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BACKGROUND OBJECTIVES

-

« Prediction of Overall Survival and Response to 2nd line is a major challenge in treatment of _, Propose the best mathematical model for the description of the longitudinal measurement of the

HNSCC

., Tumor kinetics during first line may provide interesting predictive metrics for Overall Survival

patients individual SLDs (Sum of the Largest Diameters)

_ Predict the Overall Survival using the kinetic data of first line and some baseline data

\_ _

MATERIAL AND METHODS'

.. First i
Clinical data klnertT;s:n:Gl
. EXTREME (cetuximab, 5-FU, platinum) ,..‘./...,.,u,.
vs TPEx (cetuximab, docetaxel, platinum) £
Phase 2 clinical trial =L 3 o'ks xc/ A c '
_ 2 E o\ ' Kinetic si
. 528 patients enrolled (263 (TPEx) and 265 2 100 0 | o ® . - ! & netic signature : .
(EXTREME)). il T | TTTTTTTTOTT
0 >
0 10 _ 20 30 40 50
time (months) time (months)
Tumor Growth Inhibition (TGI) models®: Baseline g'"’ \ﬂﬂl—
Features g g.» - ~.|
o N
Tumor Growth model with Biexponential model with Biexponential model - T i
treatment effect resistant cells
SID(O - Sl = 2 s 100 SLD(t) = SLDo (ae"® + (1 —a)e™™* —1) | SLD(t) = SLD, (¢"¢* + e~ ¥5* — 1)
Nonlinear Mixed Effects Modeling (NLMEM) , : : : :
— Semu-ParametncP— Cox Regression Regularized Cox Ridge-Cox |
o]
. . i - Exponential
y;. — f(tj' 8) + e; a Prt':;;ozrg?dnal |_|:
e S~ S~~~ Survival Analysis I__ Gompertz
observation  structural model  error model Methods
“attmef {_poramee | S
!
: _ - Weibull
8' = uexp(n') n' ~ N(0, w) u fixed effects, n' random effects -~ AT b
— Gamma
g, = (01 + o=A(t; 8'))€; e; ~ N(0,1) combined error mode!
~{ Log-normal
—{machine learning I—

RESULTS

The Biexponential model provides the best Fit (AIC and identifiability) 3
KG is the most important parameter for predicting OS

Patient 412 Patient 436 Patient 462 Patient 499

I T I

200-

|
|
| prim_tum_loc
| pri m_adj_t.rr!t .
I T _init-
| cig
| scc_histology
| tmt_arm-
7I | | . metastasis_relapse
\J 11 | \ e loco_regional _relapse-
|
I
|
|
|
|

I
I importance
|

I

I

|

I

I

I

, . \. . - N_init-

I Q

I

I

I

|

1

300

150
0.02

200 0.01

variable

100-

o]

Observations

0.00

SLD (mm)
JEEE==="""

J—————————————

L . prior_lymphadenectomy -
N\ )8 .’ TS0+
Ny o

(XX o ® 01 © oo KS-
— e = I 0 100 200 300 perf_status -
015 0 5 10 15 0 5 10 15 0 5 10 15 Predictions acc_TTG-

time (months) T}Ig

o

importance

Prediction of the Overall Survival

Tumor Kinetic Parameters Outperform All Others

Best performance for Random Survival Forest (C-index= 0.7)

On the training set: 0.7 On the test set: 0.67 CONCLUSION AND PERSPECTIVES

= & - A mechanistic mathematical model was able to fit the clinical data of SLD measurements in a
0.8 . .
0.7 I : :5: : } HNSCC clinical trial
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% 0.6 1 . : ? ¢ . % I ! . - Mechanistic modeling and Machine learning algorithms were combined to predict Overall Survival
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