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Breast cancer
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* 94% of cases are diagnosed as local or
regional but ~30% will relapse
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« Estimation of the metastatic risk is key to
individualize adjuvant therapy

S
P

Survival fraction
©
N

» Reduce the number of chemo cycles for
patients with low risk
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Normalized score

Machine learning for 5-years relapse
Random Forest
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Classification problem
Does not account for full

Imbalanced data ] )
survival nor censorship ®

Algorithms tested: logistic regression, NN, naive
Bayes, gradient boosting, SVM,...

C. Périer



C-index

Random survival forests

Accounts for censoring ©
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Mechanistic model of metastatic dissemination and growth

Injection (or first cell) Surgery
1 Pre-surgical 1 Post-surgical

PT growth law: gp

Primary :
Tumor ° * . #
(PT)

Dissemination law: d(Vp)—_ uVp

Metastases o em— S

Metastases growth law: g

—

Metastatic burden (total number of metastatic cells)

M(#) :/+Oovp(t,v)dv:/Otd(Vp(t—s))V(s)ds

Vo

Growth rates of primary and
secondary tumors gp and g

= (0p = FpIn(V)) Vp  (Gompertz)

= (v — fln(v))v

Dissemination rate
d(Vp) = ,Lle

Size distribution of the metastases p(t,v)

Iwata et al., J Theor Biol, 2000



Validation on animal data

Orthotopic Surgery
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Benzekry et al. (Ebos), Cancer Res, 2016



Mechanistic modeling of time to relapse

rF 3
vdiag
Visibility threshold
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g growth
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o growth

Dissemination: p /
- tdiag 0 TTR Lapse time

from diagnosis

- Time to relapse (TTR) defined as the time
elapsed from diagnosis to the appearance of a
first visible metastasis

TTR =inf{t > 0: Nyis(tgiag +1t) > 1}

* Number of metastases with size larger
than the visible size V. (= 0.5 cm)
Nois(t) = / T ot v)dv — /t_% d(V, ())dt
VS - Vi pLL,v)av = 0 p

« Parameter £ fixed such that V,, = ef = 10'?
T,is = time to reach V cells



Mixed-effects statistical model

In <T’) =1In (TTR (ijg; o, /ﬁ)) +&', e~ N(0,0?) (Observation model)

g (t‘ai’ Mi) _p (Ti > tlod, Mi) Survival function to account for
censoring in the likelihood

Mixed Effects Models for the Population Approach

In (az) = In (apop) + 77257 7724 ~ N(vag) 8 X
In (N’) = In (pipop) + 1, 7y ~ N(0,w3)
7 K\

fixed effects random effects

Al different, all equal”

Lavielle, CRC press, 2014

Likelihood maximization performed using the saemix R package (SAEM algorithm)

Comets, Lavenu, Lavielle, J Stat Softw, 2017



DMFS

Descriptive power: fit to the data
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Predictive power: covariates

In (u) = In (ppop) + B %), + 1y 1l ~ N(0,w7)

In (Oéi> = In (apop) + ngix + 77247 7721 ~ N(O,wg)

c-index = 0.62 (10-folds cross-validation)
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Model-based prediction of metastatic
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state at diagnosis
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Data of a NSCLC patient with brain mets
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The model with dormancy could describe best the data
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t = -55 months
10 mm

Primary Metastases (brain)
tumor
(lung) Bilous et al. (Benzekry), biorXiv, 2018
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Conclusions and perspectives

Machine learning (random survival forest) performed better than the mechanistic model
for pure prediction (c-index 0.69 vs 0.62), with similar performances as classical Cox

regression (not shown)

But mechanistic modeling provides biological and clinical insights that ML does not:
» Ki67 correlates with proliferation rate a (expected but reassurring)
+ HER2 correlates with a, EGFR with u (metastatic potential)

» prediction of the invisible metastatic state at diagnosis = potential for personalized

adjuvant therapy

This is a first attempt of a mechanistic, individual-level, predictive metastatic model. A lot

remains to be done!
» Refinement to well-established breast cancer molecular subtypes
* Further investigations to refine the modeling to improve the predictive power

» Predictive power to be confirmed in external data sets
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Variables

tumor_size_clinical 4

CD444 ———
TRIO4 ——
nb_invaded_ganglions{ ———
tumor_size_histological { ——
CK561 —
EGFRq —
E_cadherin4 —
BCL24 —
VIMq —
PRH4 —
HER24 —
Ki7q —e
ERq4 —
gradeq —
CD244 -
ALDH1q -
TNM_TA ¢
TNM_NA e
radio e
menopausal_status{
histology 4
HER2_intensity 4 o
diagnosis_year- ®
age_at_diagnosis 4 *
0 5 10
% Missing

Percentage of missing values in each variable.

Missing covariate values were imputed using an iterative algorithm based on
random forests (missForest R package).
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Partial dependence plots of the random forest predicted DMFS as a function of the top eight
predictors according to the minimal depth ranking.



Results for the Cox regression

HR 95% CI p-value

Ki67 1.02 [1.01,1.03] 171 -10*
Tumor size  1.01  [0.99,1.03] 0.46
Age 0.99 [0.98,1.01] 0.49

HER2 1.01 [1.00,1.01] 0.05
CD44 1.00 [1.00,1.01] 0.47
EGFR 1.01 [1.00,1.02] 0.06
TRIO 1.01 [1.00,1.01] 0.12

PR 1.00 [0.99,1.00] 0.80

Table S1: Cox regression using the first 8

covariates selected by minimal depth with
the random survival forest model.
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