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Benzekry, Clin Pharm Ther (2020); Ciccolini et al. (Benzekry), JCO Precision Oncology (2020)



crMPo Long term responders / survivors to anti-PD(L)1 in

advanced NSCLC

100-p~ Median Overall Survival 1-Yr Overall Survival No. of
90— mo (95% Cl) % of patients (95% Cl) Deaths
Nivolumab (N=135) 9.2 (7.3-13.3) 42 (34-50) 86
—5 80 Docetaxel (N=137) 6.0 (5.1-7.3) 24 (17-31) 113
<
2 704
[\
o
S 60-
2 Hazard ratio for death, 0.59 (0.44—0.79)
=~ 504 P<0.001
«©
2
S 40-
n Nivolumab
T 30- TVCIVCY
S T
O 2041
10_ Docetaxel
O [ [ [ [ [ [ ]
0 3 6 9 12 15 18 21 24
Months
No. at Risk
Nivolumab 135 113 86 69 52 31 15 7 0
Docetaxel 137 103 63 45 30 14 7 2 0

Brahmer et al., NEJM 2015
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Current state of the art

* Baseline y' =
o Response: PDL1 (AUC =0.601%), TMB (AUC = 0.646%)

o ROPRO score for survival (27 basic clinical variables) : C-index = 0.69?

*  Ontreatment

o Tumor kinetics : KG has important predictive power of OS hazard ratio (HR)3 . o o oo
Time (days)

Objectives = predict survival (phase 3 OS) and individual resistance

Blood markers kinetics (BK) Deep phenotyping cfDNA fragmentomics

} .o .:. ll!}:.‘. 'o , ‘ ‘§,
.Y._', .'.".'.-. * A

20 30
Time (months)

1 Rizvi, H. etal.. J. Clin. Oncol. 2018.
2Becker, T. et al. An enhanced prognostic score for overall survival of patients with cancer derived from a large real-world cohort. Ann Oncol 31, 1561-1568 (2020).
3Claret, L. et al. A Model of Overall Survival Predicts Treatment Outcomes with Atezolizumab versus Chemotherapy in Non-Small Cell Lung Cancer Based on Early Tumor Kinetics. Clin Cancer Res (2018).
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Raw baseline data

Clinical characteristics
p=73

Genomic and Transcriptomic
p =395 and 58,311

Raw longitudinal data

Tumor Kinetics (TK)
k = 8,635

Blood markers Kinetics (BK)
k = 108,551
Albumin, CRP, Neutrophils, LDH

patients

time
measurements

Minimal signature

Clinical

characteristics
ML Feature p=11

selection

Genomic and
Transcriptomic

Model-based

individual parameters

TK
Mixed- p=3

effects BK
p=12

patients

parameters

kinetics — Machine Learning (kML) for prediction of OS

Survival

Individual prognosis

e C-index
e Survival
Machine . . :
: Individual digital twin
Learning

Clinical trial
e Survival curve
e Hazard ratio

Trial digital arm

CRP = C reactive protein, LDH = lactate dehydrogenase



Data for model development and external validation

e Baseline data _
Study Description N
o Patients’ and disease
characteristics Phase 2 study for the efficacy and safety of ATZ in advanced 133
p = 73 parameters FIR NSCLC
G028625
o Transcriptomic and mutational | (L
data POPLAR _Phase 2 randomised controlled trial of ATZ versus docetaxel 134 =
p = 58,311 and 395 G028753 in NSCLC %
e Longitudinal data BIRCH Phase 2 study of ATZ in advanced or metastatic NSCLC 595
o Tumor kinetics (TK, SLD) | GO8r,s o
5,570/3,065 observations Train 862
o 4 BK markers (Albumin, CRP, Test - OAK Phase 3 RCT of ATZ versus docetaxel (DTX) in 553 (ATZ) .
LDH and Neutrophils) | G0O28915 | patients with previously treated NSCLC | 521 (DTX) 2
61,296/47,255 observations Train + Test 1936

NSCLC: Non-Small Cell Lung Cancer; p = number of parameters, N: number of patients treated with atezolizumab (patients from French centers were excluded for legal reasons (N=118); In total, data from 1074
patients from OAK were used as Test set (553 from the ATZ arm, 521 from the DTX arm); PD: Pharmacodynamic; SLD: Sum of the Largest Diameters. CRP: C Reactive Protein; LDH: Lactate Dehydrogenase.

1. Fehrenbacher L etal. Atezolizumab versus docetaxel for patients with previously treated norrsmall-cell lung cancer (POPLAR): a multicentre, open-label, phase 2 randomised controlled trial. Lancet (2016)

2. Fehrenbacher L etal. Updated Efficacy Analysis Including Secondary Population Results for OAK: A Randomized Phase Il Study of Atezolizumab versus Docetaxel in Patients with Previously Treated Advanced Non—
Small Cell Lung Cancer. Journal of Thoracic Oncology (2018)

3. Solange Peters et al. Phase Il Trial of Atezolizumab As First-Line or Subsequent Therapy for Patients With Programmed Death-Ligand 1-Selected Advanced Non—Small-Cell Lung Cancer (BIRCH). JCO (2017) 6

4. Spigel D.R et al. FIR: Efficacy, Safety, and Biomarker Analysis of a Phase Il Open-Label Study of Atezolizumab in PD-L1-Selected Patients With NSCLC. Journal of Thoracic Oncology (2018)
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LDH (U/L)

Blood markers kinetics (BK)

Spaghetti plot Early cycles (normalized)
100 random patients 8+8 random patients
10455 10532 11416 12866
e /
1.00- ey "‘\\‘
0.75- \\.A._.
0.50=
12908 13039 13484 13579
1.50=
1.25=
% 0.50=
; 14255 15049 15103 32066 + cremoro
1.860=
Q 125- J \
0.50=
32358 33476 35513 406289
1,50
1.25-
10 20 30 R W A S - A N A N A
AR A OSCAR AT SICAR AR S
Time (months) (OSSP

Is there any kinetic pattern ?
Does it carry predictive value ?

Can we describe dynamics with a mechanistic model ?




CHMPO .
Is there any kinetic pattern? Yes !

Corrected Bayesian Information Criterion (BICc x 103) for four empirical kinetic models of
BK. b : standard deviation of the proportional error model

Albumin CRP LDH Neutrophils
Model BICc b BICc b BICc b BICc b
Double-exponential 48.4 0.058 28.8 0.21 39.9 0.56 102 0.14
Hyperbolic 48.0 0.056 29.7 0.22 40.9 0.62 103 0.14
Linear 494 0.063 30.0 0.23 42.4 0.70 105 0.17
Constant 49.7 0.065 31 0.25 43.0 0.74 106 0.18
SLD (mm) Albumin (g/L) CRP (mg/L) LDH (U/L) Neutrophils (10°/L)
° de 80 - . 900 - e® 10 - .
150- 40 - ¥ 60-  ° 800- oF 8- 4 =
125- ¢* ] . 40 - . 700- o'y 6 - e P
35 ‘. B { 4 S
100 - “ 20- 4 600 - 4 & 4- % N
75- O_.v 500" o.®
20-% : . : 300- e ; ; Best Overall Response
- [}
60- | 100 - L 250- g0 o IR EEECE R SS+PR+SD
- - ® - —
28 - \ 50 - : 200 - M 6 4 o -~ %
3(:)-I 1 ] 1 :I ] 1 1 1 1 O-I ] ] 1 :I 150-I I. =I. .I :I 4-I 1 ] 'I.:.I‘..
0 10 20 30 40 0 10 20 30 4 0 10 20 30 4 0O 10 20 30 4 0 10 20 30 40

Time (months)

Benzekry et al., CPT, 2024
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COMPUTATIONAL ONCOLOGY

Does it carry predictive value? Yes !

Tumor KG Albumin | CRP KG LDH KG Neutrophils KG
= High - Low * Low = High = High -~ Low “ High = Low - High = Low
> 1.00 > 1.00 > 1.00 z 1.00 > 1.00
q 075 ® 075 q 075 e e & 075 075
Qo fe} Qo e} e}
< e < e e
4 050 a 0.50 4 050 a 0.50 G 050
® T ® © T
2 (g5 HR=439(28-689) 2 (o5 HR=189(131-272) 2 (o5 HR=437(276-691) 2 (o5 HR=153(1.09-216) 2 g5 HR=307(204-4863)
z - p <0.0001 g p = 0.00051 z - p <0.0001 z p=0.013 2 p<0.0001
3 3 3 3 3
@ .00 _ _ D 000 @ .00 _ _ @ 000 ? 000 _ _
0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30 0 10_ 20 30
Time (months) Time (months) Time (months) Time (months) Time (months)
Number at risk Number at risk Number at risk Number at risk Number at risk
High- 301 186 97 13 Low- 294 188 109 18 High- 301 185 98 16 High- 301 195 113 23 High- 301 188 104 16
Low- 76 67 59 16 High- 74 58 42 8 Low- 76 68 58 13 Low- 76 58 43 6 Low- 76 85 52 13
0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30 0 10 2 30
Tumor Ks Albumin p CRP KS LDH KS Neutrophils KS
Low - High © Low = High Low - High © Low = High - Low = High
- 1000 ——x -, 1.00 >, 1.00 - 1.00 > 1.00 M
= e = - = = =
] 075 \\\‘ S o075 ?L S o075 X‘\ 2 075 L 2o .
a . a M.ﬂ N o a y
3 8 \\ [} \\\\ o [} H
5 050 \_””‘—“““'——q & 050 5 050 S 050 \ﬂ?"—-—L & 0850 K
g HR =2.02 (1.42 - 2.89) \‘_ﬁ HR =317 (2.11 - 4.78) \M g HR = 1.63 (1.15- 2.31) \\“—\ﬂ 8 HR =168 (1.18 - 2.38) *‘—«»-s_‘____é HR =2.33 (1.6 - 3.39) e
g 025 5 Joo001 ; 025 "y oo001 m“*ug 025 " _goosa L"; 025 “o-go03 g 055 Looopor o
9 00 @ o00 ‘ 9 p00 @ p00 ‘ D 00
0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30
Time (months) Time (months) Time (months) Time (months) Time (months)
Number at risk Number at risk Number at risk Number at risk Number al risk
Low- 301 187 111 18 Low- 294 180 96 17 Low- 301 191 13 23 Low- 301 194 115 21 Low- 301 187 107 pal
High- 76 66 45 11 High- 74 66 55 9 High- 76 62 43 6 High- 76 59 41 8 High- 76 86 49 8
0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30

Benzekry et al., CPT, 2024



COMPUTATIONAL ONCOLOGY

KML model development and validation

4 h

= Phase 2 trials

(0]

= ML >

Q|- FIR lecti

= | « BIRCH Feature selection N = 533 ML ML -
> .

% » POPLAR Bayesian p= 26 Train Predict

o | > ~,

kS Estimation St(t)

=

Atezolizumab
\_ /

Phase 3 trial OAK

Atezolizumab N =377

7 :
arm J p =26

)

)

Bayesian ML

Estimation Predict
N =354

p =26

Model validation

arm

{ Docetaxel

NLME = NonLinear Mixed-effects; ML = Machine Learning; kML = kinetics-Machine Learning



Minimal baseline (mBSL) signature
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lrezia—
Minimal baseline signature
107 seores :
= C-index
0.9- = AUC L -
& 0s- — — B[S [T i
8 = I e e L S e e T i TTT
BTt F 0 A 0, i, O 1100 RADAOARROARANAARNRR RGO
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Qg R o OOb‘ @ D S P 4 N ” Nurnberoffeature‘;0 °
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RIS (3 WO
Q‘eoc;{\e@ooc?,\\ @‘?} 0‘."Q & @6\0\5@ \b\ s° Abc | Features selected through modeling
RS O I
NN & < .
,\g\A @6 i Qr&\ 6‘\00 C)Q~ &\\,5@’ Abc | Features selected because of established
0<‘§‘\ (\00* v é‘) \/’bc’ prognostic/predictive value
& Q
&
® All features sorted using LASSO
® [ncremental models with increasing number = 11 mBSL variables
of features - . -
= easily clinically accessible
® Minimal set of features that reaches the

plateau

1.00-

0.75-

C-index
=4
[4;]
o

= RNAseq does not carry predictive value

= discarded
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1.00-

=3
=
o

Observed probabilities
(=]
o
Z

r i
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Cross-val on train

MBSL = minimal baseline
model = random survival forest

KML individual predictions

Test set

1.00- 1.00-
1.00-
0.75- L 0.75-
0.75- o
>
ko) o 2
=
£0.50 3 0.50- 2 0.50
T
@) w a
)]
0.25. 0.25- = AUC = 0.857
. — 0.25
0.00-
'
0.00- . {b(;\ 0.00-
0\)‘ 0.00 0.25 0.50 0.75 1.00
o False positive rate
6 months “ High = Low Atburnin p{
LDH KG 4 —
4 1.00 1,00~ 1.001 ECOG+
' - Neutrophils KG 4 _—
= KG _—
P B o7 Bos % 0.75 CRP KG 1 1
% % a PD-L1 tumor cells - —_—
5 5} 5 o C reactive protein - _—
2 gobo- gu 0 8 050 ein
,'l B B : § Hemoglobin 4 o—
’ c c = — io < —_—
P @ g Z 025 HR =17.3 (8.11 - 36.7) Lymphocytes to Ieukoc::;;raautg )
,z 8 0.25 8 0.25- S N p< 0.0001 T ! "
. w Neutrophils 4 —_—
- Albumin 14 —_
0.00 -’zl 0.00 -/' 0.00- | | [ | Liver metastases < —
' " L : 0.00 0.25 050 075 1.00 0.00 025 0.50 0.75 1.00 Number at risk LDH KS —
lgf;dictedD;frc)obabilﬁi;bs o Predicted probabilities Predicted probabilities _ CRP KS 1 —
High- 301 178 85 et Neutrophils to lymphocytes ratio - —
L Tumor size at baseline 4 -
ow- 76 75 7 16 Neutrophils KS 4 -
_l — . _ 0 10 20 30 Lactate dehydrogenase -
c-index 0.79 PDL1 : AUC = 0.65 Time (months) o T ik

AUC-12 months

=0.86

Hazard ratio

RoPro: c-index = 0.69 AUC-3 months = 0.817

Benzekry et al., CPT, 2024

T
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Study

starts End of study
T o kML pred hase 3 trial resul
D ; ? pre ICtS pnase trial results
' s R —— Death
1 —
o - Censoring from early data
| I+ 2
I i -
I ! Time ) )
| | 10 weeks 25 weeks 60 weeks Full kinetics
' (2.5 months) 6.25 months 15 months (end of study)
nterim
Arm >‘1.00- I
-+ Atezolizumab é 0.75- I
-+ Docetaxel 8 |
2 0.50
s | 1
eo02s- | i .
3 - -
— Model prediction mean NO-[:]O' o , ] , I | - * C . / . o ' ' ' -
. Data lumber at ris| Number at risk ] jumber at nisl lumber at risl
30 0 0 0 0 127 0 0 0 o 368 44 0 0 0 377 253 156 29 0
23 0 0 0 0 125 0 0 0 o 342 27 0 0 0 354 210 110 14 0
0 10 20 30 40 0 10 20 30 4 O 10 20 30 40 0 10 20 30 40
Time (months) Time (months) Time (months) Time (months)
95% PI Atezolizumab
95% PI Docetaxel
1.50 - .
— |
O I
o 1.25-
2 |
: 3 1
Hazard ratio 2T o I s I
o - I T
¢ Data 5 I !
b KkMLPredicted o I | é f
5 ' ? |
L |
0.50- ’ I
Data kML Predicted Data KML Predicted Data KML Predicted Data KML Predicted

Benzekry et al., CPT, 2024



Co®MPO o Genentech
COMPUTATIONAL ONCOLOGY I\/I eC h an I S t I C m O d eI A Member of the Roche Group

Data: clinical trials for
atezolizumab (ATZ2) :

dA kA (Aeq
as A
— dt 1+ pinpS

aiNFL

ainflS) A « 3 phase 2 monotherapy
862 patients

44,911 data points

% =(a—di)S

% = (Of — dl) S

S(t) = Sy () S

1 phase 3 combotherapy
ATZ, Bevacizumab and
Carboplatin + Paclitaxel
1115 patients
67,507 data points

22 — kpror (1 + n[NFL%) p (Az[\erqu — krrP

dl; __
g = krrTi-1 — krrT;

N = krrTs — kcrreN _
Taieb, Bruno, Chanu...,Benzekry, PAGE, 2024



CHMPO o _ Genentech
Individual fits (Combotherapy) { Member o the Roche Group

SLD (mm) Albumin (g /L) LDH (U/L) Neutrophils e Fits heterogenous BK prof”es
. i . i 300- » i g- * i
100- ! 42- o v .
s0- ; 41 e 250- 6 g « Albumin early drops
60 - 40-% Lo s, _‘.' "',. A 4-‘\‘ &
40- 7 - WS . T (o e « LDH early peaks
| 38- - 150~ ) . '
.. . A so0-S . RS * Late sharp increase of LDH
. 400 - g
s . > Wi 300- 6 5 (death shortly after)
30- 431 [ : 3-
424 . 1 200- .}
50- : 800~ r ' 7-
. a5 8 I oo | ] i g < ldentifiability
20 - | 400~ .« - 4 N
b Sl | el « All RSEs < 35%
60- L a5 ’ » despite the large number of
40- ) 40- %
. . @ parameters (14)
16+ o : « Very large variability of some
14- ¢ 475-
2 i 4s0- 2 parameters
2 ' 425- n _
G-, aa eeeeRRRRRRTRTR, a00- o0 . LT « Small n-shrinkage < 11%
0 10 20 30 40 50 ] 40 50 0 10

Time (months)

Taieb, Bruno, Chanu...,Benzekry, PAGE, 2024



CvMPO o S _ Genentech
Post-cycle 4 prediction of individual survival e o

Ttllll'll:
SLD {mm)
100 , 08-
:3 ——— T4 =Tq- Toune
40 u 1
70 0.6-
50 ! . -4
30 /
. ' ()] model
\ o B ! Baseline Only
a0 : O 0.4 - B Empirical
i % B e
60 :
a0{ | E-d— T3 = Ta- Twune 02
S S
164 =
14
iz ’ "'— Ts = Ta- Toune 00-
P -~ |: L L ) L
ol T Accuracy  AUC C-index

Longitudinal
data COMBO

considered 10 fold Cross-validation, AUC = accuracy at 12 months
Taieb, Bruno, Chanu...,Benzekry, PAGE, 2024



lreeia— Model-based outperforms data-based relative change
for prediction

Compared CV c-indices for C3D1 relative change

1.0- _ What is the added value of NLME modeling compared to
just observed data-based kinetic metrics?
0.9-
é 08" Method = Model-based metrics clearly have both better predictive
= W Data power and narrower uncertainty
O o7- B Model
= Dynamic modeling allows to capture the kinetics and
correct for intra-individual stochasticity (noise)
0.6-
0.5-

@ K o
Number of cycles used

Note: 10-fold cross-validation on FIR, BIRCH and POPLAR (train data set). Only relative change from baseline (at cycle 3 pre-dose) used as model metric. Other model-

based parameters ignored here for fair comparison .



Summary

* Kinetic models based on simple, routinely available blood markers have prognostic value
* Could be used as non-invasive surrogate markers of response
* Modeling >> data only
* The combination of NLME and ML allowed to take the best of the two approaches in order to predict survival
* NLME to account for longitudinal data
* ML and data science methods to build multivariable models from a large number of features

* Minimal signature: 11 baseline clinical features + TK (1 variable — 2 parameters) + BK (4 variables — 8
parameters)

* Mechanistic modeling was shown to improve predictions
* Application to clinical oncology could improve personalized health care
* Application to early prediction of trial outcome could:

* Save alot of effort (..... and money!)

* Be used to better stratify patients

* I|dentify signal in early-phase trials
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Beyond classical biomarkers:
PIONeeR — QUANTIC and SChISM



B THE PIONEER AND QUANTIC PROJECTS -
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® Other modalities E
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LEARNING

24 287 variables

BASELINE MACHINE MECHANISTIC MODELS
LEARNING

SURVIVAL
LEARNING

SURVIVAL

DATA
PARAMETRIC | STRUCTURAL

1,581 markers




arkers selected by LASSO

SSION

results vanished on the test set !

LINE RESULTS (CROSS-VALIDATION ON THE TRAIN SET)
BUT....

DATA

Predictive me
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Greilllier et al., AACR 2022

at data 3 (28)



EEES OUTCOME DEFINITION
WHAT ENDPOINT?

Outcome Time of PD Non-evaluable Resistant / Non-
(mths) resistant (%)
Early
progression <3 18 111/310 (26/74)
(EP)
ferggf‘;xcel <6 4 172/263 (40/60)
rseesf;g‘:lire{ >6 272 58/109 (35/65)
1.00] “&
0.75- o~ Median: <1%: 169 months (141 - 226)
21%: 519 months (294 - NA)
7)) 0.50+
LL
o 0.25-
0.001 ] ] .
0 800 1200 1600
Time (months)
Number at risk
PDLl =<1% 227 50 20 0 0
4 138 67 32 4 1

12023 SITC guidelines. Tawbi, H. A. et al., Rizvi et al., J. Imnmunother. Cancer, 2023

)01

Progression-free survival

All

PDL1 does not explain everything

751

251

)0

Median follow-up: 19.3 months (16.4 - 21.2)

Events: 289
Median: 8.1 months (6.93 - 9.43)
At 6 months: 57.4 % (52.9 - 62.4)

Time (months)

50

In PDL1 < 1% patients, 50% of primary resistant

Non-evaluable = patients with not enough follow-up (< 6 weeks) or censored
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https://compo.inria.fr/pioneer-website/
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B CHALLENGES IN PIONEER BM ANALYSIS
MACHINE LEARNING

Overfitting Optimism-correction
Many, correlated data Feature selection
\ A priori complex interactions Nonlinear models /
Missing data Imputation
Small n, Large p Generative modelling

Tackle these problems one-by-one. Use theory if available, do simulations otherwise.

(O 2 \ N =




E® AUTOMATIC REPORTING, PACKAGE DEVELOPMENT
CONTINUOUS INTEGRATION / CONTINUOUS DEVELOPMENT

. Patient histo:
PIONeeR & -~ 0101073

M oroiect ID: 44 P e ey 2
e ProjectD: 44 [ Machine learning reports  About

18 Branc! hes 31 Tags

Statistical reports

= Reproducibility and
traceability

docker g&

& GitLab @

Human.months involved for preprocessing only = 28 h.m




WS METHODS ML

CV train

1.0

* Problem = overfitting in train / test
0.75-

* Because of p ~n (N=269 + 170 = 439, p = 447)

0.50-

* Because of NA imputation ?
0.25-

* Because of feature selection ? 000,
Collins et al., Evaluation of clinical prediction models (part 1): from
development to external validation, BMJ, 2024 v
Splitting data at the moment of model development should generally be avoided b
as it discards data leading to a more unreliable model, whilst leaving too few 0.75.
data to reliably evaluate its performance
/ \ 0.50-
« Solution = drop the train / test approach 0.25.

= Define a method (FS + ML)
= Apply to the entire dataset (apparent metrics)
\_ = Evaluate and report optimism (= overfitting) using bootstraps Y, v

0.00-




B SIGNATURE HASSO

N4 FOXP2? denc Strama Tumaor J = 1 ‘ ‘
M ETH o DO LOGY Relaxed Lasso mRMR

: Lasso Hierarchical clustering
® Lasso, limited to 15 features ® ttest
* Problem = signature instability S oo S e (e
Stabl Lasso Forward RF
. . . © Stabl adaptive Lasso Shapicant
(] Reasons m|SS|ng Values’ Correlatlons and p ~ N Sparse.group Ie.lsso (SGL), correlation Full data without selection
© SGL, Minkowski e PD-L1
® Adaptive Lasso e CRP
S O
. 2 0.675 2
Benchmark of 18 FS methods: all failing @& LB el
i" é'0.625 “ e
5 & ¢ 12
§ E o600 °
: gL : : s § °
* Need more stringent filtering of variables for the signature 0.2 0.4 0.6 08 10
é Close-up: corrected AUC computed individually for each bootstrap
e 0.8

* At the same time, don't discard variables that are strong in

ey

» in

0.150 0.175 0.200 0.225 0.250 0.275 0300 0325 0.350

but have high NA rate

Optimism-corrected
AUC (min-max)

I
wn

Stability
Best solution = simple = use univariate stats and FDR adjustment | il =— !
wask e —— -
CcDs8 NKGZAE[;f;i/ST(xI/C/,s) —_— I
p.adjust mv < 0.5 PRIM_RES + PFS + AUC > 0.6 + C-index > 0.6 e F I Q,,,;' > o

Freq of selection



B PREDICTIVE MODEL

RESULTS

Apparent (full)
1.00

o
S 0.50
0!
0.25
0.71]0.78
0.00

¥ v

1.00 Optimism-corrected

0.75
0.50
0.25
0.72
0.00
& ¥

]
L]
[ ]
A R

Score
o

oY &

O W & N &L K
OO‘GQQ%%

Classifier
RandomForestClassifier
HistGradientBoostingClassifier
ExtraTreesClassifier
LinearDiscriminantAnalysis
MLPClassifier
LogisticRegression
GradientBoostingClassifier
ExtraTreesClassifier

BaggingClassifier

AUC corr
0.721

0.72

0.718

0.715

0.714

0.713

0.712

0.709

0.707

AUC bias

0.06

0.17

0.028

0.055

0.154

0.057

0.224

0.087

0.293

SE corr

0.669

0.557

0.737

0.7

0.61

0.691

0.538

0.643

0.289

SE bias

0121

0.21

0.007

0.079

0.296

0.111

0.299

0.14

0.71

PPV corr

0.553

0.593

0.544

0.536

0.564

0.5633

0.596

0.546

0.68

PPV bias
0.035
0.193
0.049
0.034
0.073
0.023
0.246
0.079

0.32

» 14 ML models tested (linear, tree ensembles, neural networks)

> Best = random forest



https://compo.inria.fr/pioneer-private/technical_reports/p_adjust/

B PREDICTIVE MODEL
AUC AND POSITIVE PREDICTIVE VALUE

multivariable ML

o= —06

0.70 070
0.68 0.68
066 ® padjusted mv o 0.66
&) o =)
= . E:
= E 064
g oo .
& . 3 @
3 o Hemoglobin © 062
062 @ CRP
e o PD-L1 060 bt
0.60 ® 5Smarkers
0.58
0.58 ®
[ ]
056 o0
056 = e
0.40 0.42 0.44 0.46 0.48 0.50 0.5 0.54 0.5¢
0.53 0.54 0.55 0.56 - 058 0.59 0.60 Corrected PPV
CM
2 i : :
F1 = single markers only potentially actionable markers (5)
1 n 1
SE = PPV




B PREDICTIVE MODEL
PFS STRATIFICATION

Train Test

<~ ML_score = High -~ ML_score = Low

< 1.00- 1.001
=
c
F,’, 0.754 Median: High: 2.57 months (1.4 0.754 Median: High: 2.6 months (1.67 -
8 Low: 12.9 months (9.57 - 16 Low: 11.3 months (7.93 - 27.
%% 0.50- 0.50-
ko)
A -
D 0.25- 0.25-
| .
(@)
o n "
Q- 0.00- 0.00-
0 10 20 30 40 0 10 20 30 40 50
Time (months) Time (months)
Number at risk Number at risk
w | 86 13 4 2 0 | wm | 41 5 3 0 0 0
- | 212 97 57 19 2 | wm| g8 43 19 10 2 1

. THEPI  ERPROJECT



B PREDICTIVE MODEL

PFS STRATIFICATION: FULL DATA
~ ML_score = High “~ ML_score = Low _

1.00+4
0.75-
—_ Median: High: 2.53 months (1.6 - 2.83)
g Low: 21 months (16.5 - 32.2)
£
=
w
)
2
T 0501
ge!
w
w
e
6: . P
0.254
0.00+
0 10 20 30 40 50
Time (months)
Number at risk
- 163 1 0 0 0 0
- 271 159 85 31 4 1

cutpoint defined at the proportion of PRIM_RES on the full data set



WD LESSONS

Preprocessing / data cleaning is essential but time consuming Gl

Software development agile methods are very useful to handle large data science projects

Feature selection for biomarker studies is a hard problem
» ML literature: a lot of methods but datasets are either synthetic or with p << N

» Biomedical literature: p >> N (e.g., omics) but stability rarely assessed and reproducibility is an issue

Even in large studies, we have p ~ N: big fat data

» Don't waste data for model development: drop the train / test approach

» Use optimism-correction
u

» Validate the model in a subsequent study (ideally performed by another group)

Results with brute force methods were disappointing. Methodological advances are needed

* Feature selection

* NA imputation

* Causal inference
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Size CfIDNA Immunotherapies Signature Monitoring
APHM: S. Salas, Inria/ Inserm: S. Benzekry, L. Nguyen, Adelis

Assistance Publique
Hépitaux de Marseille

, - Patient 700-13 (Total N = 300)
e ”.‘K Time from first immunotherapy (months): 0

Tumoral DNA Circulating tumoral cell

Wild-type cfDNA Healthy cell

o
[N}

Concentration (pg/uL)
°

{:onconlr—atlon (pg/pL)

ﬁragirﬂnenl ls“lzesmibp)n

Eragmentomics
« end motifs « size profiling

+ breakpoint motifs « cfDI

e
- Global

concentration - jagged ends « nucleosome footprints

0.0

|
% Computational modcling% 100

D
200 _ 300 400
Fragment sizes (bp)
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Nguyen, Salas, Benzekry, submitted, 2024
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Density
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0.0-
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10.0-

2.5-

0.0-

5.0-

05

Madian (95% CI)
RATIO2: 0.72 (0.63-0.8)

OVER_1650: 0.69 (0.61-0.78)
SIZE_160_180: 069 (0.6-0.75)
RATION: 0.68 (0.58.0.78)
CONCENTRATION: 0.64 (0.63-0.73)
SIZE_580_1650: 0.61 (0,43-0.71)
SIZE_370_580: 0.55 (0.49-0.65)

05 06 07
AUC in bag

0.6 0.7
Accuracy in bag

Predictive value of baseline cfDNA markers

0.8

0.8

10.0-

7.5-

Density

2.5-

0.0-

12.5-

10.0-

7.5+

Density

2.5-

0.0-

Median (95% ClI).
RATIO2: 0.71 (0.62-0.79)

OVER_1650: 0.7 (0.61-0.77)
RATION: 0.69 (0.58-0.77)
SIZE_160_180; 0.68 (0.6-0.77)
SIZE_580_1650: 0.64 (0.44-0.74)
CONCENTRATION: 0,64 (0.54-0.74)
SIZE_370_580: 0.55 (0.47-0.64)

5.0-

04 05 06 07
AUC out of bag

0.4 0.6
Accuracy out of bag

0.8

0.8

PFS

1.00

Relative concentration of
cfDNA >1650 bp (%)

cutpoint = 0.043 r.a.u

0.751
0.501 ----%---cccmmana--
| Log'-rank !
0-251 pi=000013
0.001 o | |
0 10 20 30
Time (months)
Number at risk
low | 67 17 8 !
nigh | 82 31 10 :

-+ OVER_1650 = low ~ OVER_1650 = high

35
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