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Principle of precision oncology: predictive biomarkers

A treatment with only 20% efficacy results in 100% benefit in a 
subgroup, if one can identify the responding patients! 
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Complementarity between clinical trials and real-world data: 

Experimental
treatment

R
Standard
treatment

Conclusion

All paLents

Patients eligible 
for the trial ✓

?

Analysis of real-world data:
Trustworthy AI is critical 
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Trustworthy AI

Precision oncology: integrating multiple data streams
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Swiss general consent

Swiss AI programs rely on common general consent
https://swissethics.ch/en/documents/generalkonsent
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The Swiss Personalized Oncology (SPHN Driver): SPO

8

All data are handled accoring to FAIR principles: Findable, Accessible, Interoperable, Reusable



Data strategy for SPO/SPHN: Minimal Data Set (MDS)
• Each hospital is adapCng the cancer paCent’s informaCon flow to generate the MDS automaCcally, 

insuring the sustainability of the SPO program

Clinical
DB

Molecular 
DB

Imaging DB

Local infrastructure @ 
Hospital X: heterogeneous

Interoperable MDS @
Hospital X: fully interoperable

Mutualisation via 
SPO/SPHN

?
Electronic PaCent Reccord

# Group Data Category Required Single Data Point
1 DEMOGRAPHIC Demographic

Year of birth
2 Gender
3

1st DIAGNOSIS

Classification

First date of diagnosis (Biopsy or Main Tumor)
4 CIM 10
5 ICD-O3 / Morphology
6 ICD-O3 / Topography
7 Free text diagnosis
8

Staging

TNM classification
9 TNM Version

10 Stage
11 Staging system
12 Grade
13 Grading system

14
TREATMENT Therapy 

Type of treatment

15 Date of treatment
16 Treatment specification

17

RESPONSE Outcome

Method of assessment

18 Date of assessment
19 Results from the assessment (RECIST 1.1)
20 Updated stage
21 Staging system

22

SURVIVAL
PFS

Follow-up event

23 Date of follow-up event
24 OS

Date of event
25 Event type



SPO Driver Project: complex governance

Required Agreements for the SPO project:

• Ethic protocol 

• Consortium Agreement (CA), including also:

• Data Transfer and Use Agreement (DTUA)

• Data Transfer and Processing Agreement 

(DTPA)

• Material Transfer Agreement (MTA)

Are there solutions to 
facilitate such lenghly 
process?



Tune Insight Deck

Tune Insight March 2022

& SPO: Federated analytics platform for research and molecular tumor board

Q1: How many adult cancer 
patients consenting on reuse of 
routine data for research
with diagnosis of a malignancy 
on or after 1st January 2015, 
mutations in BRAF gene and 
under anti-PD-1 are there?

Q2: Among these 
patients, what is the 
overall survival for 
patients with and 
without a mutation on 
position 600 of the 
BRAF gene?

Explore

Analysis



Tune Insight Deck

Tune Insight March 2022

Main approaches for data collaborations
(a) Centralized approach

• Transfer raw, de-identified data to a central 
database and do all computations there

• Single point of failure at the central 
database

• Individual sites lose control over their data
• Not always feasible across jurisdictions

Figures taken from (Sheller et al. Nature Sci. Reports 2020)

(b) Federated Learning (FL)

• “Send the algorithm to the data”
• Still need to trust aggregation server
• Vulnerable to re-identification and 

reconstruction attacks*

• “Send the algorithm to the data”
• Local output is encrypted
• Operations are performed under 

encryption (Multiparty 
Homomorphic Encryption - MHE)

• No more need to trust third 
parties!

(c) Secure and distributed 
approach

Distributed 
Aggregation

*Some recent works on attacks to Federated Learning:
B. Hitaj, G. Ateniese, and F. Perez-Cruz. Deep models under the GAN: Information leakage from collaborative deep learning. In ACM CCS, 2017.
Z. Wang, M. Song, Z. Zhang, Y. Song, Q. Wang, and H. Qi. Beyond inferring class representatives: User-level privacy leakage from federated 
learning. In IEEE INFOCOM, 2019.
L. Zhu, Z. Liu, and S. Han. Deep leakage from gradients. In NIPS. 2019.
L. Melis, C. Song, E. De Cristofaro, and V. Shmatikov. Exploiting unintended feature leakage in collaborative learning. In IEEE S&P, 2019
M. Nasr, R. Shokri, and A. Houmansadr. Comprehensive privacy analysis of deep learning: Passive and active white-box inference attacks against 
centralized and federated learning. In IEEE S&P, 2019



Tune Insight Deck

Tune Insight March 2022

Results: Privacy-Preserving Federated Analytics for Precision Medicine 

D. Froelicher, J.R. Troncoso-Pastoriza, et al. “Truly privacy-preserving federated analytics for precision medicine with 
multiparty homomorphic encryption”, Nat Commun 12, 5910 (2021). https://doi.org/10.1038/s41467-021-25972-y

Survival analysis GWAS

https://doi.org/10.1038/s41467-021-25972-y


Legal and ethical implication of homomorphic encryption

• Homomorphic encryption provides added 
security, but could also change the legal 
and ethical constraints to exchange data

• Legal: simplified DTUA procedure as data 
are considered anonymous

• Ethical: simplified ethics approval as data 
are considered anonymous

• MedCO is currently being investigated in a 
pilot project within the SPHN SPO 
consortium

• Tune Insight will provide the support and 
know-how to deploy and maintain MedCO
in all involved insitutions



Enabling MTB data sharing at the Swiss level: MedCO

MedCO.epfl.ch



Enabling MTB data sharing at the Swiss level: MedCO

MedCO.epfl.ch
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Process mining: CHUV data vs Checkmate-067 – 1st line
OS-Checkmate 067

52%
44%
26%

PD1
CTLA4

CTLA4+PD1

PFS-Checkmate 067

36%
29%

8%

PD1

CTLA4

CTLA4+PD1

CTLA4+PD1

OS-SPO Real World Data

56%
47%
29%

PD1
CTLA4

PFS-SPO Real World Data

31%
18%
12%

PD1
CTLA4

CTLA4+PD1



Looking at the impact of other factors: co-medications

No PPI

PPI
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Digital pathology: application to precision oncology
• Digital pathology is a rapidly emerging field 

at the crossing between pathology and 
data science

• Deep learning allows unprecedented 
image analysis that can now be applied to 
pathology slides (H&E, mIF, mIHC, …)

• Digital pathology can be used by
• Pathologists to quantify and 

standardize pathology reports
• Oncologists to derive predictive 

biomarkers
• As digital pathology can work on all sorts 

of stainings, including H&E, large 
retrospective datasets can be analyzed

Pocock & al, BioRxiv, 
https://doi.org/10.1101/2021.12.23.474029;

https://doi.org/10.1101/2021.12.23.474029


Automated feature extrac9on: machine learning/network analysis

Courtesy : Sylvie Rusakiewicz SDSC project iLearn, with Pascal Frossard, Dorina Thanou and collaborators - EPFL

red=PD1

H&E slide Phenotyping Network abstraction



Using digital pathology to build a predictive biomarker1

High average 
lymphocyte 
density

Low average 
lymphocyte 
density

1120 melanoma cohort prior to PD-1 based therapy

Network based
Feature 178
low

Network based
Feature 178
high

SDSC project iLearn, with Pascal Frossard, Dorina Thanou and collaborators - EPFL



Precision 
oncology 
and AI: 
access 
equity
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NGS

Molecular tumor-board and AI

Selected
Patient

Referring
Medical 

Oncologist

Pathologist

Oncologist

Data Scientist

Geneticist,
biologist

Visualisation
system

Machine learning and
ar>ficial intelligence

IDO + IDO -

LAG3+

TIM3+

BTLA+

2B4+

TDO+ TDO-

Arg+ Arg-

A2AR+ A2AR-

Stage IV 
melanoma

PD-L1 + PD-L1 -

!-catenin +

Low neo-AgTumor cells

Fibroblasts Dendritic cells

T cells

M2
Macrophage

Neutrophiles

Endothelial cells

scRNA seq

Access 
Equity ✓

Performance 
Equity ✓
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Molecular Tumor Board: Activity

• Around 400 cases per year from > 50 medical 
oncologists referring cases on a regular basis

• As a comparison, the MTB from Curie (Paris) sees 
around 250 cases per year

Proposed treatment options
Off Label 46%

Clinical Trials 45%
No proposition 8%

Genetic counseling 6%

Patients presented since 01/2017

HUG + CHUV 2000+

• All comer training data set!



Molecular Tumor Board: example of clinical outcome
• Personalization focusses strongly on 

immuno-oncology
• Example of molecular tumor board case:

• MPNST with PD-L1 amplification 
presenting a near CR on PD-1 
blockade1

• Patient followed in the private 
sector (Dr. Bohanes)

A B

C

D

E

F

G

5 months 
on 
Nivolumab

9 months on 
Nivolumab
12 months on 
Nivolumab

5 months on 
Nivolumab

9 months on 
Nivolumab

15 months on 
Nivolumab

Before 
Nivolumab

Irradiation field of pleural metastases

PD-L1

1Ozdemir, JCO PO 2019
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No treatment

Targeted therapies /
Chemotherapies

Immunotherapies

Combined
therapies

Personalized
therapies
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Adapted from A. Ribas, WCM 2013

AI and ML

Expected benefit from personalized strategies

Trustworthy AI will be 
a key component!
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