(@) ydes3 uonepifeA NND wsjueyd3W paseq-uousne sP20T
900 690 (@) L1000 €00 - - DNVPRsEEIS-D -SSOU)  ddmieay NN D4 pau.ea] - - (SO 951 bh ue 3uisn pauiquiod s3uppaquia yde. pazdaipun NS4 ‘e 39 Buayz
‘uondIpaJd [eAIAINS U0}
Pasn si uondUNy sSO| POOYI[}1|-80] B | "UOIIBUSIBIUOD
S9AIND (39N=8ew)) Aq saunjes) a8eWI pue 9USS JO UOISNY 31042q [SPOLU
dnoug »sry/asan uonepleA 0§39NS9Y J0 JaAe| uonesda.sse ||y pue JoAe| UOIIUDIIE [EPOL 6«70
- - x €190 - - jues-3o7pnsneIs-d -ssodD)  @aniedy NN D4 paulea] 957  0000€ 61Tl €9 -ss0J2 YSnoJys pay sa.n3es) parde.nxy JWIWeDED ‘239 31X
“e3ep 3uissiw 3|puey 03 pausisap $HiomIdu uonendw
om] ‘uondipaud [eAIAINS 1oj [9pow sp.ezey euontodoad
S9AIND (3aN28ew)) X003 & 031 Indul 9|NPOL UOISN B PUE SI9POIUI0INE
(4eajoun) dnoug yjsiy/asen uonepijeA 0539NsoY [ensiA om3 Buistidwod J9pOdUSOINE [eLIesISAPE 70T
- - 01'0F 780 - - jues-Bo7pnsnels-d -ssouD)  24niesy NNS paulea ] 8407 SI¥ITI - bS6 [epown|nw-pajdueaussip adeds-leng IBIN-WAA ‘239 NI
wbT0T
[9pow sp.iezey [euon.odo.g X0 BiA ‘€39
uonepijeA - $94n1ed) [eDIUID YaIm (sjopouw ajdia|nw) saunieay dlwo LICYRCTE
- - - - - - soled paezeH -S04 @Jnjesy - pautes] 7| - - £6S€ ‘(3d3NN) S9|qeLIeA PaALIap 9SeW! JO uoneidsu| € [Spo -zaJ43d
“lom3au [ednau dosp
S9AIND J9A|NW BIA UORDIPa.d [BAIAING 24NJES) PAUIGLIOD
1A dnoug »sry/asan ® 03Ul 5D0|q UoIshy dAndepe ue Aq paieadaiul
(4e3joun) ‘Aaeandoe suea-So/yde.d uonepleA J9jyo.d|je s3uippaquis 2.n1eay Jo uonesauad 4oy sa|npow £6720T
€00+ 1480 6£0°0+ wLo - REIEITEEEN JNv/Ahskes-d -$s04D  aumedy - payeld pueH 49 6LLTT - SpE Aepowrenul pue dyads Aijepoly WI423ul-ySe3u] ‘le32 N
SaAIND “49Ae| uondIpaJd X0 .10} pasn uoneaussa.da. uoisny pue
dnoug sjsry/asan (pauresnaud) BIEP [EDIUID YIIM PRIRUSIEIUOD SINAINQ "SHIOMIBUGNS
Sjues-Soyded uonepijeA WVS uowiwod AJ[epow-sso.d pue dyads Ajjepow o3ul £9€70T
X 780 X €480 - - DNV/A1IseIS-D -sso4D)  24nesy - pautea ] 70| - - 00§ ©IBP IWO + $98EWI 10} /S PaUlen-a.1d SWINV'S ‘€39 nyz
Hisid 301paud o3
saAIND (19NaSewy) dTIW ©2Ul 101239A 3aN3Edy [euly "dan3eusis JO/pue snIeIs
(eajoun) dnous sy ydess uonepijeA €A uondeou) UOIIEINW PUE SI|qELIBA [EDIUI]D Y3IM PIIBUSIBIUOD 19€£20T
X 80 610F 690 - - DNV/P1sRIS-D -ssoJD  aJmeay SNIBIS [S|A pau.iea] - - - - sonyeay a8ewil NND [9A9] 3|IL NND 2A3ea893u] 239 noyz
‘WSIUBYD9W UOIUSMIE UE Aq paje.ausl
S9AIND (3aN28ew)) suopeluasadau [epolu-ssold pue suoneluasaldad
(4eajoun) dnoug yjsiy/asen uonepifeA 05-39Ns9Y [EPOL-B.3UI 93B.I393UI $3UNIDN.I3S JSPOIIP-I2POIUD 99€20T
- - 91100F €580 - - jues-Bo7pnsnels-d -ssouD)  2aniesy NN D4 pau.ea] - - - 69§ |9||esed om3 - JusWUSIjE UOER|SURI [BPOW-SSOID YLWD ‘B39 noyz
'$SO| pPooyIja3]l| [en-ied X0 s} UORIUNY [BAIAING
“UONEURIBIUOD PUE WsIUBYIAW uonuaNe Sunes e Aq
SaAIND pasny pue sy1omiau areledas Aq Jues| suoneaussaidad
(4eajoun) (4e3joun) dnous ssry/ydeas uonepleA Jsyoud|jed JueLIRAUL AYI[EPOW pUB SuoREIURsaJdal dy1dads Ayjepow 8s£20T
L100F 6880 070+ 180 - - DNV/21sI'IS-D -ssoJ4D  aJmeaq - payeld pUBH  0FT - - 679 - 8ujurea] uonejuasa.da [epowninw paudife-ssoiD YWD ‘239 NAA
(prpw) DNV (dr38w)  xopui-d AN [LAEWe) [oA9]  (s) poyaw  (poylaw paueu) ‘pued (%) u u uondiiasap 3uljlepoly (J21) poysy
Ajiqeriep Ajiqeliep uD uoisng pawepN yoeouddy Jeak doyany
S3|Nsad [eutaau| $9UNSEA DDUBWLIOLIDY 21n3es) dIWQO 21n3e94 [SAA sJ1011paJg S3UDAT azis
Apnmag

(penunuod) g ajqeL



Jennings et al 13

Table 3. Risk of Bias and Applicability Assessment.

Development Evaluation Overall
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Figure 2.a. Summary of Quality assessment
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Figure 2.b. Summary of Applicability (development)
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Figure 2.c. Summary of Risk of Bias assessment
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Figure 2.d. Summary of Applicability (evaluation) assessment
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Figure 2. PROBAST + Al 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.

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

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.®” 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.?

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.?¢2%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.”® 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.”” 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
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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.

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.”

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 (mMRNA) data was
used in all studies, with additional -omics used in variable
combinations; somatic mutation data (n=9), micro-RNA
(n=15), 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.
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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
11000 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),*% Memorial Sloan
Kettering Cancer Centre,?> Molecular Taxonomy of Breast
Cancer International Consortium (METABRIC),** NCT-
CRC-HE-100,*° Paediatric Brain Tumour Atlas,*® National
Lung Screening Trial,® Tumour infiltrating lymphocytes in
breast cancer (TIGER),* Ruijin Hospital (Shanghai)*® and
Wayne State University.®” 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),284-46 classical ML methods (n=13) and DL
methods (n=31). ML methods included 7 models based on
random forest,?423:32:343460.61 3 my|ti constraint latent repre-
sentation framework,*' 2 variants of canonical correlation
analysis,***" two multiple kernel learning models®"%* and
a multiview subspace learning model.®* 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 loss?®®> and binary cross entropy
loss*”% were also used. One study used a custom likelihood
and ranking loss function (DeepHit).*?

Within the models, fusion of data at a feature level was
more common (n=42) than decision level fusion.??3!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.3%3257
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.?331:43:53
Qiu et al. and Hou et al. used latent-space reconstruction—
via variational autoencoders and online masked auto-
encoders, respectively—to recover missing features.*'** 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.?>** 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 study*!
and not commented on in the remaining 22 studies. Using
links to code repositories, in 4 studies code could not be
found,?® was described as “coming soon”®® or had been
taken down and was now only available on request.*!**

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 16X 16 to 5000 X 5000
pixels, most commonly 1000 X 1000 pixels (n=12) or
512X 512 pixels (n=11). Four studies used multiscale
patches.?’383%% 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,*>** graph neural network,’""% transformer®®3%-¢
or foundation model®® 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.**% 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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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 FI metrics (n=1) so were not
included in this comparison. Supplemental Table S1, indicates all studies which undertook unimodal performance comparisons.

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 ratios*? and F1 score.®

Five studies performed external validation on their
multimodal model,*$-%649367 with an additional 4 studies
undertaking external validation but only of unimodal mod-
els in their study.?*?>>7¢! 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.?*23:30-32.346061 Foyr additionally
explored end-user presentation of the model via develop-
ment of nomograms?*3%3234 and a further study generated
an online tool.>’

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
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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.™
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.””* 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 5years. 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.® 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.*® 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
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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.”!-7+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 software'®), 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,’*% 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.3*%” 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 385

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.?%* Whilst there is rapid prolifera-
tion of prognostic models in cancer, the translation rate
from academic generation to clinical implementation is
very low.® 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.”® Future
research in this area should adhere to reporting guidance,
recently updated to better reflect complexities of ML-based
modelling. TRIPOD + Al is a 27-item checklist designed to
promote transparent reporting of studies developing, vali-
dating or updating prediction models.”’ The PROBAST +
Al tool used in this review also outlines best practice
approaches to data selection and handling, modelling, and
reporting.”’ 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.”? In
parallel, digitisation of pathology services across the UK
is not yet complete.”® 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) network® and the Cancer
Moonshot Biobank,”® are increasing the availability of
publicly accessible -omic data with matched pathology and
radiological imaging data. Genomics England’s 100000
Genomes Project Multimodal Programme is a large apply
to access dataset also on the horizon.’® However, existing
“apply to access” datasets, such as the Children’s Brain
Tumour Tissue Consortium®’’ and METABRIC (breast)’®
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.”
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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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