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Tumor size assessment Objective response and time to the development of

disease progression are important endpoints in cancer
clinical trials

Reproducible lesion

RECIST (Response Evaluation
Criteria in Solid Tumours)

The sum of the longest diameters (SLD) across
target lesions.

Objective tumour response:

CR (Complete PR (Partial Response) SD (Stable Disease) PD (Progressive Disease)

Response)

Disappearance of all At least a 30% Neither sufficient shrinkage At least a 20% increase in the sum of

target lesions. decrease in the sum of | to qualify for PR nor diameters of target lesions, taking as
diameters of target sufficient increase to qualify reference the smallest sum on study or
lesions, taking as for PD, taking as reference an absolute increase of at least 5 mm
reference the baseline the smallest sum diameters or the appearance of one or more new
sum of diameters. while on study. lesions. /
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https://pubmed.ncbi.nlm.nih.gov/19097774/

Objectives

The goal was to research and analyze different approaches to characterise tumor
size dynamics using the SLD metric in order to find the model with the best
descriptive and predictive power within the data under study. To rich the goal
following objectives were established:

to scope the literature for SLD biomarker models

to qualify proposed models against selected training data and identify parameters
to conduct diagnostics of qualified models

to test models’ predictions against validation data
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Data under study

40 1
Phase IIl, randomized, double-blind study el L o
(ClinicalTrials.gov, identifier:NCT00364351) 10/, 2 . Training dataset
of patients with advanced NSCLC treated ol VA Nurmbigrof pafierfis: 390
with Erlotinib, small molecule EGFR
(epidermal growth factor receptor) inhibitor, Lo
was the source of SLD dynamics data in R
the present project. £ =
The dataset was divided on training ‘2— e
(n=300) and validation (n=116) sets. ? o m a8
. "_/ Validation dataset
=l ./_'/}: 3- : Number of patients: 116
Fig. 1 Scatterplot of SLD observations. :
Blue and green lines represent the —> L
moving average values. i
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The source of dataset is Time (in months)



https://www.projectdatasphere.org/

Based on the
published review
of mathematical
models for tumor
dynamics the 6
models were
chosen for
investigation.

2 of the
investigated
models
represented
different empirical
mechanisms of
tumor resistance
to treatment

Model

Peculiarities

Application

SLD = (¢"a'+ g% _1) - Base

Two-phase bi-exponential model

PSA measurements, Al prostate
cancer, chemotherapy; metastatic
castration-resistant prostate
carcinoma patients

undergoing combination therapy; sum
of perpendicular diameter
measurements, RCC patients,
bevacizumab treatment;

SID = (% + (") _ 1) - Base

A parameter t has been introduced

to account for the delayed tumor
regrowth

PSA measurements, Al prostate
cancer, chemotherapy;

SLD = (¢ - e ¢!+ — ¢]) - Base

A parameter o been introduced to

differentiate the sensitive and
resistant part of the tumor

Sum of the perpendicular diameters
measurements, RCC patients,
bevacizumab treatment

SLD=Base -e4*'+B -t

Two-phase exponential-linear
model

SLD measurements, NSCLC patients,
4 different targeted therapies; SLD
measurements, NSCLC patients, 3
different chemotherapies;

SID=Base - ed1+B t+C -

Exponential-quadratic model

SLD measurements, RCCpatients,
pazopanib treatment;

SLD = Base - &b (¥ (1=

Tumor growth inhibition (TGI) model
with parameter i that accounts for

drug resistance

SLD measurements,
RCC/NSCLC/gastric cancer patients,
targeted therapy/chemotherapy;



https://pubmed.ncbi.nlm.nih.gov/?term=CPT%2BPharmacometrics%2BSyst%2BPharmacol.%2B2019%2BOct;8(10):720-737.%2Bdoi:%2B10.1002/psp4.12450.%2BEpub%2B2019%2BAug%2B9.%2BPMID:%2B31250989
https://pubmed.ncbi.nlm.nih.gov/?term=CPT%2BPharmacometrics%2BSyst%2BPharmacol.%2B2019%2BOct;8(10):720-737.%2Bdoi:%2B10.1002/psp4.12450.%2BEpub%2B2019%2BAug%2B9.%2BPMID:%2B31250989
https://pubmed.ncbi.nlm.nih.gov/?term=CPT%2BPharmacometrics%2BSyst%2BPharmacol.%2B2019%2BOct;8(10):720-737.%2Bdoi:%2B10.1002/psp4.12450.%2BEpub%2B2019%2BAug%2B9.%2BPMID:%2B31250989
https://pubmed.ncbi.nlm.nih.gov/?term=CPT%2BPharmacometrics%2BSyst%2BPharmacol.%2B2019%2BOct;8(10):720-737.%2Bdoi:%2B10.1002/psp4.12450.%2BEpub%2B2019%2BAug%2B9.%2BPMID:%2B31250989

Models under investigation
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https://pubmed.ncbi.nlm.nih.gov/?term=CPT+Pharmacometrics+Syst+Pharmacol.+2019+Oct;8(10):720-737.+doi:+10.1002/psp4.12450.+Epub+2019+Aug+9.+PMID:+31250989

Models under investigation

Tumor Burden
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https://pubmed.ncbi.nlm.nih.gov/?term=CPT+Pharmacometrics+Syst+Pharmacol.+2019+Oct;8(10):720-737.+doi:+10.1002/psp4.12450.+Epub+2019+Aug+9.+PMID:+31250989

Tumor growth inhibition (TGI) model

_'~_d g
SLD = Base - e*¢'= () (1-¢7)

The model is described by the differential
equation below:

~
% = Jg - SL_D{;) — k- Exposure(t) - SLD(r)

N kg (0) = kyo-e™*

L SLD(0) = Base

We will use the simplified version of the
introduced TGI model where Exposure(t)
IS constant and equal to 1.
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https://pubmed.ncbi.nlm.nih.gov/24134068/

Pipeline

Qualification Diagnostics Validation

For models’ parameters Quialified models were Model predictive performance
estimation Monolix Suite 2020 selected based on a set of was assessed in an external
R1 modeling software criteria: successful validation procedure where
controlled from the R convergence, RSE < 50%, longitudinal SLD profiles were
programming environment optimal AIC, adequate sampled from posterior

was used diagnostic plots distribution for truncated

validation data.

The performance was assessed
by Visual Predictive Check plots
(VPC)
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Mixed-Effects Models

Interindividual

variability model ‘ Final model
(0, 0) (e + e
Yi = Ppop + M; yl] - f(tl]' ll)l) T gl]
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Population Pharmacometric Modeling Workflow
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Structural Model

IV Model
start with full diagonal
£ matrix

Covariate Model
start with no covariates or
include common ones

Residual Error Model
start with combined REM
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Investigation of models

Model The optimal combination AlIC
of parameters

ittt ko't EM: constant -55.6
— + ket _ ‘
SLD = (e < 1) - Base Corr.: Base, k,
. folyt ka-(t—1) EM: constant -60.19
: =— 3 d _|_ € —_ . Ay~
SLD = (e € L)-Base | o (Base. k) &l 1)
MR S A s O : EM: constant -140.8
SLD ({P € - [E (P]) Base Corr.: Base, o, k,
SID =Base - e 4T+ B - ¢ EM: constant -56.3
' Corr.: Base, k,
ST = Baee « o A3 -1 E - rﬁ EM: constant -25.76
B ' Corr.: Base. C

. kg —1-y | EM: constant -114.8
SID =Base-e*="=GI =) e nre 1,
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Bi-exponential model

Bi-exponential sensitive-resistent model

:1 é é 1IC‘ 1I2 1I4

Exponential-linear model

2 4 § 8 10 12 14

Bi-exponential model with delayed tumor regrowth
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Tumor growth inhibition (TGI) model
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Exponential-quadratic model




Bi-exponential model

Visual predictive check

Parameter | Value RSE

(in %) Bi-exponential model
Base 7.16 4.02 " I
K, 0.0125 | 23.3
~ 2
K 0.0228 17 L
’ ' Q
=l
<1
Corr. Base _0.33 o5 S
Vs K o
I
Errorrate | 109 58  — [ — , ! . | |
const. ' ' 0 2 4 6 8 10 12 14

Time (in months)
Number of simulations: 100, confidence interval: 95%
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Bi-exponential sensitive-resistant model

Parameter | Value | RSE (in %)
Base 7.29 3.93
Ky 0.0093 42.7
kg 0.0175 20.2
Q 0.84 15
Corr. Base -0.504 14.7
Vs Ky
Corr. ¢ vsk, | -0.584 24.3
Corr. Base
VS @ 0.429 23.4
Error rate 0.099 292
const.

15

In(SLD + 1)

Visual predictive check
Bi-exponential sensetive-resistent model

4

é é 1IO 1I2 1I4
Time (in months)

Number of simulations: 100, confidence interval; 95%



TGl model

T v e— Visual predictive check
(in %) Tumor growth inhibition (TGI) model
Base 7.23 3.98 N I
k, 0.07 28.2
~ 2-
K, 0.023 | 174 | +
Q I
A 2.14 78| @
. . A
&
Corr. Base 0.38 25 9 s |
Vs Ky
[
Error rate = i
const 0.1 2.72 0 > 4 6 8 10 12 14

Time (in months)
Number of simulations: 100, confidence interval: 95%
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Conclusions

O Different modeling approaches to assess and predict longitudinal tumor
size in NSCLC were investigated in this analysis.

1 Traditional bi-exponential empirical model expressed high performance in
the description of selected NSCLC data. However, bi-exponential sensitive-
resistant and TGI models were capable of more efficient description.

O Given the considered clinical study data, the highest predictive
performance was achieved by the TGl longitudinal model of SLD.
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