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Model development followed standard population model Therefore, the optimal covariate models were identified as:

Abstract

In this work, we conducted a systematic comparative analysis of

methodology [8]. Nonlinear mixed effects approach was
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frequently used tumor size dynamics models based on their
descriptive and predictive ablility validated against representative
NSCLC clinical data.

Results

TGI: LDHb on Base; SMKSTAT, NLRb on kg ;

Model Development Descriptive Power Assessment

" Only three empirical models (BIExp, BIEXpS, and TGl ) were able _ _ _ . o
I ntrOd UCUOn 4 P ( p_ _ P _ ) Comparative analysis of final models descriptive ability revealed
P y
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delineating the progression of solid tumors over time. These plits) P g mean squared error (MSE) values compared to the BiExp and
models are further applied in developing joint [1-2] and obtained with the full dataset. LExp. The LExp ranked second, indicating a clear hierarchy in
sequential models [3] of longitudinal biomarkers and patient However, the BIExpS model was excluded from the further model diagnostics performance.
survival, |mpr0\./|-ng Insights into tumor growth and treatment analysis, because the estimate of parameter ¢ is approximately FIGURE 3. Descrintive power assessment plot.
outcomes. Additionally, the parameters of these models can be equal to 1 in all the scenarios, therefore BIEXpPS degenerates into & - " - & —
used as surrogate endpoints in clinical research [4]. Despite the BiExp model. o ] |
widespread application of these empirical models, the s oo -
choice of the optimal one often lacks proper justification and FIGURE 1. Statistical model reproducibility plot. 01
still have unresolved methodological issues. ool ] — T =l ——-
= .. - " 00081 T _:: > \.,
80- < ool | == ;\:: b S 2
: il == - =
MethOdS g 60 1\\-‘.;\\* ) | h NN\
:§ 50 -400+ :- B \_ ; N " :. \
We analyzed longitudinal sum of target lesions (SLD) data g N 00, N\t —_— N
-6_ 40 Ny ¥ \_.
(RECIST 1.1 criteria [5]) from advanced non-small cell lung o T e T v e
g _kg_kd_
cancer (NSCLC) patients treated with EGFR tyrosine kinase 3 /
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N Despite that the VPC plots for the validation data looked similarly
The scheme below represents a repeated cross-validation BiExe BIEXDS Exe QExp TGl for the three final models (Figure 4A-C), the TGI model
approach applied in current analysis. For each split between The boxes contain description of the base model’ prevalence corresponding to significantly outperformed BiExp and LExp in predictive accuracy

the bars. RE - random effects, C - correlation between random effects. Filled

boxes indicate frequently met statistical configurations that matched the ones based on the calculated MSE values on validation datasets.

training and validation datasets (N=50), we performed unified

model diagnostics (at training dataset) and validation (validation obtained from the model qualification against the full, not split for training and o
dataset) validation, dataset. The boxplots also show that the variability of MSE decreases
ataset). . o . .
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In the current work the following 5 frequently used SLD empirical
mOdels were Used [7] LDHb LDHb . 0 0.3 LDHb . 0.1 0.5 0.1
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Model name Equation
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Biexponential model (BiExp) SLD = Base - (e*s* + e7Fat — 1) The presented work provides a methodological framework for
. . AP 0| 01 0 AP 0| 02 | O APE 0 01| 0 | 0 empirical model optimization, offering a basis for more
Linear exponential model SILD = Base - e~ka't 4k . ¢
(LEXp) g e kg s B g s Bse k4 ke accurate predictions of tumor dynamics and model component
Quadratic exponential model _ kgt 2 FIGURE 2. Heatmap of the frequency of inclusion of covariates in the final choice for joint and sequential modeling framework.
SLD = Base - e + kg1 t+ kgt . . . . . . .
(QEXp) model via a stepwise covariate search algorithm in Monolix for (A) BIExp, (B)
: : : . LEXxp, and (C) TGI. Base-SLDb combination (black cell) was excluded from « In this work we showed that there is a critical dependence of
Biexponential with s_ensﬂmty SLD = Base - (¢ - e *a't + [e¥a't — ¢]) covariate search. Covariates were also identified for the models tested against . _ P
parameter model (BIEXpS) full data — these combinations are marked with asterisk. the final model on the available data.
Tumor growth inhibition model kgt—(X2)(1—e=2) . . . o,
= : A i} 0 : . .
(TGI) SLD = Base - e ( ) Covariate-parameter relationship obtained in more than 50% . A simplified TGl model showed better performance than BiExp
e | | validation tests were the same as for the models tested against and LExp models against the investigated NSCLC patients
g1 Kg1, Kg2 - growth rate constants; k, - shrinkage rate constant of tumor due to the full dat £ Th | . . d for the b i
applied cancer treatment; @ - sensitive fraction of the tumor; A - treatment € Uil dataset. The only exceplion was found tor the baseline data treated with EGFR tyrosine kinase inhibitor, erlotinib.
efficacy decay rate constant. LDH concertation on k, relation in the TGl model.
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