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Clinical challenge

* Lung cancer is the leading cause of cancer-related death (25.3 % of all cancer deaths, 13.6 % of new cancer cases)
O 57 % are metastatic at diagnosis (stage V), 5-year overall survival rate is poor (18.6 %)
O Introduction of new immunotherapies (immune checkpoint inhibitors) in the 2010’s has revolutionized treatment of advanced lung cancer

O 20 - 30 % of patients have long term response (> 10 years)

* Prediction of overall survival from baseline or early data could help

O guide treatment decision during clinical drug development (e.g., combo trials, predict OS from tumor phase I/l data)

O inform personalized health care 100-p Median Overall Survival  1.Yr Overall Survival  No. of
mo (95% Cl) % of patients (95% Cl) Deaths
Nivolumab (N=135) 9.2 (7.3-13.3) 42 (34-50) 86

80 Docetaxel (N=137) 6.0 (5.1-7.3) 24 (17-31) 113

° Current state of the art

Hazard ratio for death, 0.59 (0.44-0.79)
50 P<0.001

42

40-]
L Nivolumab
304

O  Only predictive biomarker used in the clinic: PDL1 expression from immunohistochemistry! (AUC = 0.601)

O Predictive model from baseline clinical and biological data: ROPRO score?

Overall Survival (% of patients)

" 27 variables 10 p——

. Developed on 120k+ patients over multiple cancer types " 5 ¢ | Mol:ths 5 i d u

. C-index = 0.69 on OAK as independent test set Egﬁ:ﬁ%sbk 133 13 56 @ s2 1 13 ! 0
O Predictive value of transcriptomic and mutation data is unclear Brahmer et al., NEJM 2015

O Tumor kinetics model parameter growth rate (KG) has important predictive power of hazard ratio (HR)3
O Predictive value of kinetics of blood markers (lab tests) is unclear

" Rizvi, H. et al., J Clin Oncol Molecular Determinants of Response to Anti—Programmed Cell Death (PD)-1 and Anti—-Programmed Death-Ligand 1 (PD-L1) Blockade in Patients with Non—Small-Cell Lung Cancer
Profiled with Targeted Next-Generation Sequencing. J. Clin. Oncol. 2018, 36, 633-641..

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).

3 Claret, 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 24, 3292— 2
3298 (2018).



lreeda— kinetics — Machine learning (kML) for prediction of OS

Raw baseline data Minimal signature
Clinical characteristics Clinical
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selection Survival
Genomic and Transcriptomic Genomic and outputs
p = 395 and 58,311 Transcriptomic
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Outline
1. Data 4. Mechanistic modeling
2. Modeling the kinetics of longitudinal data using 5. Beyond classical biomarkers
nonlinear mixed-effects modeling (NLME) 1. cfDNA fragmentomics
1. Tumor size kinefics (TK) 2. PIONeeR biomarkers (1000+)

2. Blood markers kinetics (BK)
3. Machine learning (kML)
1. Model development

2. Individual predictions

3. Trial-level predictions
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Data for model development and external validation

Baseline data

o Patients’ and disease
characteristics
p = 73 parameters

o Transcriptomic and mutational

data
p = 58,311 and 395

Longitudinal data

o Tumor kinetics (TK, SLD)
5,570/3,065 observations

o 4 BK markers (Albumin, CRP,
LDH and Neutrophils)
61,296/47,255 observations

Train + Test

Study Description N
Phase 2 study for the efficacy and safety of ATZ in advanced 133
FIR NSCLC
G028625
| POPLAR | Phase 2 randomised controlled trial of ATZ versus docetaxel | 134
GO28753 | "M NSCLC
_____ BIRCH | Phase 2 study of ATZ in advanced or metastatic NSCLC | 595
G0O28754
Train 862
Test - OAK Phase 3 RCT of ATZ versus docetaxel (DTX) in 553 (ATZ)
G028915 patients with previously treated NSCLC 521 (DTX)
1936

ured|

1s9)

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.
2.

3.
4.

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

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)
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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100 random patients

Time (months)

Best response

~ CR+PR+SD
~ PD

Tumor Kkinetics

Individual kinetics
Double (sum of two) exponential model

= 60 -

0 200 400 600
Time (days)

Si(t) — Sol (e—KSit + eKGit _ 1)

Stein, Oncologist, 2008, Claret et al., Clin Cancer Res, 2018
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» (Observation model

y} = M(t}; 0% + e}, et~ N (0, aji)

* Inter-individual variability model

M = structural model

y} = observation at time t} in
patient i

sji = error model (constant (TK)
or proportional (BK))

In(6') = In(6p0p) + 1, N'~N (0, w?)

tration (mg/l) _

Concen
N

Mixed-effects modeling for population longitudinal data

8 l()-l-imél(ho[ljli) 16 18 20 22 24

« Estimation of the population parameters using the SAEM algorithm for likelihood maximization

« Estimation of the individual empirical Bayes estimates (EBEs) from the maximum a

posteriori estimator

» Fits performed using Monolix 2020R1 and scripted using the R Monolix API
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Individual goodness-of-fit
(GOF) plots

e-shrinkage
400 - ——
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Individual prediction

Individual predictions

10 20 30 40
Time (months)

SLD (mm)

The double exponential model was able to describe

individual TK

2 best fits in each response group
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. . . 90 -«
160 -
150 -
€ 100 -
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= - PD
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Goodness-of-fit quantitatively assessed with residuals-based metric
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Blood markers kinetics (BK)

Spaghetti plot Early cycles (normalized)

8+8 random patients
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Is there any kinetic pattern ?
Does it carry predictive value ?

Can we describe dynamics with a mechanistic model ?

Response

@ CR+PR+PD
- PD
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Empirical structural models to test for BK

Ho = Constant

6.0-
5.5~
5.0-

4.5-

alpha—

40-»

y' = alphat

Equivalent of no significant kinetics

Used as a benchmark

Linear

510 -
480 -
450 -

420- .

390 - *
alp!gla 10 20

y' = alpha' + beta't

Hyperbolic dexp
el
qa .. o o e o o S0
‘ 70-
25- 60_
207 50~
15- = - 40-
| 30-
P 1005 """"" e s 0 200 400 600
Time (days)
p """"""" p>q
' BRI S0iekG't, t<0
So! (e-KSit + eKG't _ 1),t >0

Allows change of

q O S monotonicity
q — p Stein et al., 2008 (PSA)
y — p + el Claret et al. 2018 SLD atezo
t+ elt

Gavrilov et al. 2020 (NLR atezo)
Jackson and MacCluer et al. 2020 10
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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 49.4 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)
° P 80 - ° 900 - e® 10 - °
150- 40 - %% 60 - * 800- " 8- 4 S
125- ¢° -\ 40- ® 700- = 6- 9 S
100 - > - 20- 4 600 -4 8 4-s‘r‘ N
75-4 30~ 0o 500- & oo
-3 45- o o . : 300- e Best Overall Response
- : 40 - : : - 1~ —
28: " %8_ - 100 - I 250'.... o ¢ g_ °q P ® | § S g§+PR+SD
40 - ' 55- : 50-‘ I ZOO-M .- TR, ST D
30-I 1 ] 1 :I 20-l 1 1 1 :I 0-I 1 1 1 :I 1“:-)O-I I. .I. .l :I 1 1 1 .I.:.I...
0 10 20 30 40 0 10 20 30 40 0 10 20 30 4 0 10 20 30 4 0 10 20 30 40

Time (months)

Benzekry et al., CPT, 2024
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KG
= High = Low
> 1.00
2 o075
o
o
o 050
‘_;’ HR = 4.39 (2.8 - 6.89)
= 025 <0001
3
D 000 ‘
0 10 20
Time (months)
Number at risk
High- 301 186 97
Low- 76 67 59
0 10 20
Ks
“ Low = High
S, 1.00
S o5
e}
Q
S 050
g HR = 2.02 (1.42 - 2.89)
T 025 o000t
>
9 .00 ,
0 10 20
Time (months)
Number at risk
Low- 301 187 111
High- 76 66 45

0 10 20

30

30

Survival probability

Survival probability

Does it carry predictive value? Yes !

Albumin |
= Low = High
1.00
0.75
0.50
HR = 1.89 (1.31 - 2.72)
0.25 p =0.00051
0.00 ; ‘
0 10 20 30
Time (months)
Number at risk
Low- 294 188 109 18
High- 74 58 42 8
0 10 20 30
Albumin p
= Low = High
1.00
0.75
0.50
HR =317 (2.11 - 4.78)
025 %, L0.0001
0.00 |
0 10 20 30
Time (months)
Number at risk
Low- 294 180 96 17
High- 74 66 55 9

0 10 20 30

Survival probability

Survival probability

CRP KG
= High = Low
1.00
0.75
0.50
HR =4.37 (2.76 - 6.91)
0.25 p <0.0001
0.00 ; ‘
0 10 20 30
Time (months)
Number at risk
High- 301 185 98 16
Low- 76 68 58 13
0 10 20 30
CRP KS
~ Low = High
1.00
0.75
0.50
HR = 1.63 (1.15 - 2.31)
025 "5 = 0.0084
0.00 |
0 10 20 30
Time (months)
Number at risk
Low- 301 191 113 23
High- 76 62 43 6

0 10 20 30

Survival probability

Survival probability

LDH KG
= High = Low
1.00
0.75-
0.50-
~ HR=1.53(1.09 - 2.16)
0.25 p=0.013
0.00- ] )
0 10 20
Time (months)
Number at risk
High- 301 195 113
Low- 76 58 43
0 10 20
LDH KS
= Low = High
1.00
0.75
0.50
HR = 1.68 (1.18 - 2.38)
0.25 "5 = 0.0036
0.00-
0 10 20
Time (months)
Number at risk
Low- 301 194 115
High- 76 59 41

0 10 20

30

23

30

30

21

30

Survival probability

Survival probability

Neutrophils KG

= High = Low
1.00
0.75
0.50
HR =307 (2.04 - 4.63)
025 p<0.0001
0.00-
0 10_ 2
Time (months)
Number at risk
High- 301 188 104
Low- 76 65 52
0 10 20
Neutrophils KS
“ Low = High
1.00
075
050
HR =2.33 (1.6 - 3.39)
025 00001
0.00

0 10 20
Time (months)
Number at risk

Low- 301 187 107
High- 76 66 49
0 10 20

= Individual TK and BK model parameters (without baseline) = ML inputs

Benzekry et al., CPT, 2024
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Model development and validation

c /Phase 2 trials\
= ML

>
& |+ FIR Feature selection ML
® | » POPLAR . p = 26 Predict
T Bayesian .,
()
o Atezolizumab Estimation
S \_ J

Phase 3 trial OAK

_S Atezolizumab 7 > N =377
§ arm J p =26
= Bayesian ML
% 7 Estimation Predict
o Docetaxel N =354
o -
= arm J p = 26
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Methodology - Machine learning model development

e Preprocess

Drop zero-variance or >25% NA columns, dummification, NA imputation, scaling

e Dimensionality reduction for RNAseq data (bootstrap LASSO)

e Features selection:

5 methods: LASSO, random survival forest (RSF) importance, Cox-based and stepwise forward/backward

3 strategies : i) all variables, ii) per feature set and iii) pooled selected sets

e 4 survival algorithms tested:

Cox, Cox and accelerated failure time with gradient boosting and random survival forest (RSF)

e Evaluation of machine learning models

O

O

Model development: 10-fold cross-validation, C-index, calibration curves and 12-months survival classification metrics

Study-level predictions: survival curves, hazard ratios

Working principle: need for a minimal signature model with limited number of easily
measurable variables
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Benzekry et al., CPT, 2024
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kML predicts phase 3 trial results from early data
10 weeks 25 weeks 60 weeks Full kinetics
(2.5 months) (6.25 months) (15 months) (end of study)
Arm .
-+ Atezolizumab 31'00' TR
~+ Docetaxel é 0751
Ne)
°
2-0.50-
2
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— Model prediction mean 3 :
-- Data 0.00- , i f ' \ \
Number at risk Number at rislk Number at risk Number at risk
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
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COMPUTATIONAL ONCOLOGY : . A Member of the Roche Group
Mechanistic model el o
by (Leq)% d1S1 + doS 1 S'(t) — kL
a e\ ) TeldSi+daSe) daolsnsoS(l) — ke Data: clinical trials for

atezolizumab (ATZ) :

Ainf1S + 3 phase 2 monotherapy
862 patients
44 911 data points

T + Dinf1S

aQINFL

% = (a — dl) S ‘{P

5 — (o —dy) S ¢ * 1 phase 3 combotherapy

S(t) = 1 (t) kS ATZ, Bevgmzumab. and
Carboplatin + Paclitaxel

1115 patients
67,507 data points

v
22 = kpror (1 + anFL%) P (%") ¥ — krgrP
@ = krpTi—1 — krrT;

ddjzf = krrTs — kcirc N _
Taieb, Bruno, Chanu...,Benzekry, PAGE, 2024
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Individual fits (Combotherapy)

SLD (mm) Albumin (g/L) . LOH (U/Y) Neutrophils * Fits heterogenous BK profiles
. ' .. ' - . ' 8- b4 1
100- ! 42- . ' ' ' '
60- ; W 20- o 6- g « Albumin early drops
60 - E 40- ..' :-;. E _'. 12 -. 4-\ E %
40- = . = e P 2o N | « LDH early peaks
- Ll ' 150 - - - '
50 - - . . . )
To- o MR o - Late sharp increase of LDH
Ty I s00- : (death shortly after)
20- 4 S oo y
800 -
30- 600- o
. . g2+ ldentifiability
o - Al RSEs < 35%
60 -
N 400- o » despite the large number of
300- ®
- 200- parameters (14)
16- o :
14- } 475- 750- « \Very large variability of some
12-mg i 450- 500 - 2
o P 425- § 0 . parameters
6- ) oooooooocoooooo: 400- o .: : - [
' K ' ' ' ' ' ' ' ! ! ’ ' . y : y y ! ' y y y ! . = 0
0 10 20 30 40 50 0 10 20 30 40Time5%monthos) 10 20 30 40 50 0 10 20 30 40 50 Sma" n - Shrlnkage < 11 /0

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



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 a lot of effort (..... and money!)

* Be used to better stratify patients

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



Clinical Data:
Sex, Age, Cancer, ICI
treatment...

I
+

|

Baseline biological
variables

Machine
learning

SChISM

Size CfDNA Immunotherapies Signature Monitoring
APHM: S. Salas, Inria / Inserm: S. Benzekry, L. Nguyen, Adelis

§ Circulating tumoral DNA \ Healthy cell

Circulating wild-type DNA . Circulating tumoral cell

Liguid biopsy.

n =139

patients

|
T

LONGITUDINAL BIOLOGICAL MARKERS
AND TUMOR SIZE IMAGING
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Different response profiles and survival prediction

Lesion size evolution of different response profiles

Response

®- Hyper-progression

+- Progression

-o~ Pseudo-progression
. ~o- Responder

~e- Stable disease

0 50 100 150 200
Time since diagnosis (days)
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lreeia— The PIONeeR and QUANTIC project

mm+-
omzI
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PRODJ

Precision Immuno-Oncology for advanced Non-small cell lung cancer patients with PD-1 IC| Resistance

INSTITUT
AP HM @ATC.IEI\']‘CAELR Data source :

AZpao G Marseie Blood samples
Immuno
) . profiling
=) Inserm C)VIQSOD ©® Tumor tissue p=267
o pour s scences de lavie et delasante [TMO Cancer _ TUmor tiSSUe and

blood samples

® Other modalities ~ Individual

lesion sizes

Soluble
Imaging LONGITUDINAL == hiomarkers
DATA p=17

Radiologic
assessments

Multiplex IHC

CD8+/PDL1+

Gene expression
signature

24 H 2 8 7 Va ri a b I es MECHANISTIC MODELS SURVIVAL SURVIVAL

BASELINE MACHINE
LEARNING DATA

LEARNING PARAMETRIC I STRUCTURAL

1,581 markers =

Greillier et al., AACR 2022; Barlesi et al.,..., Benzekry, ESMO-IO, 2022; Greillier et al.,..., Benzekry, Barlesi, in preparation, 2024.
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