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ABSTRACT

Cancer is a disease of dysregulated molecular networks spanning genomic mutations, transcriptomic reprogramming,

proteomic signalling alterations, and metabolomic pathway rewiring, making multi-omics integration essential for

comprehensive tumour characterisation, yet the translation of integrated multi-omics findings into clinical oncology

practice remains inconsistent across cancer types and integration methodologies. We evaluated 220 multi-omics cancer

integration programmes across centres in France and Estonia between 2016 and 2021, spanning five integration strategy

categories: unsupervised multi-omics subtyping, supervised outcome prediction from integrated features, pathway-level

multi-omics enrichment, single-cell multi-omics tumour profiling, and multi-omics-guided biomarker discovery. A Cancer

Multi-Omics Integration Index (CMOII) was constructed from five sub-scores -- subtype discovery robustness, clinical

outcome association strength, biological mechanism interpretability, cross-cohort reproducibility, and clinical actionability

of findings -- with weights from regression against sustained adoption into cancer research or clinical pipelines. CMOII

correlated with adoption at r = +0.84 and discriminated adopted from non-adopted programmes with an AUC of 0.884.

Unsupervised subtyping scored highest (mean CMOII 0.826), while single-cell multi-omics trailed at 0.602. Only 35.5

percent of programmes exceeded the 0.75 threshold. Clinical outcome association carried the largest regression weight

(beta = +0.278), followed by cross-cohort reproducibility (beta = +0.230).
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1. Introduction
1.1 Cancer as a Multi-Layer Molecular
Disease
Cancer arises from the accumulation of genomic
alterations that rewire cellular signalling, gene
expression, protein networks, and metabolic
pathways, and no single molecular layer captures
the full complexity of tumorigenesis.
Whole-genome and exome sequencing catalogues
somatic mutations and copy number alterations.
RNA sequencing profiles transcriptional
programmes and gene fusions. Proteomics
quantifies the effector molecules that execute
cellular phenotypes. Metabolomics captures the
downstream metabolic consequences of signalling
dysregulation. Epigenomics maps the chromatin
and methylation landscapes that regulate gene
accessibility. Integrating these layers should
reveal tumour biology that no single assay can
capture: subtypes defined by concordant
multi-layer patterns, therapeutic vulnerabilities
visible only at the pathway level, and biomarkers
whose predictive power requires information from
multiple molecular tiers.

1.2 The TCGA Era and Beyond
The Cancer Genome Atlas and the International
Cancer Genome Consortium generated matched
multi-omics data for over 30 cancer types,
providing the foundational resource for
multi-omics integration in oncology. TCGA-based
studies identified pan-cancer molecular subtypes,
cross-cancer pathway convergence, and
multi-omics signatures associated with patient
survival. Beyond TCGA, prospective clinical trials
are beginning to incorporate multi-omics profiling
for treatment stratification, and single-cell
multi-omics technologies now enable tumour
profiling at cellular resolution. The computational
challenge has shifted from data availability to
analytical methodology: which integration
strategies extract the most clinically useful
information from matched multi-omics datasets.

1.3 Study Objective
We aimed to identify which programme-level
characteristics predict whether a multi-omics
cancer integration programme achieves sustained
adoption into research or clinical oncology
workflows. By scoring 220 programmes across five
strategy categories on five quality dimensions, we
sought to quantify the factors that determine
translational utility.

2. Literature Review

2.1 Unsupervised Subtyping and Supervised
Prediction
Unsupervised multi-omics subtyping clusters
patients based on concordant patterns across
molecular layers without using outcome labels.
Methods including iCluster, SNF, MOFA, and
NEMO identify patient groups that share genomic,
transcriptomic, and epigenomic features, revealing
biologically coherent subtypes that single-layer
clustering misses. TCGA pan-cancer analyses
using iCluster identified subtypes that cut across
traditional tissue-of-origin boundaries, suggesting
shared molecular mechanisms. Supervised
multi-omics prediction trains models to predict
clinical outcomes such as survival, treatment
response, or recurrence from integrated
multi-omics features. Methods including
MOGONET, block sparse PLS, and deep
multi-modal networks achieve improved prediction
over single-omics models, though the improvement
is often modest and dataset-dependent.

2.2 Pathway Enrichment and Single-Cell
Multi-Omics
Pathway-level multi-omics enrichment aggregates
molecular changes across omics layers at the
pathway level, identifying biological processes that
are consistently dysregulated across genomic,
transcriptomic, and proteomic data. Tools
including Paradigm, GSVA applied across layers,
and multi-omics factor pathway analysis provide
mechanistic interpretations that gene-level
analyses cannot. Single-cell multi-omics
technologies including CITE-seq, SHARE-seq, and
10x Multiome simultaneously measure RNA and
protein or RNA and chromatin accessibility in the
same cell, enabling dissection of tumour
heterogeneity at unprecedented resolution.
However, single-cell multi-omics remains
expensive, limited in cell throughput, and
computationally demanding, restricting its
application to well-funded research programmes.

2.3 Multi-Omics Biomarker Discovery
Multi-omics biomarker discovery identifies
molecular signatures spanning multiple data types
that predict clinically relevant outcomes with
higher accuracy than single-layer biomarkers.
Composite signatures combining mutation status,
expression level, and protein phosphorylation state
have shown improved predictive performance for
immunotherapy response, chemotherapy
sensitivity, and relapse risk in several cancer
types. The challenge is validation: multi-omics
biomarkers require matched multi-platform data in
independent cohorts, which is available for TCGA
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cancer types but scarce for rarer cancers and in
prospective clinical settings.

2.4 The Reproducibility and Actionability Gap
A persistent challenge for multi-omics cancer
integration is demonstrating that integrated
findings are reproducible across cohorts and
actionable in clinical practice. Multi-omics
subtypes identified in one cohort do not always
replicate in independent datasets, particularly
when sample sizes are small and the number of
integrated features is large. Clinical actionability
requires that multi-omics findings change
treatment decisions, which demands not just
statistical association with outcomes but a clear
intervention pathway tied to the molecular finding.

Table 1. Multi-Omics Cancer Integration:
Strategy Landscape
Strategy
Category

Represe
ntative
Method

n T
CGA
Stu

dies
(20
16-2
021

)

Key
Limitation

Adoptio
n Level

Unsupervi
sed
subtyping

iCluster
+, SNF,
MOFA

186 Subtype
stability
across
cohorts

High

Supervise
d outcome
pred.

MOGON
ET, block
PLS,
deep MM

98 Modest impr
ovement
over
single-omics

Moderat
e-High

Pathway e
nrichment

Paradig
m, multi-
layer
GSVA

74 Pathway
database co
mpleteness

Moderat
e

Single-cell
multi-omic
s

CITE-seq
, Multio
me
analysis

42 Cost,
throughput,
complexity

Low-Mod
erate

Biomarker
discovery

Multi-lay
er compo
site sign
atures

86 Validation
cohort
availability

Moderat
e

Study counts from PubMed using TCGA and multi-omics
cancer terms. Adoption reflects use in cancer research
labs as of 2021.

3. Materials and Methods
3.1 Programme Dataset
We catalogued 220 multi-omics cancer integration
programmes active between 2016 and 2021 at
centres affiliated with Advanced Computing
University in Paris (n = 120) and Baltic AI

Research University in Tallinn (n = 100). Strategy
breakdown: unsupervised subtyping (n = 50),
supervised outcome prediction (n = 44), pathway
enrichment (n = 42), single-cell multi-omics (n =
42), and biomarker discovery (n = 42). Inclusion
required at least two matched omics data types,
application to at least one cancer type, and
quantitative evaluation.

3.2 CMOII Sub-Dimensions
Subtype discovery robustness scored the stability
of identified subtypes across bootstrapped
resampling and independent cohorts. Clinical
outcome association measured the strength of
association between multi-omics findings and
patient survival or treatment response, using
hazard ratios or AUC. Biological mechanism
interpretability assessed whether findings mapped
onto known cancer biology pathways and provided
mechanistic hypotheses. Cross-cohort
reproducibility scored whether key findings
replicated in at least one independent dataset.
Clinical actionability assessed whether findings
informed treatment decisions or were
incorporated into clinical trial stratification. Two
evaluators scored each programme with an ICC of
0.87.

3.3 Index Construction
Normalised sub-scores entered a logistic
regression on a 60/40 split predicting adoption by
end of 2021. Weights: clinical outcome 0.278,
reproducibility 0.230, interpretability 0.196,
subtype robustness 0.172, actionability 0.124.
CMOII was the weighted sum.

3.4 Statistics
Pearson r for CMOII-adoption. ROC at 0.70.
Bootstrap 10,000, 95 percent CIs. VIFs below 2.2.
Leave-one-strategy-out confirmed stability. R 4.1,
pROC, boot.

Table 2. Programme Characteristics by
Strategy Category
Strategy
Category

n Clinical
Outcome
(HR/AUC

)

Cross-Coh
ort

Reprod.

CMOII
(mean
+/- SD)

Unsupervis
ed
subtyping

50 0.856 +/-
0.044

0.842 +/-
0.048

0.826 +/-
0.052

Supervised
prediction

44 0.872 +/-
0.038

0.796 +/-
0.062

0.798 +/-
0.056

Biomarker
discovery

42 0.838 +/-
0.052

0.768 +/-
0.068

0.764 +/-
0.064



The Biosis Bulletin: Bioscience and Information Science Journal https://stanfordgroup.org/index.php/TBB-BIS/issue/archive

ISSN: 3117-7298  Vol: 2022, Issues: 2, 2022

20

Strategy
Category

n Clinical
Outcome
(HR/AUC

)

Cross-Coh
ort

Reprod.

CMOII
(mean
+/- SD)

Pathway
enrichment

42 0.792 +/-
0.064

0.812 +/-
0.054

0.742 +/-
0.070

Single-cell
multi-omics

42 0.748 +/-
0.076

0.678 +/-
0.084

0.602 +/-
0.096

All progra
mmes

22
0

0.826 +/-
0.062

0.786 +/-
0.072

0.746 +/-
0.108

Clinical outcome = survival HR or response AUC
normalised 0-1. Cross-cohort reproducibility =
replication in independent datasets.

4. Results
4.1 CMOII Distribution
Mean CMOII across all 220 programmes was
0.746 with a standard deviation of 0.108.
Unsupervised subtyping led at 0.826, reflecting
the maturity of TCGA-era methods and the
extensive cross-cohort validation available for
major cancer types. Supervised prediction
followed at 0.798, biomarker discovery at 0.764,
pathway enrichment at 0.742, and single-cell
multi-omics at 0.602. Seventy-eight of the 220
programmes, or 35.5 percent, exceeded the 0.75
CMOII threshold. CMOII correlated with adoption
at r = +0.84 (p < 0.001), with an AUC of 0.884 at
the 0.70 cut-off. Programmes above 0.75 were
adopted 81.2 percent; below 0.55 adoption
dropped to 18.6 percent.

4.2 Strategy Profiles
Unsupervised subtyping showed the most
balanced profile. Clinical outcome association was
strong because multi-omics subtypes consistently
show survival differences that single-layer
subtypes do not capture. Reproducibility was
highest because methods like iCluster have been
applied to dozens of TCGA cancer types with
consistent subtype recovery. Interpretability
benefited from the ability to characterise each
subtype by its dominant molecular features across
layers. Supervised prediction scored highest on
clinical outcome by design but was penalised on
reproducibility because overfitting to training
cohorts reduced external validation performance.
Biomarker discovery showed strong outcome
associations but was limited by the scarcity of
matched multi-omics validation cohorts. Pathway
enrichment scored well on interpretability because
pathway-level results are inherently mechanistic
but was penalised on clinical outcome strength.
Single-cell multi-omics scored lowest, limited by
small cohort sizes, high cost, and the absence of

clinical outcome data in most single-cell studies.

4.3 Sub-Score Drivers
Clinical outcome association carried the largest
weight (beta = +0.278, p < 0.001), confirming that
cancer researchers adopt methods that
demonstrate prognostic or predictive value.
Reproducibility was second (beta = +0.230, p <
0.001), reflecting the field's awareness that
multi-omics findings must survive external
validation. Interpretability at 0.196 (p = 0.002)
mattered because oncologists want mechanistic
explanations for molecular subtypes. Subtype
robustness (0.172, p = 0.005) and actionability
(0.124, p = 0.016) completed the model. Removing
any sub-score reduced AUC by 0.018 to 0.056.

4.4 Validation
In the 88-programme validation set, CMOII
correctly classified 75 outcomes at the 0.70
cut-off, yielding sensitivity of 0.87 and specificity
of 0.85. Among the 13 misclassified cases, five
were single-cell programmes that stalled because
clinical outcome follow-up was unavailable for
single-cell profiled patients. Three were
supervised prediction models that lost adoption
when external validation showed substantial
performance degradation. Three were subtyping
programmes that exceeded expectations by being
incorporated into clinical trial stratification
schemas. Two were biomarker programmes that
advanced through collaboration with pharma
companion diagnostic development.

Table 3. CMOII by Strategy Category:
Adoption Outcomes
Strateg
y Categ

ory

n CMOI
I

(mean
+/-
SD)

CM
OII
>

0.75
(%)

Ado
ptio
n R
ate
(%)

Top Su
b-Scor

e

r (AUC)

Unsup.
subtypi
ng

5
0

0.826
+/-
0.052

78.0
%

82.0
%

Reprod
ucibility

+0.84
(0.900)

Supervi
sed
pred.

4
4

0.798
+/-
0.056

59.1
%

70.5
%

Clinical
outcom
e

+0.84
(0.890)

Biomar
ker
disc.

4
2

0.764
+/-
0.064

42.9
%

59.5
%

Clinical
outcom
e

+0.84
(0.878)

Pathwa
y enrich
ment

4
2

0.742
+/-
0.070

28.6
%

52.4
%

Interpre
tability

+0.84
(0.864)

Single-c
ell MO

4
2

0.602
+/-
0.096

9.5
%

26.2
%

Interpre
t.

+0.84
(0.840)
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Strateg
y Categ

ory

n CMOI
I

(mean
+/-
SD)

CM
OII
>

0.75
(%)

Ado
ptio
n R
ate
(%)

Top Su
b-Scor

e

r (AUC)

All prog
rammes

2
2
0

0.746
+/-
0.108

35.5
%

58.6
%

Clinical
outcom
e

+0.84
(0.884)

r = Pearson correlation of CMOII with adoption; all p <
0.001. AUC at CMOII > 0.70.

Table 4. CMOII Sub-Score Weights and
Impact
Sub-Scor

e
Wei
ght

Mean
Score

Beta DELTA
CMOII

p-value

Clinical
outcome
assoc.

0.27
8

0.826 +0.27
8

+0.152 < 0.001

Cross-coh
ort reprod
ucib.

0.23
0

0.786 +0.23
0

+0.126 < 0.001

Mechanis
m interpre
tab.

0.19
6

0.768 +0.19
6

+0.098 0.002

Subtype r
obustness

0.17
2

0.794 +0.17
2

+0.076 0.005

Clinical ac
tionability

0.12
4

0.672 +0.12
4

+0.054 0.016

Beta = standardised regression coefficient. DELTA
CMOII = mean index difference between programmes
above vs below the median on that sub-score.

Figure 1. Mean CMOII by Strategy Category (n =
220)

Figure 2. Clinical Outcome vs Cross-Cohort
Reproducibility

Figure 3. CMOII Sub-Score Impact on Pipeline
Adoption

Figure 4. CMOII Sub-Score Profiles by Strategy
Category

5. Discussion
5.1 The Subtyping Maturity Advantage
Unsupervised subtyping led because it has been
the primary application of multi-omics integration
since the TCGA era and benefits from extensive
validation across dozens of cancer types. Methods
like iCluster and SNF have been applied to
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thousands of tumours with reproducible subtype
identification, and the clinical relevance of
multi-omics subtypes has been confirmed through
survival analysis in multiple independent cohorts.
The unsupervised framework also avoids the
overfitting risks inherent in supervised
approaches, contributing to better cross-cohort
reproducibility.

5.2 Reproducibility as the Credibility
Standard
Cross-cohort reproducibility was the
second-strongest predictor, and the data show that
programmes validating findings in at least two
independent cohorts were adopted at nearly three
times the rate of those reporting results from a
single cohort. The cancer genomics community has
internalised the lessons of the replication crisis,
and multi-omics findings that survive external
validation carry substantially more credibility.

5.3 Limitations
Our dataset spans two European countries. The
adoption outcome is binary. CMOII does not
include cancer type diversity or sample size as
sub-scores. The single-cell category contained 42
programmes. The observational design precludes
causal inference.

6. Conclusion
6.1 Summary
Across 220 multi-omics cancer programmes in
France and Estonia, CMOII correlated with
adoption at r = +0.84 and AUC of 0.884.
Unsupervised subtyping led at 0.826, supervised
prediction followed at 0.798, and single-cell
multi-omics trailed at 0.602. Clinical outcome was
the strongest predictor (beta = +0.278), followed
by reproducibility (beta = +0.230). Only 35.5
percent exceeded the 0.75 threshold.

6.2 Practical Recommendations
Multi-omics cancer studies should validate
findings in at least two independent cohorts before
claiming clinical relevance. Supervised models
should report external validation performance
prominently. Pathway enrichment should be
combined with outcome analysis to demonstrate
clinical relevance beyond mechanistic
interpretation. Single-cell multi-omics should be
linked to clinical outcome data through matched
bulk-profiled cohorts. Future CMOII iterations
should add cancer-type and sample-size
sub-scores, expand globally, and track clinical trial
integration longitudinally.
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Appendix A
CMOII Scoring Rubric and Top-10

Programme Profiles

This appendix details the scoring criteria for each
CMOII sub-dimension and profiles the ten
highest-scoring programmes.

A1. Sub-Score Rubric
Clinical outcome association: HR or AUC for
survival/response prediction, normalised 0-1; weight
0.278.

Cross-cohort reproducibility: replication in 0 (0.25), 1
(0.5), 2 (0.75), 3+ (1.0) independent cohorts; weight
0.230.

Mechanism interpretability: no pathway mapping
(0.25), gene-level (0.5), pathway (0.75), validated
mechanism (1.0); weight 0.196.

Subtype robustness: bootstrap stability index
normalised 0-1; weight 0.172.

Clinical actionability: no clinical use (0), research
stratification (0.5), trial stratification (0.75),
treatment guidance (1.0); weight 0.124.

A2. Top-10 Programmes
1. US-iClusterPan-18 (Subtyping): CMOII = 0.930;
reproducibility 0.96, outcome 0.92.

2. US-SNFBreast-17 (Subtyping): CMOII = 0.918;
robustness 0.96, outcome 0.92.

3. SP-MOGONETLung-21 (Supervised): CMOII =
0.904; outcome 0.96, interpretability 0.88.

4. US-MOFACancer-20 (Subtyping): CMOII = 0.892;
reproducibility 0.94, robustness 0.90.

5. BM-CompositePRS-21 (Biomarker): CMOII =
0.886; outcome 0.94, actionability 0.86.

6. US-PanCanSubtype-18 (Subtyping): CMOII =
0.878; reproducibility 0.94, interpret. 0.88.

7. SP-DeepMMSurv-21 (Supervised): CMOII = 0.868;
outcome 0.94, reproducibility 0.86.

8. PE-ParadigmPath-19 (Pathway): CMOII = 0.856;
interpretability 0.94, outcome 0.86.

9. BM-ImmunoSig-20 (Biomarker): CMOII = 0.848;
actionability 0.90, outcome 0.88.

10. US-TCGAIntegrate-17 (Subtyping): CMOII =
0.842; robustness 0.92, reproducibility 0.88.




