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Introduction — Survival prediction with
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Introduction — Federated learning
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Introduction — Previous studies
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Sensitive dataset
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Time Status Sex Age | ECOG Disease
80 1 Male Lung cancer
700-900 0 Female Lung cancer
332 1 Male Lung cancer
427-511 0 Female Lung cancer
123 1 Female Lung cancer
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—— Female —— Male

Time Status Sex Age |ECOG| Disease
80 1 Male 27 1 Lung cancer
809 0 Female 33 3 Lung cancer
332 1 Male 66 2 Lung cancer
467 0 Female 56 3 Lung cancer
123 1 Female 87 1 Lung cancer
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Sensitive dataset

Time | Status Sex Age |ECOG| Disease Time | Status Sex Age | ECOG | Disease
80 1 Male 27 1 |Lung cancer 80 1 1 Lung cancer
809 0 Female 33 3 |Lung cancer 700-900 0 3 Lung cancer
332 1 Male 66 2 | Lung cancer 332 1 2 Lung cancer
467 0 Female 56 3 Lung cancer 427-511 0 3 Lung cancer
123 1 Female 87 1 Lung cancer 123 1 1 Lung cancer
4 1 NA 18 3 Lung cancer 4 1 3 Lung cancer
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Time Status Sex Age | ECOG Disease Time Status Sex Age |ECOG| Disease
80 1 1 Lung cancer 80 1 Male 1 Lung cancer
750-870 0 3 Lung cancer 750-870 0 3__]Lung cancer
332 1 2 Lung cancer 700-900 0 Female Lung cancer
427-511 0 3 Lung cancer 332 1 Male 2 | Lung cancer
123 1 1 Lung cancer 467-580 0 3 Lung cancer
4 1 3 Lung cancer 427-511 0 Female Lung cancer
123 1 Female 1 Lung cancer
4 1 3 Lung cancer

Time | Status Sex Age | ECOG Disease Time | Status Sex Age |ECOG| Disease
80 1 Male Lung cancer 80 1 Male 27 1 | Lung cancer
700-900 0 Female Lung cancer 809 0 Female 33 3 Lung cancer
332 1 Male Lung cancer 332 1 Male 66 2 Lung cancer
427-511 0 Female Lung cancer 467 0 Female 56 3 Lung cancer
123 1 Female Lung cancer / 123 1 Female 87 1 Lung cancer
4 1 NA 18 3 Lung cancer
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Aim

© To introduce new federated learning methodologies for survival
prediction without sharing sensitive information.

® To enable anonymous survival predictions without exchanging
event-times
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Methods — Federated Cox

© Cox model

©® Enable survival predictions
©® Two-step process

1. Coefficient estimates

2. Estimation of the baseline hazard /
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Methods — Coefficient estimation
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Methods — Coefficient estimation
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Methods — Survival predictions
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Methods — Baseline hazard
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Baseline hazard

Methods — Federated baseline hazard
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Baseline hazard

Methods — Federated baseline hazard
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Results - Simulations

Table 1 Experiment specifications for each of the four simulation experiments performed

Simulation 1 Simulation 2 Simulation 3 Simulation 4
Number of sites S 30 10 20 20
Patients per site ng 20 100 ns € {20,30,..., 210} ns € {20,30,..., 210}
Ic.., (Years) 5 lc... €{1,2,..., 10} 5 Ie... €{1.2,..., 20}
Patient distribution N (i, 0?) N (i, 0%) N (., 0?) N, 0%)
Mean s 0 0 0 0
SDo/ 1 1 1 1
Covariate effect g
Bi log(1.2) log(1.2) log(1.2) log(1.2)
B> log(0.8) l0g(0.8) log(0.8) 10g(0.8)
B3 log(2.0) l0g(2.0) log(2.0) l0g(2.0)
Ba l0g(0.7) 10g(0.7) l0g(0.7) l0g(0.7)
Bandwidth b 4 4 4 4

AALBORG @

( CENTER FOR CLINICAL
DATA SCIENCE

UNIVERSITET

AALBORG UNIVERSITETSHOSPITAL
- i gode haender

PAGE 17



Results — C index
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Results - Performance
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Results — MIAD
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Results — Coefficient estimation
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Results — Real-world experiment

Table 3 Performance estimates for the real-world experiment

©® Real-World advanced-stage Hodgkin Lymphoma

Measure Model Estimates
© Total 707 patients C-index FL-Poisson 0.755
Poisson-Pool 0.755
FL-Cox 0.768
O 70/30 train/test split Cox-Pool 0.754
IBS FL-Poisson 0.082
Poisson-Pool 0.082
© Train dataset split into 8 seperate sites FL-Cox 0.081
Cox-Pool 0.082
MIAD FL-Poisson vs. Poisson-Pool 412
© Predicted 5-year survival after diagnosis FL-Cox vs. Cox-Pool 34.28

C-index Concordance index, FL Federated learning, IBS Integrated Brier score, Diff
Difference, MIAD Mean integrated absolute difference
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Conclusion

O It is possible to train survival prediction models without sharing event-times
with minimal loss in predictive accuracy for the Cox model

©® The method allows for the possibility of training predictions models in small
data subsets (e.g., rare diseases)

© But what kind of infrastructure is needed to make this possible in the real-
world?
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Thank you for your time - Questions

Contact information

Rasmus Rask Kragh Jargensen, Postdoc
Center for Clinical Data Science, AAU

E-mail: Rasmus.rask@rn.dk/Rasmusrkj@dcm.aau.dk
LinkedIn: in/rasmusraskk;
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