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



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

advanced NSCLC

3Brahmer et al., NEJM 2015



Current state of the art

• Baseline

o Response: PDL1 (AUC = 0.6011), TMB (AUC = 0.6461)

o ROPRO score for survival (27 basic clinical variables) : C-index = 0.692 

• On treatment

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

1 Rizvi, H. et al.. J. Clin. Oncol. 2018.
2 Becker, 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 (2018).
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Objectives = predict survival (phase 3 OS) and individual resistance

Deep phenotyping cfDNA fragmentomics



Survival
Genomic and Transcriptomic

p = 395 and 58,311

Clinical characteristics

p = 73
ML Feature

selection

Genomic and 

Transcriptomic

Clinical 

characteristics

p = 11

Minimal signature

Machine 

Learning

Individual prognosis 

● C-index

● Survival 

Clinical trial

● Survival curve

● Hazard ratio 

kinetics – Machine Learning (kML) for prediction of OS

Raw baseline data

Raw longitudinal data
Model-based 

individual parameters

Blood markers Kinetics (BK)

k = 108,551

Albumin, CRP, Neutrophils, LDH

BK

p = 12

TK
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Tumor Kinetics (TK)
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Data for model development and external validation

● Baseline data

○ Patients’ and disease 

characteristics  

p = 73 parameters

○ Transcriptomic and mutational 

data 

p = 58,311 and 395

● Longitudinal data

○ Tumor kinetics (TK, SLD)  

5,570/3,065 observations

○ 4 BK markers (Albumin, CRP, 

LDH and Neutrophils) 

61,296/47,255 observations

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 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)

2. Fehrenbacher L et al. Updated Efficacy Analysis Including Secondary Population Results for OAK: A Randomized Phase III 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 II 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)
4. Spigel D.R et al. FIR: Efficacy, Safety, and Biomarker Analysis of a Phase II Open-Label Study of Atezolizumab in PD-L1–Selected Patients With NSCLC. Journal of Thoracic Oncology (2018)

Study Description N

FIR

GO28625

Phase 2 study for the efficacy and safety of ATZ in advanced 

NSCLC
133

POPLAR 

GO28753

Phase 2 randomised controlled trial of ATZ  versus docetaxel 

in NSCLC
134

BIRCH

GO28754

Phase 2 study of ATZ in advanced or metastatic NSCLC 595

Train 862

Test - OAK

GO28915

Phase 3 RCT of ATZ  versus docetaxel (DTX)  in 

patients with previously treated NSCLC

553 (ATZ) 

521 (DTX) 

Train + Test 1936

T
ra

in
T
e
s

t



Blood markers kinetics (BK)

Early cycles (normalized)Spaghetti plot

8+8 random patients
100 random patients

Is there any kinetic pattern ?

Does it carry predictive value ?

Can we describe dynamics with a mechanistic 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

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
Figure 2: Goodness-of-fit metrics and plots of dynamic BK models

Best Overall Response
CR + PR + SD
PD

A.

C.

B.

Text
Text

Figure 2: Goodness-of-fit metrics and plots of dynamic BK models

Best Overall Response
CR + PR + SD
PD

A.

B.
Benzekry et al., CPT, 2024



Does it carry predictive value? Yes !

Figure 2: Goodness-of-fit metrics and plots of dynamic BK models

Best Overall Response
CR + PR + SD
PD

A.

C.

B.

Text
Text

Benzekry et al., CPT, 2024

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

Tumor

Tumor



kML model development and validation
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ML 

Feature selection ML

Predict

Individual

predictions

Phase 2 trials

• FIR

• BIRCH

• POPLAR

Atezolizumab

Population 

prior

Bayesian

Estimation

N = 533 

p = 26
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Atezolizumab 

arm

Docetaxel 

arm

Bayesian

Estimation

N = 377 

p = 26

ML

Predict

Individual

predictions

Individual

predictions

Trial

prediction

Phase 3 trial OAK

N = 354 

p = 26

෡𝑆𝑖(𝑡)

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



Minimal baseline (mBSL) signature 

kinetics-ML (kML) model 

⇒ RNAseq does not carry predictive value

⇒ discarded

Abc Features selected through modeling 

Abc Features selected because of established 
prognostic/predictive value

Minimal baseline signature

● All features sorted using LASSO

● Incremental models with increasing number 

of features

● Minimal set of features that reaches the 

plateau 

⇒ 11 mBSL variables

⇒ easily clinically accessible 



kML individual predictions

1

2

c-index                    = 0.79 

AUC-12 months = 0.86

6 months 12 months 24 months

Benzekry et al., CPT, 2024
RoPro: c-index = 0.69 AUC-3 months = 0.817

PDL1 : AUC = 0.65

Test set
Cross-val on train

mBSL = minimal baseline

model = random survival forest

:= kML



kML predicts phase 3 trial results 

from early data

10 weeks

(2.5 months)
25 weeks

(6.25 months)

60 weeks

(15 months)

Full kinetics

(end of study)Interim

Death

Study 

starts

Benzekry et al., CPT, 2024



Mechanistic model

Data: clinical trials for

atezolizumab (ATZ) :

• 3 phase 2 monotherapy

862 patients

44,911 data points

• 1 phase 3 combotherapy

ATZ, Bevacizumab and 

Carboplatin + Paclitaxel

1115 patients

67,507 data points

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



Individual fits (Combotherapy)

• Fits heterogenous BK profiles

• Albumin early drops

• LDH early peaks

• Late sharp increase of LDH 

(death shortly after)

• Identifiability

• All RSEs < 35% 

• despite the large number of

parameters (14)

• Very large variability of some

parameters

• Small η - shrinkage < 11%

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



Post-cycle 4 prediction of individual survival

COMBO

Accuracy AUC C-index

10 fold Cross-validation, AUC = accuracy at 12 months

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



17

Model-based outperforms data-based relative change

for prediction

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

Compared CV c-indices for C3D1 relative change

What is the added value of NLME modeling compared to 

just observed data-based kinetic metrics?

⇒ Model-based metrics clearly have both better predictive 

power and narrower uncertainty 

⇒ Dynamic modeling allows to capture the kinetics and 

correct for intra-individual stochasticity (noise)



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



THE PIONEER AND QUANTIC PROJECTS

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

Clinical 

Oncology

Biology

Pharmacology

Mathematical

modeling

450 pts

24,287 variables

1,581 markers



Predictive metrics (logistic regression) Early progressors signature = 37 biomarkers selected by LASSO

Resistance to PD1/L1 immune checkpoint inhibitors (ICIs) in advanced

NSCLC patients is observed in about 80% of individuals with no robust

predictive biomarker yet. The PIONeeR trial (NCT03493581) aims to

predict such resistances through a comprehensive multiparametric

biomarkersanalysis.

Among the >350 enrolled patients, this study focuses on the rst 137

patients treated in second line or more with anti-PD1/L1 in

monotherapy and aims at predicting Early Progressors (EP), here

de ned asrelapse before 3,77 months.

Introduction

Material and methods

Cohort description

Discussion

Perspectives

Figure1:Patientsenrolment and data acquisition

Enrolled patientsdescription:
≥2ndline, treated with single-agentnivolumab, pembrolizumab or 

atezolizumab

ECOG PS 0-1

Mandatory archived pre-ICI tumor block available

Analyses work ow

Comprehensive biomarkers analysis to explain resistances to PD1/L1 ICIs: 
The Precision Immuno-Oncology for advanced Non-Small CEll Lung CancER

(PIONeeR) trial
Laurent Greillier1,2, Florence Monville3, Vanina Leca3, Frédéric Vély1,4, Stéphane Garcia1,4, Joseph Ciccolini2, Florence Sabatier1,4, Gilbert Ferrani1, Nawel Boudai1, Lamia Ghezali3, Marcellin Landri3, Clémence Marin2, Mourad Hamimed2, Laurent Arnaud1, Mélanie Karlsen5,
Kévin Atsou5, Sivan Bokobza6, Pauline Fleury5, Arnaud Boyer7, Clarisse Audigier-Valette8, Stephanie Martinez9, Hervé Pegliasco10, Patrice Ray11, Lionel Falchero12, Antoine Serre13, Nicolas Cloarec14, Louisiane Lebas15, Stéphane Hominal16, Patricia Barré17, Sarah Zahi18,
Ahmed Frikha19, Pierre Bory20,Maryannick Le Ray1, Lilian Laborde21,Virginie Martin21, Richard Malkoun1, Marie Roumieux2, Julien Mazières22, Maurice Perol23,ÉricVivier6,Sébastien Benzekry2,5, JacquesFieschi3, Fabrice Barlesi24,2

1Assistance Publique-Hôpitaux de Marseille (APHM), Marseille/France 2Inserm U1068, CNRS UMR7258, Aix Marseille Université, Institut Paoli-Calmettes, Marseille, France 3Veracyte SAS, Marseille/France 4Aix Marseille Université 5Inria, Nice - Sophia Antipolis, France
6Innate Pharma, Marseille, France 7Hôpital St Joseph, Marseille, France 8Centre Hospitalier Sainte-Musse, Toulon, France 9Centre Hospitalier d’Aix-en-Provence, Aix-en-Provence, France 10Hôpital Européen, Marseille, France 11Centre Hospitalier de Nîmes, Nîmes, France
12Hôpital Nord-Ouest, Villefranche-sur-Saône, France 13Institut de cancérologie du Gard – Oncogard, Nîmes, France 14Centre Hospitalier Henri Du aut, Avignon, France 15UMA Pneumologie CHIVA, Foix, France 16Centre Hospitalier Annecy Genevois, Epagny-Metz Tessy,

France 17Centre Hospitalier Jean Rougier, Cahors, France 18Centre Hospitalier de Montauban, Montauban, France 19Polyclinique Maymard, Bastia, France 20Centre Hospitalier de Bastia, Bastia, France 21Institut Paoli-Calmettes, Marseille, France 22  ToulouseUniversity

Hospital,Toulouse,France 23Centre Léon Bérard,Lyon, France 24Gustave Roussy,Villejuif, France.

This work is supported by French National Research Agency (17-RHUS-0007); a partnership of AMU, AP-HM, CNRS, Inserm, Centre Léon Bérard, Institut Paoli-Calmettes, AstraZeneca, Veracyte, Innate Pharma &  ImCheck Therapeutics, sponsored by AP-HM and initiated by Marseille Immunopole.

Statistical methods

Biomarkersassociation withEarlyProgression PDL1 evaluation in tumor isnecessary but

not enough to stratify patients and

predict response to anti-PD1/L1 ICIs.

The 37 biomarkers signature identi es

patients resistant to anti-PD1/L1 ICIs prior

to treatment initiation.

Our predictive algorithm achieves good

performances for all classi cation metrics

(e.g. >80%accuracy).

This study highlights that Blood and

Tumor samples are complementary for

ICIse cacy / resistance prediction.

The complexity of response to ICIs is also

highlighted by the diversity of markers’

origin integrated to the predictor:

immune, biochemical, vascular.

Biomarker AUC UV Odd Ra UV p-value MV p-value

Circula ng Ac vated T-cells 0,68 2,1 (1,4 - 3,5) *** ***
Circula ng Cytotoxic T-cells 0,66 1,9 (1,3 - 3) ** **

PDL1 TC % - cut o  1% NA 0,29 (0,12 - 0,67) ** **
Circula ng ILT2+ NK cells 0,3 0,44 (0,24 - 0,74) ** *

Circula ng NKG2D+ NK cells 0,3 0,45 (0,25 - 0,75) ** *
Hemoglobin concentra on 0,35 0,59 (0,39 - 0,85) ** *

Circ. PDL1+ In am. Monocytes 0,63 1,8 (1,2 - 2,9) * *
Parenchymal CD3+ T-cells 0,34 0,56 (0,35 - 0,86) * *

Alkaline Phosphatase 0,61 1,6 (1,1 - 2,5) * *
Circula ng NKp80+ NK cells 0,32 0,52 (0,29 - 0,85) * *

Parenchymal PD1+ Cytotoxic T-cells 0,32 0,56 (0,33 - 0,88) * *
Circula ng Regulatory T-cells 0,36 0,57 (0,34 - 0,91) * *

Among the 374 biomarkers submitted to univariate and multivariate logistic regression

modelsto predict Early Progression,27 were signi cant (UVand MV)

Early Progressors

Not Early Progressors

Figure8: EPsignature description

Figure6:EPbiomarkersselection through LASSO
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RESULTS

Multimodal data integration through supervised machine learning

The predictive model will be validated on 

a test set of ≥2nd line patients also 

enrolled in the PIONeeRproject

It will also be tested in 1st line patients

It will be dissected at the 

physiopathological level to disentangle 

complex biological mechanisms 

associated with resistance.

The best predictive model includes markers of

diverse origins: immune, vascular, biochemical.

It highlights the complexity of ICI-response and

the complementarity of blood and tumor samples

for itsprediction.

Figure 2: Progression Free Survival Kaplan Meier 

representation of the 137 patients 

Table 2: 12 biomarkers predictive for Early Progression with AUC < 

0,4 or > 0,6, Odd Ratio < 0,85 or > 1,15 and both UV and MV p < 0.05

Figure4:Box plot representation of three biomarkers in EPand Non-

EPpatientsrespectively, associated T-test result

Figure 5: PFS Kaplan Meier representation of two biomarkers

predictive of EPstatus

Figure 3: Analysiswork ow to highlight multimodal signature predictive to EP status

Figure 7: EP signature 

performance evaluation

Ten-fold cross-validation was performed

on the data with the 37 selected

biomarkersselected with LASSO. A logistic

regression outperformed a random forest

algorithm.

1 = EP, 0 = non-EP hence PPV is the

probability of the model to correctly

predict Early Progression.

LASSO is a regression analysis method that also

performs biomarker selection through L1

penalization. Decreasing the penalization

coe cient generatesan increasing number of

biomarkerswith non-zero coe cient.

Ten-fold cross-validation for each was then

performed and the value and corresponding

biomarkers with highest AUC are selected (37

biomarkers).
* p < 0.05

** p < 0.01

*** p <0.001

V2VS

Pre-anti-PD(L)1 

treatment samples

Diag V3 V4 V5V1 V6

R* R* R* R*

Pre-ttt

FFPE tumor
Pre-ttt

Blood samples

Pre-ttt

Stool sample

Immune cells

tumor 

quanti cation
Multiplex IHC

CirculatingImmune 

cellsquanti cation
Flow cytometry

Blood soluble factors

measurement
ELISA / Luminex

Vascular

activation
ELISA / Luminex /

MACS / Flow cytometry

TregsCD4 FOXP3

Immunoscore ICTM CD8 

PDL1 T-Cells& 

Checkppoints
CD3 CD8 PD1 LAG3 TIM3

MyeloidDerived

SuppressorCellsPanel

CD14 CD11b CD15 HLA-

DR LOX1 S100A9

Innate immunity& 

adenosine pathway

CD45 CD16 C5aR CD39 

CD73 pan-CK DAPI

T-Cells

CD39 CD73 NKG2A NKG2D 

KLRG1 PD1 ILT2 IL17RB

NK Cells

NKp46 NKp30 NKp44 NKG2D 

NKG2A KLRG1 PD1 ILT2 IL17RB 

CD39

MyeloidCells
CD33 CD14 CD11b CD15 CD16 

CD163 HLA-DR ILT2 CD39 PDL1 C5aR

B-Cells

CD19 CD20 HLA-DR IgM IgD IgG 

CD38 CD69 CD86 CD27

IL6, IL10, IFNγ, TNFα, 

sCD25, Th1/2/17

Thrombospondin, Tissue 

Factor, VEGF, VEGFR1, 

Angiopoietin, sCD146, ICAM, 

VCAM, E-Selectin,P-Selectin

Circulating Endothelial Cells: 

CD146

Leuco/Endothelial

Microparticules: CD31, CD41

TMB
WES

Characteristic
Total

n = 1371

Early 

Progressors

n = 711

Non-Early

Progressors

n = 661

p-value2

Sex 0.8

F 49 (36%) 26 (37%) 23 (35%)

M 88 (64%) 45 (63%) 43 (65%)

Age 0.5

< 70 92 (68%) 50 (70%) 42 (65%)

70 44 (32%) 21 (30%) 23 (35%)

Unknown 1 0 1

ECOG 0.048

0 39 (28%) 15 (21%) 24 (36%)

1 98 (72%) 56 (79%) 42 (64%)

Tobacco history 0.9

current 45 (34%) 22 (31%) 23 (36%)

former 78 (58%) 42 (60%) 36 (56%)

never 11 (8.2%) 6 (8.6%) 5 (7.8%)

Unknown 3 1 2

PD-L1 expression 0.004

< 1% 66 (64%) 41 (77%) 25 (50%)

 1% 37 (36%) 12 (23%) 25 (50%)

Unknown 34 18 16

Histology 0.3

ADK 95 (73%) 44 (67%) 51 (80%)

Squamous 27 (21%) 17 (26%) 10 (16%)

Others 8 (6.2%) 5 (7.6%) 3 (4.7%)

Unknown 7 5 2

TREATMENT 0.7

anti-PD1 94 (69%) 50 (70%) 44 (67%)

anti-PDL1 40 (29%) 19 (27%) 21 (32%)

Pembro+Chemo 3 (2.2%) 2 (2.8%) 1 (1.5%)

RECIST <0.001

CR 1 (0.9%) 0 (0%) 1 (1.7%)

PD 29 (26%) 28 (55%) 1 (1.7%)

PR 22 (20%) 3 (5.9%) 19 (32%)

SD 59 (53%) 20 (39%) 39 (65%)

Unknown 26 20 6

1n (%)
2Pearson's Chi-squared test; Fisher's exact test

Table 1: Description of the 137 ≥2nd line patient

treated with single-agent nivolumab, 

pembrolizumab or atezolizumab
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Circulating Regulatory
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Circulating blood cells

Tumor biomarker

Vascular origin

Routine blood tests

Soluble immune marker

Colorcode

*R : RECIST 1.1 evaluation every 6 weeks

Median PFS = 3.77 months,

considered Early Progression cut-o

EP:n=71(52%)

Non-EP:n=66(48%)

37 biomarkers

cutpoint = 12 (% among lymphocytes) cutpoint = 15 (cells/mm²)

0,819 0,863 0,824 0,8020,8420,802

22 dropped biomarkers (>90%

missing values or estimated

imputation error >70%)

Remaining missing values(33%)

imputed through chained

random forests

Biomarkers

incrementation to reach

the best AUC predicting

Early Progression

LASSO-basedbiomarker

selection

Machine learning

models applied to

selected biomarkers to

select the most

predictive model

Cross validation to

assess the accuracy, the

robustness and the

precision of the model

Biomarkersassociation 

withEarlyProgression
UV / MV

Missingvalues imputation

V1 V2 V3 V4

Pat1 12 3 75

Pat2 58 48 9

Pat3 94 52 8

Pat4 19 48

Pat5 28 54 1

Pat6 83 2

Pat7 47 48

V1 V2 V3 V4

Pat1 12 69 3 75

Pat2 58 48 9 52

Pat3 94 52 18 8

Pat4 34 19 48 42

Pat5 28 54 23 1

Pat6 83 52 2 6

Pat7 47 48 9 8

Patients 

sampling

Tumor 

multiplex 

IHC
TILs

Checkpoints

PDL1

MDSC

Tregs

NK

Monocytes

Tumor

NGS

TMB

Mutations

Circulating

Blood cells
MDSC

Tregs

T-cells

NK

Endothelial cells

B-cells

Dendritic cells

Neutrophils

Vascular

activation

CEC

sCD146

VEGF

P-Selectin

E-Selectin

VCAM

Angiopoietin

EMP

TSP

RECIST

Survival

Clinical

follow upRoutine 

Blood 

Tests

CRP Hemoglobin

CO2

Chlorine

TSH

Blood 

soluble 

factors

IL6

sCD25

Th1/2/17

IL10

IFNγ

TNFα

Tissue Factor

Model performance 

assessment

Model selection

High circulating

activated T-cells

Low circulating

activated T-cells

High PD1+ activated T-

cells in parenchyma

Low PD1+ activated T-

cells in parenchyma

69                        26                       11                       30
34                         2                          1                         0

55                         6                          1                          0
69                        28                        10                         0

Number at risk Number at risk

N
o

n
-E

P
EP

association withEarly

Progression status
Classi cation task through

logistic regression

association with

Progression Free Survival
Survival analysis – Cox

regression

374 biomarkers

FRANCE

For association of biomarkers with Early Progression, Student’s t and 

Wilcoxon tests were used. 

In addition, univariate (UV) and multivariate (MV) logistic regressions (for 

EP) and proportional hazard Cox models (for progression-free survival, 

PFS) were used. Control variables for multivariate models were sex, age, 

ECOG, smoking status, histology and PD-L1 expression. Benjamini-Hoch-

berg p-value adjustment was performed on all candidate biomarkers for 

EP prediction and led to no signi cance.
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Resistance to PD1/L1 immune checkpoint inhibitors (ICIs) in advanced

NSCLC patients is observed in about 80% of individuals with no robust

predictive biomarker yet. The PIONeeR trial (NCT03493581) aims to

predict such resistances through a comprehensive multiparametric

biomarkersanalysis.

Among the >350 enrolled patients, this study focuses on the rst 137

patients treated in second line or more with anti-PD1/L1 in

monotherapy and aims at predicting Early Progressors (EP), here

de ned asrelapse before 3,77 months.

Introduction

Material and methods

Cohort description

Discussion

Perspectives

Figure1:Patientsenrolment and data acquisition

Enrolled patientsdescription:
≥2ndline, treated with single-agentnivolumab, pembrolizumab or 

atezolizumab

ECOG PS 0-1

Mandatory archived pre-ICI tumor block available

Analyses work ow
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The Precision Immuno-Oncology for advanced Non-Small CEll Lung CancER
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Statistical methods

Biomarkersassociation withEarlyProgression PDL1 evaluation in tumor isnecessary but

not enough to stratify patients and

predict response to anti-PD1/L1 ICIs.

The 37 biomarkers signature identi es

patients resistant to anti-PD1/L1 ICIs prior

to treatment initiation.

Our predictive algorithm achieves good

performances for all classi cation metrics

(e.g. >80%accuracy).

This study highlights that Blood and

Tumor samples are complementary for

ICIse cacy / resistance prediction.

The complexity of response to ICIs isalso

highlighted by the diversity of markers’

origin integrated to the predictor:

immune, biochemical, vascular.

Biomarker AUC UV Odd Ra UV p-value MV p-value

Circula ng Ac vated T-cells 0,68 2,1 (1,4 - 3,5) *** ***
Circula ng Cytotoxic T-cells 0,66 1,9 (1,3 - 3) ** **

PDL1 TC % - cut o  1% NA 0,29 (0,12 - 0,67) ** **
Circula ng ILT2+ NK cells 0,3 0,44 (0,24 - 0,74) ** *

Circula ng NKG2D+ NK cells 0,3 0,45 (0,25 - 0,75) ** *
Hemoglobin concentra on 0,35 0,59 (0,39 - 0,85) ** *

Circ. PDL1+ In am. Monocytes 0,63 1,8 (1,2 - 2,9) * *
Parenchymal CD3+ T-cells 0,34 0,56 (0,35 - 0,86) * *

Alkaline Phosphatase 0,61 1,6 (1,1 - 2,5) * *
Circula ng NKp80+ NK cells 0,32 0,52 (0,29 - 0,85) * *

Parenchymal PD1+ Cytotoxic T-cells 0,32 0,56 (0,33 - 0,88) * *
Circula ng Regulatory T-cells 0,36 0,57 (0,34 - 0,91) * *

Among the 374 biomarkers submitted to univariate and multivariate logistic regression

modelsto predict Early Progression,27 were signi cant (UVand MV)

Early Progressors

Not Early Progressors

Figure8: EPsignature description

Figure6:EPbiomarkersselection through LASSO
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RESULTS

Multimodal data integration through supervised machine learning

The predictive model will be validated on 

a test set of ≥2nd line patients also 

enrolled in the PIONeeRproject

It will also be tested in 1st line patients

It will be dissected at the 

physiopathological level to disentangle 

complex biological mechanisms 

associated with resistance.

The best predictive model includes markers of

diverse origins: immune, vascular, biochemical.

It highlights the complexity of ICI-response and

the complementarity of blood and tumor samples

for itsprediction.

Figure 2: Progression Free Survival Kaplan Meier 

representation of the 137 patients 

Table 2: 12 biomarkers predictive for Early Progression with AUC < 

0,4 or > 0,6, Odd Ratio < 0,85 or > 1,15 and both UV and MV p < 0.05

Figure4:Box plot representation of three biomarkers in EPand Non-

EPpatientsrespectively, associated T-test result

Figure 5: PFS Kaplan Meier representation of two biomarkers

predictive of EPstatus

Figure 3: Analysiswork ow to highlight multimodal signature predictive to EP status

Figure 7: EP signature 

performance evaluation

Ten-fold cross-validation was performed

on the data with the 37 selected

biomarkersselected with LASSO. A logistic

regression outperformed a random forest

algorithm.

1 = EP, 0 = non-EP hence PPV is the

probability of the model to correctly

predict Early Progression.

LASSO is a regression analysis method that also

performs biomarker selection through L1

penalization. Decreasing the penalization

coe cient generatesan increasing number of

biomarkerswith non-zero coe cient.

Ten-fold cross-validation for each was then

performed and the value and corresponding

biomarkers with highest AUC are selected (37

biomarkers).
* p < 0.05

** p < 0.01

*** p <0.001

V2VS

Pre-anti-PD(L)1 

treatment samples

Diag V3 V4 V5V1 V6
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Immune cells
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quanti cation
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CirculatingImmune 

cellsquanti cation
Flow cytometry
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measurement
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Vascular

activation
ELISA / Luminex /

MACS / Flow cytometry

TregsCD4 FOXP3
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PDL1 T-Cells& 
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MyeloidDerived
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TMB
WES

Characteristic
Total

n = 1371

Early 

Progressors

n = 711

Non-Early

Progressors

n = 661

p-value2

Sex 0.8

F 49 (36%) 26 (37%) 23 (35%)

M 88 (64%) 45 (63%) 43 (65%)

Age 0.5

< 70 92 (68%) 50 (70%) 42 (65%)

70 44 (32%) 21 (30%) 23 (35%)

Unknown 1 0 1

ECOG 0.048

0 39 (28%) 15 (21%) 24 (36%)

1 98 (72%) 56 (79%) 42 (64%)

Tobacco history 0.9

current 45 (34%) 22 (31%) 23 (36%)

former 78 (58%) 42 (60%) 36 (56%)

never 11 (8.2%) 6 (8.6%) 5 (7.8%)

Unknown 3 1 2

PD-L1 expression 0.004

< 1% 66 (64%) 41 (77%) 25 (50%)

 1% 37 (36%) 12 (23%) 25 (50%)

Unknown 34 18 16

Histology 0.3

ADK 95 (73%) 44 (67%) 51 (80%)

Squamous 27 (21%) 17 (26%) 10 (16%)

Others 8 (6.2%) 5 (7.6%) 3 (4.7%)

Unknown 7 5 2

TREATMENT 0.7

anti-PD1 94 (69%) 50 (70%) 44 (67%)

anti-PDL1 40 (29%) 19 (27%) 21 (32%)

Pembro+Chemo 3 (2.2%) 2 (2.8%) 1 (1.5%)

RECIST <0.001

CR 1 (0.9%) 0 (0%) 1 (1.7%)

PD 29 (26%) 28 (55%) 1 (1.7%)

PR 22 (20%) 3 (5.9%) 19 (32%)

SD 59 (53%) 20 (39%) 39 (65%)

Unknown 26 20 6

1n (%)
2Pearson's Chi-squared test; Fisher's exact test

Table 1: Description of the 137 ≥2nd line patient

treated with single-agent nivolumab, 

pembrolizumab or atezolizumab

Circulating Activated

T-cells

%
 a

m
o
n

g
T-

ce
lls

Parenchymal PD1+ 

CytotoxicT-cells

C
e
ll

d
e
n

si
ty

(c
e
lls

/m
m
²)

%
 a

m
o
n

g
T-

ce
lls

Circulating Regulatory

T-cells

Circulating blood cells

Tumor biomarker

Vascular origin

Routine blood tests

Soluble immune marker

Colorcode

*R : RECIST 1.1 evaluation every 6 weeks

Median PFS = 3.77 months,

considered Early Progression cut-o

EP:n=71(52%)

Non-EP:n=66(48%)

37 biomarkers

cutpoint = 12 (% among lymphocytes) cutpoint = 15 (cells/mm²)

0,819 0,863 0,824 0,8020,8420,802
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missing values or estimated
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imputed through chained

random forests
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374 biomarkers

FRANCE

For association of biomarkers with Early Progression, Student’s t and 

Wilcoxon tests were used. 

In addition, univariate (UV) and multivariate (MV) logistic regressions (for 

EP) and proportional hazard Cox models (for progression-free survival, 

PFS) were used. Control variables for multivariate models were sex, age, 

ECOG, smoking status, histology and PD-L1 expression. Benjamini-Hoch-

berg p-value adjustment was performed on all candidate biomarkers for 

EP prediction and led to no signi cance.
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Statistical methods

Biomarkersassociation withEarlyProgression PDL1 evaluation in tumor isnecessary but

not enough to stratify patients and

predict response to anti-PD1/L1 ICIs.

The 37 biomarkers signature identi es

patients resistant to anti-PD1/L1 ICIs prior

to treatment initiation.

Our predictive algorithm achieves good

performances for all classi cation metrics

(e.g. >80%accuracy).

This study highlights that Blood and

Tumor samples are complementary for

ICIse cacy / resistance prediction.

The complexity of response to ICIs is also

highlighted by the diversity of markers’

origin integrated to the predictor:

immune, biochemical, vascular.

Biomarker AUC UV Odd Ra UV p-value MV p-value

Circula ng Ac vated T-cells 0,68 2,1 (1,4 - 3,5) *** ***
Circula ng Cytotoxic T-cells 0,66 1,9 (1,3 - 3) ** **

PDL1 TC % - cut o  1% NA 0,29 (0,12 - 0,67) ** **
Circula ng ILT2+ NK cells 0,3 0,44 (0,24 - 0,74) ** *

Circula ng NKG2D+ NK cells 0,3 0,45 (0,25 - 0,75) ** *
Hemoglobin concentra on 0,35 0,59 (0,39 - 0,85) ** *

Circ. PDL1+ In am. Monocytes 0,63 1,8 (1,2 - 2,9) * *
Parenchymal CD3+ T-cells 0,34 0,56 (0,35 - 0,86) * *

Alkaline Phosphatase 0,61 1,6 (1,1 - 2,5) * *
Circula ng NKp80+ NK cells 0,32 0,52 (0,29 - 0,85) * *

Parenchymal PD1+ Cytotoxic T-cells 0,32 0,56 (0,33 - 0,88) * *
Circula ng Regulatory T-cells 0,36 0,57 (0,34 - 0,91) * *

Among the 374 biomarkers submitted to univariate and multivariate logistic regression

modelsto predict Early Progression,27 were signi cant (UVand MV)

Early Progressors

Not Early Progressors

Figure8: EPsignature description

Figure6:EPbiomarkersselection through LASSO
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RESULTS

Multimodal data integration through supervised machine learning

The predictive model will be validated on 

a test set of ≥2nd line patients also 

enrolled in the PIONeeRproject

It will also be tested in 1st line patients

It will be dissected at the 

physiopathological level to disentangle 

complex biological mechanisms 

associated with resistance.

The best predictive model includes markers of

diverse origins: immune, vascular, biochemical.

It highlights the complexity of ICI-response and

the complementarity of blood and tumor samples

for itsprediction.

Figure 2: Progression Free Survival Kaplan Meier 

representation of the 137 patients 

Table 2: 12 biomarkers predictive for Early Progression with AUC < 

0,4 or > 0,6, Odd Ratio < 0,85 or > 1,15 and both UV and MV p < 0.05

Figure4:Box plot representation of three biomarkers in EPand Non-

EPpatientsrespectively, associated T-test result

Figure 5: PFS Kaplan Meier representation of two biomarkers

predictive of EPstatus

Figure 3: Analysiswork ow to highlight multimodal signature predictive to EP status

Figure 7: EP signature 

performance evaluation

Ten-fold cross-validation was performed

on the data with the 37 selected

biomarkersselected with LASSO. A logistic

regression outperformed a random forest

algorithm.

1 = EP, 0 = non-EP hence PPV is the

probability of the model to correctly

predict Early Progression.

LASSO is a regression analysis method that also

performs biomarker selection through L1

penalization. Decreasing the penalization

coe cient generatesan increasing number of

biomarkerswith non-zero coe cient.

Ten-fold cross-validation for each was then

performed and the value and corresponding

biomarkers with highest AUC are selected (37

biomarkers).
* p < 0.05

** p < 0.01

*** p <0.001

V2VS

Pre-anti-PD(L)1 

treatment samples

Diag V3 V4 V5V1 V6

R* R* R* R*

Pre-ttt

FFPE tumor
Pre-ttt

Blood samples

Pre-ttt

Stool sample

Immune cells

tumor 

quanti cation
Multiplex IHC

CirculatingImmune 

cellsquanti cation
Flow cytometry

Blood soluble factors

measurement
ELISA / Luminex

Vascular

activation
ELISA / Luminex /

MACS / Flow cytometry

TregsCD4 FOXP3

Immunoscore ICTM CD8 

PDL1 T-Cells& 

Checkppoints
CD3 CD8 PD1 LAG3 TIM3

MyeloidDerived

SuppressorCellsPanel

CD14 CD11b CD15 HLA-

DR LOX1 S100A9

Innate immunity& 

adenosine pathway

CD45 CD16 C5aR CD39 

CD73 pan-CK DAPI

T-Cells

CD39 CD73 NKG2A NKG2D 

KLRG1 PD1 ILT2 IL17RB

NK Cells

NKp46 NKp30 NKp44 NKG2D 

NKG2A KLRG1 PD1 ILT2 IL17RB 

CD39

MyeloidCells
CD33 CD14 CD11b CD15 CD16 

CD163 HLA-DR ILT2 CD39 PDL1 C5aR

B-Cells

CD19 CD20 HLA-DR IgM IgD IgG 

CD38 CD69 CD86 CD27

IL6, IL10, IFNγ, TNFα, 

sCD25, Th1/2/17

Thrombospondin, Tissue 

Factor, VEGF, VEGFR1, 

Angiopoietin, sCD146, ICAM, 

VCAM, E-Selectin,P-Selectin

Circulating Endothelial Cells: 

CD146

Leuco/Endothelial

Microparticules: CD31, CD41

TMB
WES

Characteristic
Total

n = 1371

Early 

Progressors

n = 711

Non-Early

Progressors

n = 661

p-value2

Sex 0.8

F 49 (36%) 26 (37%) 23 (35%)

M 88 (64%) 45 (63%) 43 (65%)

Age 0.5

< 70 92 (68%) 50 (70%) 42 (65%)

70 44 (32%) 21 (30%) 23 (35%)

Unknown 1 0 1

ECOG 0.048

0 39 (28%) 15 (21%) 24 (36%)

1 98 (72%) 56 (79%) 42 (64%)

Tobacco history 0.9

current 45 (34%) 22 (31%) 23 (36%)

former 78 (58%) 42 (60%) 36 (56%)

never 11 (8.2%) 6 (8.6%) 5 (7.8%)

Unknown 3 1 2

PD-L1 expression 0.004

< 1% 66 (64%) 41 (77%) 25 (50%)

 1% 37 (36%) 12 (23%) 25 (50%)

Unknown 34 18 16

Histology 0.3

ADK 95 (73%) 44 (67%) 51 (80%)

Squamous 27 (21%) 17 (26%) 10 (16%)

Others 8 (6.2%) 5 (7.6%) 3 (4.7%)

Unknown 7 5 2

TREATMENT 0.7

anti-PD1 94 (69%) 50 (70%) 44 (67%)

anti-PDL1 40 (29%) 19 (27%) 21 (32%)

Pembro+Chemo 3 (2.2%) 2 (2.8%) 1 (1.5%)

RECIST <0.001

CR 1 (0.9%) 0 (0%) 1 (1.7%)

PD 29 (26%) 28 (55%) 1 (1.7%)

PR 22 (20%) 3 (5.9%) 19 (32%)

SD 59 (53%) 20 (39%) 39 (65%)

Unknown 26 20 6

1n (%)
2Pearson's Chi-squared test; Fisher's exact test

Table 1: Description of the 137 ≥2nd line patient

treated with single-agent nivolumab, 

pembrolizumab or atezolizumab

Circulating Activated

T-cells

%
 a

m
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lls

Parenchymal PD1+ 

CytotoxicT-cells

C
e
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d
e
n

si
ty

(c
e
lls

/m
m
²)

%
 a

m
o
n

g
T-

ce
lls

Circulating Regulatory

T-cells

Circulating blood cells

Tumor biomarker

Vascular origin

Routine blood tests

Soluble immune marker

Colorcode

*R : RECIST 1.1 evaluation every 6 weeks

Median PFS = 3.77 months,

considered Early Progression cut-o

EP:n=71(52%)

Non-EP:n=66(48%)

37 biomarkers

cutpoint = 12 (% among lymphocytes) cutpoint = 15 (cells/mm²)

0,819 0,863 0,824 0,8020,8420,802

22 dropped biomarkers (>90%

missing values or estimated

imputation error >70%)

Remaining missing values(33%)

imputed through chained

random forests

Biomarkers

incrementation to reach

the best AUC predicting

Early Progression

LASSO-basedbiomarker

selection

Machine learning

models applied to

selected biomarkers to

select the most

predictive model

Cross validation to

assess the accuracy, the

robustness and the

precision of the model

Biomarkersassociation 

withEarlyProgression
UV / MV

Missingvalues imputation

V1 V2 V3 V4

Pat1 12 3 75

Pat2 58 48 9

Pat3 94 52 8

Pat4 19 48

Pat5 28 54 1

Pat6 83 2

Pat7 47 48

V1 V2 V3 V4

Pat1 12 69 3 75

Pat2 58 48 9 52

Pat3 94 52 18 8

Pat4 34 19 48 42

Pat5 28 54 23 1

Pat6 83 52 2 6

Pat7 47 48 9 8

Patients 

sampling

Tumor 

multiplex 

IHC
TILs

Checkpoints

PDL1

MDSC

Tregs

NK

Monocytes

Tumor

NGS

TMB

Mutations

Circulating

Blood cells
MDSC

Tregs

T-cells

NK

Endothelial cells

B-cells

Dendritic cells

Neutrophils

Vascular

activation

CEC

sCD146

VEGF

P-Selectin

E-Selectin

VCAM

Angiopoietin

EMP

TSP

RECIST

Survival

Clinical

follow upRoutine 

Blood 

Tests

CRP Hemoglobin

CO2

Chlorine

TSH

Blood 

soluble 

factors

IL6

sCD25

Th1/2/17

IL10

IFNγ

TNFα

Tissue Factor

Model performance 

assessment

Model selection

High circulating

activated T-cells

Low circulating

activated T-cells

High PD1+ activated T-

cells in parenchyma

Low PD1+ activated T-

cells in parenchyma

69                        26                       11                       30
34                         2                          1                         0

55                         6                          1                          0
69                        28                        10                         0

Number at risk Number at risk

N
o

n
-E

P
EP

association withEarly

Progression status
Classi cation task through

logistic regression

association with

Progression Free Survival
Survival analysis – Cox

regression

374 biomarkers

FRANCE

For association of biomarkers with Early Progression, Student’s t and 

Wilcoxon tests were used. 

In addition, univariate (UV) and multivariate (MV) logistic regressions (for 

EP) and proportional hazard Cox models (for progression-free survival, 

PFS) were used. Control variables for multivariate models were sex, age, 

ECOG, smoking status, histology and PD-L1 expression. Benjamini-Hoch-

berg p-value adjustment was performed on all candidate biomarkers for 

EP prediction and led to no signi cance.

LB120

Greillier et al., AACR 2022

2+ LINE RESULTS (CROSS-VALIDATION ON THE TRAIN SET)

DATA LOCK 2 – N = 137, OUTCOME = EARLY PROGRESSION

BUT.... results vanished on the test set !

... partly due to the small number of patients added 

at data 3 (28)



OUTCOME DEFINITION 

WHAT ENDPOINT?

22

Outcome Time of PD 

(mths)

Non-evaluable Resistant / Non-

resistant (%)

Early 

progression 

(EP)

< 3 18 111/310 (26/74)

Primary 

resistance1 ≤ 6 4 172/263 (40/60)

Secondary 

resistance1 > 6 272 58/109 (35/65)

12023 SITC guidelines. Tawbi, H. A. et al., Rizvi et al., J. Immunother. Cancer, 2023 Non-evaluable = patients with not enough follow-up (< 6 weeks) or censored

PDL1 does not explain everything 

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

NARRATIVE

Data VS
Univariable

Biostats

Multivariable

Signature

Predictive

Modeling

Companion

website
Dashboard

• 439 patients

• 446 markers

• Outcomes

Primary resistance (6 mths)

PFS

Apparent (full)

https://compo.inria.fr/pioneer-website/
https://compo.inria.fr/pioneer-dashboard/


CHALLENGES IN PIONEER BM ANALYSIS

MACHINE LEARNING

Difficulties Remedies

Overfitting Optimism-correction

Many, correlated data Feature selection

A priori complex interactions Nonlinear models

Missing data Imputation

Small 𝑛, Large 𝑝 Generative modelling

24

Tackle these problems one-by-one. Use theory if available, do simulations otherwise.
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AUTOMATIC REPORTING, PACKAGE DEVELOPMENT

CONTINUOUS INTEGRATION / CONTINUOUS DEVELOPMENT

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

Online website

Development pipeline
Reporting
pipeline

Deploy

Pages

Mirror

Trigger 
pioneer-pages

Build

Buil
d

Update

(re)Instal
l

Test

Integ
ratio

n 

App

Data 
chec
ks

Process

Book 1

Book 2

Tech. Rep 1

Tech. Rep. 2

READMEs
Proces
s
jobs

Modul
es 

⇒ Reproducibility and 

traceability 



• Problem = overfitting in train / test

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

• Because of NA imputation ?

• Because of feature selection ?

METHODS ML

Test

CV train

Collins et al., Evaluation of clinical prediction models (part 1): from 

development to external validation, BMJ, 2024

• Solution = drop the train / test approach

⇒ Define a method (FS + ML)

⇒ Apply to the entire dataset (apparent metrics)

⇒ Evaluate and report optimism (= overfitting) using bootstraps



• Need more stringent filtering of variables for the signature

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

but have high NA rate

• Problem = signature instability

• Reasons: missing values, correlations and p ~ N

SIGNATURE

METHODOLOGY

LASSO

few variables selected ≥ 

50% of the times in 

bootstrap

Best solution = simple = use univariate stats and FDR adjustment

p.adjust mv < 0.5 PRIM_RES + PFS + AUC > 0.6 + C-index > 0.6

Benchmark of 18 FS methods: all failing  



PREDICTIVE MODEL

RESULTS
Apparent (full)

Optimism-corrected

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

➢ Best = random forest

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


PREDICTIVE MODEL

AUC AND POSITIVE PREDICTIVE VALUE

single markers

multivariable ML

F1 =
2

1
𝑆𝐸

+
1

𝑃𝑃𝑉

only potentially actionable markers (5)



PREDICTIVE MODEL

PFS STRATIFICATION

Train Test



PREDICTIVE MODEL

PFS STRATIFICATION: FULL DATA

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



• Preprocessing / data cleaning is essential but time consuming

• 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

➢ 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

• Mechanistic modeling

LESSONS



SChISM

Size CfDNA Immunotherapies Signature Monitoring

APHM: S. Salas, Inria / Inserm: S. Benzekry, L. Nguyen, Adelis

Patient 700-13

Nguyen, Salas, Benzekry, submitted, 2024

(Total N = 300)



Predictive value of baseline cfDNA markers

35



Different processes of cfDNA release

Immune system
ICI Chemotherapy

Apoptosis

Apoptosis

Necrosis
NecrosisActive 

secretion Apoptosis

Clearance

NucleaseLong fragments 

(>580 bp)

Short fragments 

(<580bp)

Treatment-resistant cells

Immunotherapy-sensitive cells

Chemotherapy-sensitive cells

𝑑𝑆𝑠

𝑑𝑡
= −𝜖𝐶 . 1𝐶 . 𝑆𝑆 − 𝜖𝐼 . 𝐼. 𝑆𝑆 

𝑑𝑆𝑅

𝑑𝑡
= 𝐾𝐺 . 𝑆𝑅 

𝑑𝐷𝑆

𝑑𝑡
= 𝜆𝑋 . 𝜖𝐶 . 𝟙𝐶 . 𝑆𝑆 + 𝜖𝐼 . 𝐼. 𝑆𝑆 + 𝜆𝑆 . 𝑆 − 𝑘𝐷 . 𝐷𝑆 + 𝑘𝑛. 𝐷𝐿  

𝑑𝐷𝐿

𝑑𝑡
= 𝜆𝐿 . 𝑆

′ . 𝟙𝑆′>0 + 𝜆𝐴𝑆 . 𝑆 − 𝑘𝐷 . 𝐷𝐿 − 𝑘𝑛. 𝐷𝑠 
𝑑𝐼

𝑑𝑡
= 𝛽.𝐷𝐿 . 𝐼 − 𝑘𝐼 . 𝐼 

Patient 
701-34

Patient 
701-1
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