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ABSTRACT

Personalized oncology -- the matching of cancer treatment to the genomic, transcriptomic, and clinical characteristics of

individual tumours and patients -- has transformed therapeutic outcomes in subsets of cancers where molecular driver

alterations (EGFR, ALK, BRCA, HER2, KRAS G12C, BRAF V600E) predict response to matched targeted agents, but

remains empirical for the majority of cancers lacking validated predictive biomarkers. The expansion of next-generation

sequencing (NGS) panels, tumour mutational burden (TMB) assessment, and multi-omics profiling has generated an

unprecedented volume of tumour molecular data, yet the translation of this data richness into optimal treatment selection

requires quantitative models that integrate molecular features, patient performance status, comorbidities, and prior

treatment history into personalised treatment recommendations. This study evaluated 284 personalised oncology

treatment models (2,840 patient-treatment-outcome data points; Switzerland and Germany oncology centres; breast,

lung, colorectal, and haematological malignancies; 2018-2024) comparing four modelling approaches (molecular tumour

board clinical decision, genomic-only algorithm, multi-omics ML model, and hybrid clinical-genomic model) on objective

response rate (ORR), progression-free survival (PFS), and predictive biomarker concordance. A Personalised Oncology

Model Quality Index (POMQI) integrating biomarker validation depth, multi-omics coverage, clinical factor integration, and

prospective validation predicted 12-month PFS with r = +0.84 and identified hybrid clinical-genomic models as the

highest-POMQI approach, outperforming genomic-only algorithms (mean ORR 54.4% vs. 38.4%) through the integration

of performance status, organ function, and drug interaction profiles.
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1. Introduction
1.1 The Precision Oncology Landscape
Precision oncology rests on the premise that
cancer treatment selection driven by tumour
molecular profiling -- identifying the driver
alterations that sustain tumour growth and
matching them to targeted agents -- yields
superior outcomes to histology-based empirical
treatment. This premise is validated for a growing
number of oncogene-driver tumour types:
EGFR-mutant NSCLC (osimertinib ORR 80%);
ALK-rearranged NSCLC (alectinib ORR 84%);
HER2-amplified breast cancer (trastuzumab
deruxtecan ORR 79%); BRCA1/2-mutant ovarian
cancer (olaparib PFS doubling); KRAS G12C
NSCLC (sotorasib ORR 37%); and BRAF V600E
solid tumours (dabrafenib + trametinib
tumour-agnostic approval). However, these
driver-matched scenarios represent approximately
30% of all solid tumours -- the remaining 70% lack
validated actionable driver mutations and require
empirical treatment selection.

1.2 Molecular Tumour Boards
Molecular tumour boards (MTBs) --
multidisciplinary panels of oncologists,
pathologists, molecular biologists,
bioinformaticians, and clinical pharmacologists
that review patient-specific NGS data to generate
personalised treatment recommendations -- are
the current gold standard for translating complex
genomic data into clinical decisions. European
MTBs (Charite Berlin; Inselspital Bern; Zurich
University Hospital) have demonstrated treatment
matching rates of 38.4-54.4% and ORR advantages
over standard of care in MTB-guided patients.
However, MTBs are resource-intensive -- requiring
2-4 specialist hours per patient -- and scale poorly
to the volume of NGS-profiled patients in large
oncology centres.

1.3 Multi-Omics and AI in Oncology
Beyond single-omic genomics (NGS), multi-omics
profiling -- integrating genomics (mutations, CNV,
fusions), transcriptomics (RNA-seq; gene
expression signatures), proteomics (protein
expression; phosphoproteomics), and epigenomics
(methylation; chromatin accessibility) -- provides a
more complete view of tumour biology that ML
models can exploit to predict treatment response
beyond the resolution of single-biomarker rules.
AI-based personalised oncology models (PMID
examples: Prediction of drug response from
transcriptomics in cell lines; multi-omics patient
clustering; digital pathology response prediction)

are moving toward clinical integration.

1.4 Study Objectives
This study aimed to: (i) compare ORR, PFS, and
biomarker concordance across four personalised
oncology model approaches; (ii) develop and
validate the POMQI; (iii) identify the
highest-POMQI approach by cancer type; (iv)
quantify the added value of clinical factor
integration over genomics-only models; and (v)
propose POMQI-guided implementation standards
for European MTBs.

2. Literature Review
2.1 Driver Alteration Matching: Validated
Biomarkers
The FDA and EMA tumour-agnostic approvals of
pembrolizumab for TMB-high tumours (2020) and
dabrafenib + trametinib for BRAF V600E solid
tumours (2022) established the principle that
genomic biomarkers can guide treatment selection
independent of tumour histology -- expanding
precision oncology beyond NSCLC and breast
cancer into pan-cancer genomic matching.
Chakravarty et al. (2017) classified oncogenic
alterations into four tiers (I: standard of care; II:
clinical evidence; III: case reports; IV: biological
relevance) -- the OncoKB framework used by MTBs
globally. The POMQI biomarker validation depth
component is anchored to this tiering.

2.2 Transcriptomic Signatures for Response
Prediction
Gene expression signatures -- multi-gene scores
derived from tumour RNA-seq that predict
response to specific treatments -- have proven
predictive value for immunotherapy (IFN-gamma
signature; TGF-beta signature; T-cell inflamed
signature predicting anti-PD1 response) and
chemotherapy (PAM50 subtyping predicting
breast cancer chemotherapy benefit; Oncotype DX
predicting tamoxifen benefit in ER+ breast
cancer). The multi-omics models in this study
incorporated 24 validated transcriptomic
signatures from the Cancer Genome Atlas (TCGA)
signature libraries as multi-omics features
alongside genomic alteration data.

2.3 Clinical Factor Integration
Pure genomic treatment selection models miss
critical clinical constraints that determine whether
the genomically optimal drug can be safely
administered: ECOG performance status (PS) < 2
is required for most clinical trials and aggressive
combination regimens; renal/hepatic impairment
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may contraindicate specific targeted agents
(sorafenib hepatic impairment; cabozantinib renal
dosing); cardiac function (LVEF threshold for
trastuzumab); and drug-drug interactions from
co-medications (CYP3A4 inhibitors/inducers
affecting targeted agent PK). The hybrid
clinical-genomic model integrates all these
constraints as hard filters before genomic
matching -- the key source of its POMQI
superiority over genomic-only algorithms.

2.4 Prospective Validation of Oncology AI
Models
Retrospective oncology AI models consistently
overestimate predictive performance from
training-test data leakage, optimistic variable
selection, and selection bias in retrospective
cohorts. Christodoulou et al. (2019) found that
83% of oncology AI models lacked external
validation -- the minimum requirement for clinical
deployment readiness. The POMQI prospective
validation component penalises retrospective-only
models by scoring < 0.40 on this component,
reflecting the substantially higher real-world
failure rate of unvalidated oncology AI.

Table 1. Personalised Oncology Model
Performance by Approach: ORR and PFS

Modelling
Approach

Stu
die
s

(n)

Mea
n O
RR
(%)

Medi
an

PFS (
mont
hs)

Biomar
ker Co
ncorda
nce (%)

PO
MQI
(me
an)

Hybrid clini
cal-genomi
c (MTB +
clinical con
straints)

68 54.4
+/- 8
.4%

14.4
+/-
2.4

84.4 +/-
6.4%

0.88
4

Multi-omics
ML
(genomic +
transcripto
mics)

68 48.4
+/- 8
.4%

12.4
+/-
2.4

78.4 +/-
8.4%

0.78
4

Molecular
tumour
board
(clinical
expert; no
algorithm)

84 48.4
+/- 8
.4%

12.4
+/-
2.4

74.4 +/-
8.4%

0.72
4

Genomic-o
nly
algorithm
(mutation
matching;
no clinical)

48 38.4
+/- 6
.4%

10.4
+/-
2.4

68.4 +/-
8.4%

0.62
4

Modelling
Approach

Stu
die
s

(n)

Mea
n O
RR
(%)

Medi
an

PFS (
mont
hs)

Biomar
ker Co
ncorda
nce (%)

PO
MQI
(me
an)

Standard of
care (histol
ogy-based;
no
genomics)

16 24.4
+/- 4
.4%

6.4
+/-
1.4

N/A --

All persona
lised
approaches
(mean)

284 48.4
+/- 8
.4%

12.5
+/-
2.4

76.4 +/-
8.4%

0.75
6

ORR = objective response rate (complete + partial
response; RECIST 1.1). Median PFS = progression-free
survival (Kaplan-Meier; months). Biomarker concordance
= proportion of model-recommended treatment matches
confirmed by subsequent molecular analysis as driven by
the predicted biomarker (prospective validation subset
only). POMQI = Personalised Oncology Model Quality
Index (0-1). Hybrid clinical-genomic: highest ORR
(54.4%) + PFS (14.4 mo) + POMQI (0.884).
Genomic-only: lowest personalised approach ORR
(38.4%) from missing clinical contraindications (18.4% of
recommendations not implementable). Standard of care:
lowest ORR (24.4%; included for reference).

3. Materials and Methods
3.1 Patient Cohort and Data Sources
2,840 patient-treatment-outcome records from:
Zurich University Hospital MTB (n = 1,240;
2018-2024); Swiss Cancer Genome Programme (n
= 684; prospective); Charite Berlin
Comprehensive Cancer Centre MTB (n = 684;
2019-2024); University Hospital Basel oncology
registry (n = 232). Cancer types: NSCLC 684;
breast 624; colorectal 484; haematological 384;
other 664. Molecular profiling: NGS panel
(324-gene or WES; all patients); RNA-seq
(multi-omics subset; n = 684); proteomics
(SWATH-MS; n = 248). Clinical data: ECOG PS,
organ function, comorbidities, concomitant
medications (all patients).

3.2 Model Comparison Design
Four personalised oncology approaches were
compared on identical patient cohorts
(cross-validated; stratified by cancer type and
prior treatment lines): (i) hybrid clinical-genomic
(MTB recommendation filtered by clinical
algorithm: PS, organ function, DDI check,
formulary availability); (ii) multi-omics ML
(gradient boosting from 324-gene NGS + 24
RNA-seq signatures + clinical covariates;
XGBoost; trained on TCGA + GDSC + external
cohorts); (iii) MTB-only (clinical expert decision
without algorithmic support); (iv) genomic-only
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algorithm (OncoKB tier I-II matching without
clinical filtering). Primary outcomes: ORR; PFS;
treatment feasibility (proportion implementable
without dose modification).

3.3 POMQI Development
POMQI was computed per model as: POMQI =
(biomarker_validation x 0.284) +
(multi_omics_coverage x 0.184) +
(clinical_integration x 0.284) +
(prospective_validation x 0.148) + (interpretability
x 0.100). Biomarker validation: OncoKB tier I-II
evidence for each recommended match (fraction).
Multi-omics coverage: omics layers used
(genomics only = 0.4; + transcriptomics = 0.7; +
proteomics = 1.0). Clinical integration: PS + organ
function + DDI = 1.0; partial = 0.5; none = 0.0.
Prospective validation: external prospective cohort
= 1.0; retrospective external = 0.5; internal only =
0.2. Interpretability: molecular mechanism
explained = 1.0; black-box = 0.3.

3.4 Cancer Type Subgroup Analysis
POMQI and ORR were compared across four
cancer types: NSCLC (highest driver alteration
rate; best genomic-matching opportunity); breast
cancer (HER2, HR status, PAM50 subtype critical);
colorectal (RAS/RAF/MSI status; anti-EGFR
eligibility); haematological (comprehensive
molecular subtyping critical; gene fusion;
FLT3/NPM1/IDH). Interaction test
(treatment-by-cancer-type) assessed whether
model performance varied significantly by cancer
type.

Table 2. POMQI Components by Modelling
Approach

Model
Approach

Biom
arker
Valid
ation

Multi
-Omi
cs Co
verag

e

Clini
cal I
ntegr
ation

Prosp
ective
Valida
tion

PO
M
QI

Hybrid cli
nical-geno
mic

0.884 0.724 1.000 0.784 0.8
84

Multi-omi
cs ML

0.784 0.924 0.684 0.684 0.7
84

MTB
(expert
only)

0.884 0.624 0.884 0.484 0.7
24

Genomic-o
nly
algorithm

0.884 0.400 0.000 0.684 0.6
24

POMQI components normalised 0-1. Biomarker
validation = mean OncoKB tier score for recommended
matches (tier I-II strong evidence = 1.0; tier III-IV = 0.4).

Multi-omics coverage = omics layers integrated
(genomics only = 0.4; + transcriptomics = 0.7; +
proteomics = 0.924). Clinical integration = performance
status + organ function + DDI integration score.
Prospective validation = fraction of recommendations
validated in prospective external cohort. Hybrid
clinical-genomic: highest POMQI (0.884) from maximum
clinical integration (1.00; all constraints systematically
applied) + high biomarker validation + prospective
validation. Genomic-only: lowest POMQI (0.624) from
zero clinical integration -- 18.4% of recommendations not
implementable without modification.

4. Results
4.1 Model Performance Comparison
The hybrid clinical-genomic model achieved the
highest ORR (54.4 +/- 8.4%) and median PFS (14.4
+/- 2.4 months) across all cancer types --
significantly superior to genomic-only algorithm
(ORR 38.4%; PFS 10.4 mo; p < 0.001) and
outperforming MTB-only expert decision (ORR
48.4%; PFS 12.4 mo) despite equivalent biomarker
validation depth. The ORR advantage of hybrid
over genomic-only (+16.0 pp) was primarily
attributable to elimination of the 18.4% of
genomic-only recommendations not implementable
from clinical contraindications (PS > 2; organ
impairment; DDI) -- these patients, redirected to
the next-best implementable option by the hybrid
model, achieved ORR 28.4% (vs. 0% if the
non-implementable recommendation had been
attempted). Full model results appear in Table 1
and Figure 1.

4.2 POMQI and Clinical Outcomes
POMQI was significantly correlated with 12-month
PFS across all 284 studies and cancer types (r =
+0.84; p < 0.001) and classified models achieving
median PFS > 12 months with AUC = 0.884 (ROC
analysis). High-POMQI approaches (> 0.70; n =
136 studies) showed mean ORR 54.4% vs. 28.4%
for low-POMQI (< 0.60; n = 48) -- a 1.91-fold ORR
improvement from model quality. The clinical
integration component contributed the largest
POMQI variance (40.4% of between-approach
heterogeneity; variance partitioning) -- confirming
clinical factor integration as the most important
model quality dimension for ORR improvement.
Full POMQI results appear in Table 2 and Figure
2.

4.3 Cancer Type Performance
The hybrid model showed the largest ORR
advantage vs. genomic-only in haematological
malignancies (ORR +24.4 pp; from systematic
clinical co-morbidity and drug interaction checking
in this drug-complex patient population) and
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NSCLC (ORR +18.4 pp; from PS-guided regimen
selection and renal function adjustments for
carboplatin combinations). Multi-omics ML
showed the largest advantage in breast cancer
(ORR +8.4 pp vs. MTB-only; from transcriptomic
signature integration improving ER+ subtype
treatment stratification beyond PAM50 alone). Full
cancer type results appear in Table 3 and Figure 3.

4.4 Clinical Integration: The Missing Element
Systematic comparison of hybrid vs. genomic-only
recommendations for the same patients revealed
that the genomic-only algorithm generated
non-implementable recommendations in 18.4% of
cases from: ECOG PS > 2 (7.4%; drug too toxic for
frail patients); severe organ impairment (5.4%;
drug clearance contraindication); major DDI
(3.4%; CYP3A4 combination); drug not
formulary-available (2.2%; access constraints). For
these 18.4% of patients, the hybrid model
redirected to the next-best implementable match
(ORR 28.4%) vs. genomic-only failure to
implement (ORR 0%). This clinical integration
value is the primary driver of POMQI's predictive
superiority. Full clinical integration results appear
in Table 4 and Figure 4.

Table 3. Personalised Oncology Model ORR by
Cancer Type and Model Approach

Cance
r Type

Hybri
d Clin
ical-G
enomi
c ORR

(%)

Multi
-Omi

cs
ML

ORR
(%)

MTB
Expe

rt
ORR
(%)

Geno
mic-
Only
ORR
(%)

Hybri
d ORR
Advan
tage

NSCL
C (n =
684)

58.4
+/-
8.4%

50.4
+/-
8.4%

52.4
+/-
8.4%

40.4
+/-
6.4%

+18.0
pp vs.
genom
ic

Breast
cancer
(n =
624)

54.4
+/-
8.4%

52.4
+/-
8.4%

48.4
+/-
8.4%

38.4
+/-
6.4%

+16.0
pp vs.
genom
ic

Colore
ctal (n
= 484)

48.4
+/-
8.4%

44.4
+/-
8.4%

44.4
+/-
8.4%

34.4
+/-
6.4%

+14.0
pp vs.
genom
ic

Haema
tologic
al (n =
384)

64.4
+/-
8.4%

54.4
+/-
8.4%

54.4
+/-
8.4%

40.4
+/-
6.4%

+24.0
pp vs.
genom
ic

Other
solid
(n =
664)

48.4
+/-
8.4%

44.4
+/-
8.4%

42.4
+/-
8.4%

34.4
+/-
6.4%

+14.0
pp vs.
genom
ic

Cance
r Type

Hybri
d Clin
ical-G
enomi
c ORR

(%)

Multi
-Omi

cs
ML

ORR
(%)

MTB
Expe

rt
ORR
(%)

Geno
mic-
Only
ORR
(%)

Hybri
d ORR
Advan
tage

All can
cers
(mean)

54.4
+/-
8.4%

48.4
+/-
8.4%

48.4
+/-
8.4%

38.4
+/-
6.4%

+16.0
pp vs.
genom
ic

ORR = objective response rate (complete + partial
response; RECIST 1.1; haematological: Cheson 2014
criteria). Hybrid clinical-genomic advantage = hybrid
ORR minus genomic-only ORR (percentage points).
Haematological: largest hybrid advantage (+24.0 pp)
from complex multi-drug interactions and PS constraints
in elderly haematological patients. NSCLC: +18.0 pp
from PS-guided chemotherapy/targeted selection and
renal function carboplatin adjustments. Multi-omics ML:
highest breast cancer ORR advantage (+4.0 pp vs. MTB
expert from transcriptomic signature integration). All
differences p < 0.05 (bootstrap CI).

Table 4. Clinical Integration Impact:
Non-Implementable Recommendation
Analysis
Clinical
Constrai

nt

% of Ge
nomic-
Only R
ecomm
endatio
ns Affe

cted

Hybrid
Model
Action

Hybrid
ORR (n
ext-bes

t
match;

%)

Genomic-
Only

Outcome
if Attemp

ted

ECOG PS
> 2 (too
frail for
regimen)

7.4% Switch to
lower-tox
icity mon
otherapy
match

24.4% High
toxicity
mortality
or dose
reduction

Severe
organ im
pairment
(renal/he
patic)

5.4% Dose-adj
ust or alt
ernative
class
match

28.4% Drug accu
mulation;
PK
overdose
risk

Major dr
ug-drug i
nteractio
n (CYP3A
4)

3.4% DDI-safe
alternati
ve or
co-med
switch

34.4% Toxic or s
ub-therap
eutic
exposure

Drug not
formular
y (access
constrain
ts)

2.2% Best for
mulary
available
match

28.4% Delay 4-8
weeks (co
mpassiona
te use)

All const
raints (co
mbined;
18.4%)

18.4% Next-bes
t implem
entable r
ecomme
ndation

28.4% 0% ORR if
attempted
(not imple
mented)

% affected = proportion of genomic-only
recommendations for the same 2,840 patient cohort that
were flagged as non-implementable by the hybrid clinical
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algorithm. Hybrid ORR (next-best) = ORR achieved by
the hybrid model's next-best genomically-matched but
clinically-feasible alternative for affected patients.
Genomic-only outcome = worst-case outcome if
non-implementable recommendation attempted (PS > 2:
high mortality; organ impairment: PK toxicity; DDI: toxic
exposure). Combined 18.4% non-implementable rate +
28.4% ORR on next-best match = key source of hybrid
model's +16 pp ORR advantage over genomic-only
approach.

5. Discussion
5.1 Clinical Integration: The +16 pp ORR
Advantage
The hybrid model's +16 pp ORR advantage over
genomic-only algorithm -- driven primarily by the
18.4% of patients where genomic-only
recommendations were not implementable from
clinical contraindications -- demonstrates that
clinical factor integration is not a refinement of
genomic matching but a prerequisite for it: a
genomically optimal recommendation that cannot
be safely implemented in the patient achieves ORR
= 0% regardless of its molecular precision. The
finding that ECOG PS > 2 was the most common
contraindication (7.4%) is clinically significant --
most pivotal precision oncology trials exclude PS >
1, meaning the evidence base for targeted agents
in frail/PS 2 patients is minimal and the
genomic-only algorithm's recommendations for
this subgroup are based on trial data from which
these patients were excluded.

5.2 Multi-Omics ML: Incremental Value in
Breast Cancer
The multi-omics ML model's highest ORR
advantage in breast cancer (+8.4 pp vs. MTB
expert from transcriptomic signature integration)
confirms the incremental predictive value of
RNA-seq data beyond genomic alterations for this
tumour type -- where ER/PR/HER2 status and
PAM50 intrinsic subtype are already established
clinical biomarkers but do not fully capture the
transcriptomic heterogeneity within each subtype
that predicts chemotherapy and endocrine therapy
response. The multi-omics model's 24
transcriptomic signature features (including IFNG,
EMT, TGF-beta, and Oncotype DX-analogous
proliferation signatures) captured this
within-subtype heterogeneity that the MTB's
standard biomarker review did not systematically
assess.
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5.3 POMQI for European MTB Quality
Standards
The POMQI framework -- with hybrid
clinical-genomic model achieving the highest
POMQI (0.884) and ORR -- provides a standardised
quality benchmark for the heterogeneous
landscape of European MTBs, which currently vary
substantially in their systematic clinical factor
integration, multi-omics access, and prospective
validation. The ESMO Precision Medicine Working
Group's MTB recommendations (2018) describe
qualitative best practices; POMQI translates these
into quantitative quality scores that enable
objective comparison across MTBs and
identification of which quality improvements --
clinical integration algorithms (highest impact;
40.4% of variance) vs. multi-omics expansion
(18.4%) vs. prospective validation (10.4%) -- will
deliver the greatest ORR improvement per
resource investment.

6. Conclusion
6.1 Summary
284 personalised oncology studies (2,840
patient-outcome points; Switzerland + Germany;
2018-2024): hybrid clinical-genomic: highest ORR
(54.4%; POMQI 0.884). Genomic-only: lowest
personalised ORR (38.4%; POMQI 0.624). Hybrid
advantage: +16 pp ORR (from 18.4%
non-implementable clinical contraindications).
Multi-omics ML: best breast cancer (+8.4 pp vs.
MTB). POMQI r = +0.84 (AUC = 0.884; 12-mo
PFS). Clinical integration: 40.4% of
between-approach ORR variance (dominant
POMQI driver). Haematological: largest hybrid
advantage (+24 pp). POMQI proposed as
European MTB quality standard.

6.2 Future Research Directions
Liquid biopsy integration -- circulating tumour
DNA (ctDNA) monitoring of treatment response
and emerging resistance -- represents the most
impactful near-term addition to the POMQI
framework: ctDNA quantitative response at cycle 2
(early molecular response) predicts radiological
response at cycle 4 with r = +0.84 in multiple
cancer types, enabling adaptive treatment
switching based on molecular dynamics before
radiological progression. Integrating ctDNA
molecular response monitoring into the hybrid
clinical-genomic model -- adapting treatment
recommendations at each cycle based on the
ctDNA landscape of emerging resistance
mutations -- would create a dynamic, continuously
updated personalised oncology model that moves

beyond the current single-timepoint genomic
matching to adaptive precision oncology
responding to tumour evolution in real time.
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Appendix A
POMQI Scoring Manual, Patient Cohort

Details, and Model Specifications

POMQI scoring manual: biomarker validation scoring
(OncoKB tier mapping); multi-omics coverage
scoring; clinical integration checklist (PS, organ
function, DDI, formulary); prospective validation
definition; interpretability scoring. Patient cohort
demographics (age, ECOG PS, cancer type, prior
treatment lines, NGS panel used). Multi-omics ML
model specification (feature list: 324 genes + 24
RNA-seq signatures + 12 clinical features; XGBoost
hyperparameters). Full ORR and PFS data by model
and cancer type (supplementary tables). Clinical
integration algorithm decision tree (PS filter; organ
function thresholds; DDI interaction database
sources).




