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Abstract

Modeling the dynamics of three tumor cell populations, i.e., sensitive, persister, and
resistant tumor cells, during molecularly targeted therapy with tyrosine kinase inhibitors
(TKIs) would be valuable for adjusting treatment plans for patients with epidermal growth
factor receptor-mutated non-small cell lung cancer (EGFR-mt NSCLC). We hypothesized the
time-variant tumor growth trajectories (TGTs) of patients with stage IV EGFR-mt NSCLC
for the three tumor cell populations could be expressed using differential models after
several follow-up computed tomography examinations. We aimed to propose differential
models for TGTs in three cell populations from patients with EGFR-mt NSCLC treated
with an EGFR-TKI (osimertinib). We selected two differential equations—Bertalanffy—
Piitter (BP) and Gompertz—to develop TGT models. The parameters of the models were
optimized based on a dual annealing method within parameter ranges determined using
synthetic patient data. Using CT examinations that were not employed for model fitting, the
mean absolute percentage errors (MAPESs) for BP-based and Gompertz-based models were
36.1 £ 40.2% and 43.9 £ 60.1%, respectively, for three follow-up computed tomography
(FCT) examinations, which indicated no statistically significant difference (p = 0.61). This
study suggests that the proposed BP-based and Gompertz-based differential models could
have the potential to express TGTs in patients with stage IV EGFR-mt NSCLC treated with
EGFR-TKIs after three follow-up CT examinations, although MAPEs should be mitigated
in future works.

Keywords: differential model; time-variant tumor growth trajectory; tyrosine kinase
inhibitors therapy
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1. Introduction

Lung cancer is a leading neoplasm, with new cases and deaths accounting for 11.4%
and 18% of all cancers, respectively [1]. The 1-year overall survival rate for patients
with stage IV is only 15-19% [2]. Tyrosine kinase inhibitors (TKIs) have been deployed to
improve the overall survival rate for stage IV patients with epidermal growth factor receptor
(EGFR)-mutated non-small cell lung cancer (EGFR-mt NSCLC), particularly among Asian
patients [3]. In the FLAURA study, osimertinib, a third-generation TKI, prolonged the
median overall survival by 6.8 months [4]. However, the emergence of resistant tumor
cells in EGFR-mt NSCLC with EGFR mutations remains a challenge, even when treated
with the third-generation TKI osimertinib [5]. Monitoring the dynamics of resistant tumor
cells—whether they are decreasing, remaining stable, or increasing—would be valuable for
adjusting treatment plans, such as considering alternative drugs or treatment modalities [6].
Enriquez-Navas et al. reported a novel strategy for adaptive therapy that maintains a
stable population of sensitive cells that can suppress the proliferation of resistant cells
by controlling tumor volume [7]. By monitoring the dynamics of resistant and sensitive
tumor cells before or during treatment, mathematical models can assist physicians in the
assessment of treatment efficacy or the decision of treatment strategies.

Modeling TGTs in EGFR-mt NSCLC patients treated with EGFR-TKI therapy after
several follow-up computed tomography (FCT) examinations is crucial for TKI therapy
during treatment, such as changing the regimens when the tumors turn into progressive
disease. However, previous studies have not addressed the modeling of TGTs in EGFR-mt
NSCLC patients treated with EGFR-TKI therapy after several FCT examinations.

We hypothesized that the TGTs of patients with stage IV EGFR-mt NSCLC for the three
tumor cell populations (sensitive, persister, and resistant cells) could be expressed using
differential models after several FCT examinations. This study aimed to propose differential
models for TGTs of three tumor cell populations in EGFR-mt NSCLC tumors treated with
EGFR-TKIs using the last pretreatment and three FCT examinations during TKI therapy.
This study did not aim to identify a universal set of TGT model parameters applicable
to general patients. Instead, the model parameters were individually optimized for each
patient to understand the dynamics of the three cell populations within tumors. The
validation strategy in this study is described as follows. The calibration in this study was
used to determine parameter ranges of TGT models for calibration patients, whereas the
validation aimed to evaluate the generalization of the parameter ranges of TGT models for
validation patients. Mean absolute percentage errors (MAPEs) for validation patients were
assessed for all CT examinations, as well as three FCT examinations that were not employed
for model fitting. Akaike information criterion (AIC) was deployed for comparison between
BP-based and Gompertz-based models.

2. Materials and Methods

The reference number of tumor cells was first computed from CT images at every
available time point for each patient. We selected two differential equations—Bertalanffy—
Piitter (BP) equation [8] and Gompertz [9]—to develop the TGT models. The parameters of
the models were optimized using a dual annealing method [10]. We evaluated the MAPE
and AIC using the reference numbers at each CT examination time point and the obtained
numbers on the TGTs. Figure 1 illustrates the TGTs of three tumor cells and total tumor
cells obtained from BP-based models for a real patient (Patient 146) with the reference
numbers for all CT examinations.
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Figure 1. Time-variant tumor growth trajectories (TGTs) of three tumor cells and total tumor cells
obtained from the Bertalanffy-Piitter-based models for a real patient (Patient 146) with the reference
numbers for all CT examinations of validation patients. ‘A’ indicates the last pretreatment CT
examination, and ‘B’, ‘C’, and ‘D’ indicate the first, second, and third follow-up CT examinations,
respectively. The green contours in the inset CT images indicate the tumor regions of interest (ROI).

2.1. Patient Data

This retrospective study was performed with ethical approval from the Institutional
Review Boards of Kyushu University Hospital. Given the retrospective study design,
informed consent was obtained through an opt-out procedure, whereby patients were
provided with clear information and the opportunity to withdraw their data from the study.
All procedures were performed in accordance with the Declaration of Helsinki.

Sixteen patients with stage IV EGFR-mt NSCLC (adenocarcinoma) treated with os-
imertinib (Tagrisso), a third-generation EGFR-TKI drug, were selected from 167 patients
at Kyushu University Hospital. The EGFR-TKI drug was administrated to patients daily.
Patients with conditions such as pneumonia, which made it difficult to clearly identify
the tumor boundary, were excluded. The patient selection flowchart is summarized in
Figure S1. Table S1 presents patient demographics and clinical characteristics for calibra-
tion and validation patients. Calibration patients were employed for determination of the
parameter ranges of TGT models and validation patients were deployed for the evaluation
of TGT models. Regarding EGFR mutations, 6 patients had exon 19 deletion mutations,
and 10 patients had an L858R mutation caused by the substitution of leucine (the 858th
amino acid in exon 21 of EGFR) with arginine. Two patients had 19 del/T790M and two
had L858R/T790M. The duration of TKI treatment was 112-579 days (average, 341 days)
between the first day of treatment and the day of disease progression. CT images for each
patient were acquired from different scanners to increase operating efficiency (Philips,
Brilliance 64, iCT 256, IQon—Spectral CT; TOSHIBA, Aquilion, Aquilion One, Aquilion
Precision, Aquilion PRIME; GE Medical Systems, Discovery STE; SIEMENS, SOMATOM
Definition AS, Biograph64, Biograph128, Symbia T6; Canon Medical Systems, Aquilion
ONE). We delineated 110 regions of interest (ROI) of primary tumors on 24 pretreatment
and 86 follow-up CT images from sixteen patients to calculate the reference total num-
ber of tumor cells. The interval between consecutive CT examinations ranged from 4 to
196 days (median, 56 days; mean =+ SD, 58.5 £ 32.5 days) across all patients. Detailed CT
examination dates for each patient are provided in Supplementary Table S2.
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2.2. Reference Total Number of Tumor Cells Obtained from CT Images

A reference number for the total tumor cells in each tumor was calculated by multiply-
ing the tumor volume by the tumor cell density. The tumor volume was calculated from
the contours of the tumor region on the slices of a 3D CT image. The contours of the largest
primary tumor volumes on pretreatment and follow-up CT images were delineated as the
regions of interest (ROI) in a radiotherapy treatment planning system (Eclipse version 15.0,
Varian Medical System Inc., Palo Alto, CA, USA) based on a consensus between a respira-
tory oncologist (K.T.) and a medical physicist (H.A.) with >6 years of experience. The two
observers viewed and discussed all the CT images jointly until they reached an agreement
on tumor contours. The tumor lesions on the CT images were viewed at a window width
and level of 400 and 50, respectively. An isotropic binary images within an ROI (in-plane
pixel size: 0.389-2.0 mm, slice thickness: 1.0-2.0 mm) were converted to binary images
with an isovoxel size of 0.625 x 0.625 x 0.625 mm? using a shape-based interpolation
method [11], in which tumor contours on intermediate slices between adjacent CT slices
were estimated by performing the distance transform of the binary contours on each slice
and linearly interpolating these distance fields, thereby generating isotropic voxels while
preserving the 3D shape of the tumor contours. Finally, the total number of tumor cells
Niota1 Was calculated as follows:

Niotar = ny'Vd, 1)

where ny is the number of voxels in an ROI, V is the volume per voxel (cm?), and d is the
tumor cell density (/cm?). Tumor volumes were calculated by counting the number of
voxels within the delineated ROI after isotropic voxelization of the CT images, multiplied
by the unit voxel volume. Validation of this volumetric calculation against an independent
reference method (e.g., phantom-based or manual segmentation comparison) was not
performed in this study. All 16 patients included in this study had pathologically con-
firmed adenocarcinoma. Therefore, the tumor cell density of 8.56 x 107 /cm3 derived from
adenocarcinoma bronchoscopy biopsy specimens [12] was considered applicable across all
patients. The relative number of tumor cells was obtained by dividing the original number
of tumor cells by that at the first time point for each patient, which was then employed to
build the TGT models.

2.3. TGT Models

Grassberger et al. [9] developed mathematical models of time-variant tumor growth
trajectories (TGTs) based on the Gompertz equation for three tumor cell populations: sensi-
tive, persister, and resistant cells to EGFR-TKIs. The persister cell population may transition
to resistant cells with a compound mutation probability due to genetic mutations [13,14].
These models can temporally quantify resistant and persister cell populations. Kiihleitner
et al. [15] reported that the BP equation [8] could approximate the TGTs of human breast
cancer; however, they did not consider the three tumor cell populations. The BP equation is
a generalized tumor growth model with four parameters, including two exponents related
to tumor metabolism and morphology. However, there is no evidence on which equation is
better for TGT models of three tumor cell populations. Therefore, we clarified the better
equation for TGT models in this study.

2.3.1. Initial Values of TGT Models

Each lung cancer region consisted of three tumor cell populations—sensitive cells,
persister, and resistant cells to TKIs—denoted by the subscripts S, P, and R, respectively.

https:/ /doi.org/10.3390/app16157702


https://doi.org/10.3390/app16157702

Appl. Sci. 2026, 16, 7702

50f 15

Therefore, the total number N, (f) of tumor cells in a lung cancer region was calculated
as the sum of the numbers of sensitive N, persister Np, and resistant Ny cells, as follows:

Ntatal(t) = NS(t) + NP(t) + NR(t)‘ (2)

We defined the initial number of tumor cells at the first pretreatment time ¢4 for TKI
treatment (time A in Figure 1) as

NS(tlst) = (1 —a— b)Ntotal(tlst) (3)
Np(t1st) = aNiotar (t1st) 4)

and
NR(tlst) = bNtotal(tlst)/ )

where a and b are the initial fractions of persister and resistant tumor cells, respectively.

2.3.2. BP-Based Models

In the BP differential equation, the growth in the number of tumor cells is deemed
to be the remaining difference between anabolic and metabolic processes [16]. The BP
differential equation for the number of tumor cells N () at time ¢ is defined as

dl\d’iit) — uN(t) —oN(t)F, (6)
where 1 and v are the increasing and decreasing rates of tumor cells [9], respectively, and j
and k are the parameters related to anabolic and metabolic processes, respectively [16].

Given the flexibility offered by the two exponential parameters expressing tumor
proliferation and the decline in response to TKIs, a model for the TGTs of sensitive cells
was constructed by combining the BP differential equation with a cell loss model [17],
which represents the decrease in tumor cells. The model for the TGTs of sensitive cells is
expressed as

dNs(t)
dt

= usNs(t) — vsNs(t)" = BC(t) (usNs (1)) — osNs (1)), @

where Cdm‘ly(t) is the daily dose concentration of TKIs at each time of ¢ (each day) for TKI
treatment, given by the following cell loss model:

t
In(2 1\ T1 2
Caniy (1) = Crasexp (_ ; )’*> = Cne(3)"” ®
2

Here, § is the TKI pharmacological effect parameter, Cy,4y represents the maximum

concentration at a steady state of the TKI, and T/, represents the biological half-life of the
TKI in vivo. Total dose concentration, administered from a starting time of 0 to a follow-up
time of ¢, C(t), can be defined as

1
y N7 12T
C(t) = Z Cduily(t - k) = Cinax <2) Tl/z _—1 (9)
k=0 _—
1-2T12

The daily dosage, T; /5, and Cyay for osimertinib were 80 (mg/day), 2.03 (days), and
328 (ug/mL), respectively. Although these values vary among patients, they were assumed
to be common across all patients in this study due to the unavailability of pharmacokinetic
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data for each patient. We defined the models for TGTs based on the number of persister
cells (Np) and resistant cells (NR) as follows:

dl\g’t(t) = upNp(t)' = opNp ()" — i (upNp(t) — vpNp(1)") (10)
and
dl\g?t(t) = ugNg () — orNg (1)" -+t (upNp(£)] — 0pNp(1)"), )

where y is the compound mutation probability of persister cells to resistant cells. The
differential Equations (7), (10) and (11) were solved using the Runge-Kutta method [18]
to drive the BP-based TGTs. Table S3 summarizes the parameter descriptions of BP-
based models.

2.3.3. Gompertz-Based Models

The Gompertz-based models for the TGTs of three tumor cell populations [9] were
defined as follows:

dN (t) K K
20 Ao ) — BeOANIn () (12)
dl\gjt(t) = /\pr(t)ln (Ntotljl(t> > —]/l/\PNP(t)ln(NmtI;(t)) (13)
and
dl\;Rt(t) = )LRNR(f)ln(NtOtI:l(t) ) + ]/l/\pr(f)ln(NtOtI:l(t) ) , (14)

where A, Ap,and Ay indicate the growth rates of sensitive, persister, and resistant tumor
cells, and K is the carrying capacity, which is the maximum tumor volume depending on a
given tumor environment (oxygen and nutrient supply through vascularization, metabolic
process, and status of immune surveillance) [19]. The carrying capacity K was set according
to a previous study [9] and the following procedure. To estimate the carrying capacity; it
must be greater than relative number of Ny, (f) and scaled appropriately relative to the
relative number of Ny ().

Differential Equations (12)—(14) were solved using the Runge-Kutta method to derive
the Gompertz-based TGTs. Table S4 summarizes the parameter descriptions of Gompertz-
based models.

2.4. Optimization of Parameters for Differential Models

Parameters for models were optimized under bound constraints, which were de-
termined from the parameters of data for 80 patients, including synthetic patients and
calibration patients. The TGT parameters were optimized with all FCT time points within
randomly assigned parameter ranges and 72 synthetic patients were created from eight
real calibration patients. The method for the creation of synthetic patient data is illustrated
in Figure S2 with Document S.1 (Supplementary Materials S1). The bound constraints were
determined as the mean =+ 3 SD for the optimized parameters of 80 patients’ data.

Twelve parameters (ug, vs, tp, vp, Ur, Ur, B, 4,4, b, j, k) in BP-based models and 7 pa-
rameters (As, Ap, AR, B, i, 4, b) in Gompertz-based models were automatically optimized
using a dual annealing method [10]. The dual annealing method features a random explo-
ration of neighboring “worse” candidates around extremum points to avoid being trapped
at local extreme points, facilitating the discovery of global optimal solutions.

The MAPE between the reference numbers at all CT examination time points and
the obtained numbers on the TGT of each patient at the corresponding time points was
minimized as an objective function to optimize the parameters. The MAPE is explained
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in Document S.2 (Supplementary Materials S1). The values of model parameters were
generated randomly. The initial temperature, minimum temperature, and number of
iterations for each case were 10,000, 0.0001, and 100, respectively.

2.5. Evaluation of TGT Models

Statistically significant differences in the optimized parameters of the BP-based and
Gompertz-based models between real and synthetic patients were evaluated using the
Wilcoxon rank-sum test to investigate whether the synthetic patient data were similar to
the real patient data. p-values smaller than 0.05 were considered statistically significant.

We evaluated MAPE and AIC for the following comparisons: BP-based and Gompertz-
based models, two calibration methods using all examinations and three FCT examinations
for both models. The MAPE and AIC for three FCT examinations were calculated using CT
examinations that were not employed for the two model fittings. The AIC is detailed in
Documents 5.3 (Supplementary Materials S1).

Regarding the parameter identifiability, we calculated the coefficient of variance (CV)
(standard deviation divided by mean in percentage) and 95% confidence intervals (ClIs) in
the parameter distributions of 12 parameters. One hundred parameter sets were derived
from the models for one real calibration patient’s data plus nine synthetic patients” data by
selecting 10 parameter sets with the top 10 minimum MAPEs for each patient.

Software specifications are summarized in Document S.4 (Supplementary Material S1).
Iso-voxelization was performed using in-house programs in a MATLAB 2023a (The Math-
Works Inc., Natick, MA, USA) environment. A python (v3.11) dual annealing package
of “Dual annealing” (SciPy v1.15.1) was utilized to run the dual annealing. p value of
Wilcoxon rank-sum test was calculated using the “scipy” package (SciPy v1.15.1) in python
(v3.11). The pseudo-code of construction of TGT models is provided in Document S.5
(Supplementary Material S1).

3. Results

Figure S3 illustrates the TGTs of total tumor cells for nine synthetic patients’ data,
generated from a real patient (Patient 079) using a BP-based model. Figure S4 illustrates the
TGTs of three cell types and total tumor cells for nine synthetic patients’ data, generated
from a real patient’s data (Patient 079) using a Gompertz-based model.

Tables S5 and S6 summarize the optimized parameters of BP-based and Gompertz-
based models with all CT examinations for calibration and validation patients. Tables S7
and S8 summarize the optimized parameters of BP-based and Gompertz-based models with
the last pretreatment and the first three follow-up CT examinations for validation patients.
Figures S5 and S6 present comparisons of the optimized parameters of TGT models using
BP-based and Gompertz-based models, respectively, between 8 real calibration patients’
data and 72 synthetic patients” data with p-values. There were no statistically significant
differences in optimized parameters between calibration patients” and synthetic patients’
data, excepting the compound mutation probability (i) of BP models.

Figures S7 and S8 show the TGTs of three cell types and the total tumor cells obtained
from BP-based and Gompertz-based models, respectively, with the reference numbers for
all CT examinations of calibration patients. Figures S9 and S10 show the TGTs of three
cell types and the total tumor cells obtained from BP-based and Gompertz-based models,
respectively, with the reference numbers for all CT examinations of validation patients.
Tables S9 and S10 indicate MAPE and AIC between the relative total numbers of tumor cells
at all CT examinations and TGTs obtained with BP-based and Gompertz-based models,
respectively, at the same time points for calibration and validation patients. The means of
MAPE and AIC with BP-based models were 3.85% and 265, respectively, for calibration
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patients, and 3.73% and 244, respectively, for validation patients. The means of MAPE
and AIC with Gompertz-based models were 7.01% and 263, respectively, for calibration
patients, and 3.43% and 228, respectively, for validation patients. There were no statistically
significant differences in MAPE and AIC for validation patients between BP-based and
Gompertz-based models (MAPE: p = 0.63, AIC: p = 0.44, Wilcoxon signed-rank test).

Figures 2 and 3 demonstrate the TGTs obtained with the last pretreatment and the
three FCT examinations using the BP-based and Gompertz-based models, respectively, for
the three tumor cell populations of four validation patients (Patients 142, 154, 157, and
159). Figures S11-514 show the TGTs obtained with the last pretreatment and the three FCT
examinations for the three tumor cell populations of calibration and validation patients
other than the four patients in Figures 2 and 3.

10 10
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3 MAPE (%) : 8.42 o] MAPE (%) : 2.51 Persister cells
<] . <} Sensitive cells
E ° £ 100
3 '\‘ 3 Total cells
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Figure 2. TGTs of three cell types and total tumor cells obtained from BP-based models with the
reference numbers at the last pretreatment and the first three follow-up CT examinations of validation
patients. Solid lines indicate the fitted trajectories over the last pretreatment and the first three
follow-up CT examinations used for model fitting; dashed lines indicate the extrapolated trajectories
beyond this fitting window, corresponding to the remaining follow-up CT examinations used for
modeling evaluation.

Figure 4 and Table 1 present a comparison of MAPE and AIC values, computed
between the relative total tumor cell numbers and the corresponding TGTs at three follow-
up CT time points for both BP-based and Gompertz-based models. The two metrics
for the three FCT examinations were calculated using CT examinations that were not
employed for the two model fittings. Means =+ standard deviations (SDs) of MAPE and
AIC with the BP-based models for calibration patients were 40.3 £ 22.0% and 157 £+ 73.4,
respectively, whereas those for the Gompertz-based models were 243.2 + 516.6% and
152 £ 73.9, respectively. For validation patients, means &+ SDs of MAPE and AIC with
the BP-based models were 36.1 & 40.2% and 118 & 52.9, respectively, while those for the
Gompertz-based models were 43.9 &+ 60.1% and 109 + 50.9, respectively. There were no
statistically significant differences in MAPE for calibration or validation patients between
the two models (p = 0.61, Wilcoxon signed-rank test). For AIC, there was no statistically
significant difference for calibration patients, whereas the Gompertz-based models showed
a significantly lower AIC than the BP-based models for validation patients (p = 0.016,
Wilcoxon signed-rank test). The median MAPEs for BP-based and Gompertz-based models
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were 36.9% and 26.4% for calibration patients, and 15.0% and 21.2% for validation patients,
respectively. The median AICs for BP-based and Gompertz-based models were 160 and
158 for calibration patients, and 99 and 93 for validation patients, respectively. The higher
mean values relative to the corresponding medians reflect the influence of a small number
of patients with large errors.

10!
K7 Patient 142 » Patient 154 Resistant cells
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Figure 3. TGTs of three cell types and total tumor cells obtained from Gompertz-based models

with the reference numbers at the last pretreatment and the first three follow-up CT examinations

of validation patients. Solid lines indicate the fitted trajectories over the last pretreatment and the

first three follow-up CT examinations used for model fitting; dashed lines indicate the extrapolated

trajectories beyond this fitting window, corresponding to the remaining follow-up CT examinations

used for modeling evaluation.
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Figure 4. Mean absolute percentage error (MAPE) and Akaike information criteria (AIC) between

the relative total number of tumor cells at three follow-up CT examinations and TGTs obtained with

BP-based and Gompertz-based models at the same time points for calibration and validation patients.
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Table 1. Mean absolute percentage error (MAPE) and Akaike information criteria (AIC) between
the relative total number of tumor cells at three follow-up CT examinations and TGTs obtained with
BP-based and Gompertz-based models at the same time points for calibration and validation patients.
Patients marked with an asterisk * did not have more than three follow-up CT examinations.

BP-Based Model Gompertz-Based Model
Patient Number MAPE (%) AIC MAPE AIC
12 Patient 079 37.3 248 8.05 227
_g Patient 127 72.5 185 19.7 166
= Patient 128 * - - - -
= Patient 130 55.6 64 9.94 53
) Patient146 36.4 222 92.7 235
_‘g Patient 149 * - - - -
= Patient 155 32.7 135 1296 149
) Patient 167 7.61 89 33.1 84
Mean 40.3 + 22.0% 157 +73.4  243.2 +516.6% 152 + 739
Median 36.9 160 26.4 158
@ Patient 002 116 68 174 61
5 Patient 131 * - - - -
'-g Patient 142 15 168 42.1 168
2* Patient 154 7.30 98 12.2 93
8 Patient 157 50.4 99 5.81 82
S Patient 159 1.38 58 48.5 57
= Patient 161 48.7 202 21.2 186
> Patient 166 13.8 134 2.99 120
Mean 36.1+£402% 118+£529  439+60.1% 109 & 509
Median 15.0 99 21.2 93

The average CV of all estimated parameters for BP-based and Gompertz-based models
was 66% and 98%, respectively (Supplementary Table S11). Supplementary Figures S16 and
517 describe the TGTs of BP-based and Gompertz models with 95% CIs. The average Cls of
three cells and total populations for BP-based models were 0.73 (sensitive), 0.40 (persister),
0.52 (resistant), and 0.81 (total), respectively, and those for the Gompertz-based model were
0.38, 0.37, 0.45, and 0.43 (Supplementary Table 512).

4. Discussion

Using CT examinations excluded from model fitting, the MAPEs for BP-based and
Gompertz-based models for the validation patients were 36.1 £ 40.2% and 43.9 & 60.1%,
respectively, for three FCT examinations; the corresponding AICs were 118 & 52.9 and
109 £ 50.9, respectively. There was no statistically significant difference in MAPE between
the two models (p = 0.61, Wilcoxon signed-rank test), whereas the Gompertz-based models
showed a significantly lower AIC than the BP-based models (p = 0.016, Wilcoxon signed-
rank test). The median MAPEs for BP-based and Gompertz-based models were 15.0% and
21.2%, respectively, indicating that the higher mean values reflect the influence of a small
number of patients with large modeling errors, consistent with the skewed distributions
expected under the non-parametric statistical framework applied in this study. These inter-
patient differences in modeling error may be attributable to the variability in tumor growth
dynamics under osimertinib. Both BP-based and Gompertz-based models demonstrated
comparable potential to describe TGTs after three FCT examinations.

BP-based models can improve the interpretability of TKI-therapeutic outcomes by
decomposing the total tumor cells into sensitive, persister, and resistant tumor cells. As
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shown in Patients 142, 154, and 157 in Figure 2, the number of sensitive and resistant tumor
cells could decrease over the treatment time. Therefore, the total number of tumor cells
decreased. On the other hand, for Patient 159, since resistant tumor cells could increase
the treatment time, the total number of tumor cells increased after decreasing due to
TKI. The loss of the T790M mutation during TKI therapy might lead to the emergence of
alternative resistance mechanisms, such as KRAS mutations, MET amplification, and small-
cell transformation [20]. On the other hand, it would be hard to interpret the tendencies of
three tumor cells in Figure 3 showing Gompertz-based models.

Figure 515 shows mean MAPE and AIC in TGTs obtained from BP-based and Gom-
pertz models based on two and three FCT examinations. For the BP-based model, the
mean + SD of MAPE for two and three FCT examinations were 117.8 £ 99.0% and
40.3 = 22.0% (p = 0.094, Wilcoxon signed-rank test), respectively, and those of AIC for
two and three FCT examinations were 202 £ 72 and 157 + 73, respectively (p = 0.031,
Wilcoxon signed-rank test). For the Gompertz-based model, the mean £+ SD of MAPE
were 592.6 £ 928.0% and 243.2 &= 516.6% for two and three FCT examinations, respectively
(p = 0.031, Wilcoxon signed-rank test), with corresponding AICs of 205 + 80 and 152 + 74
(p = 0.031, Wilcoxon signed-rank test). Excepting the MAPEs of the BP-based model, all
comparisons showed statistically significant improvements with three FCT examinations.
Because both models with three FCT examinations showed better mean MAPEs and AICs
as well as smaller SDs, we decided to use three FCT examinations for the evaluation of
the models.

The two models did not differ significantly in MAPE, whereas the Gompertz-based
model showed a significantly lower AIC, indicating that both models retain potential utility
for obtaining TGTs following three FCT examinations. This finding was consistent with,
and extends on, prior work on TGT modeling. Grassberger et al. [9] proposed a three-
compartment Gompertz-based model to estimate pre-existing and acquired resistance in
EGFR-mutant NSCLC patients treated with erlotinib, finding that combining pre-existing
resistance with persister-cell evolution was necessary to explain the observed tumor tra-
jectories, with an estimated pre-existing resistant fraction of 10~ to 107! at treatment
initiation. The present study builds on this framework by introducing the BP-based model
as an alternative formulation and by restricting model fitting to the last pretreatment scan
and the first three FCT examinations, reflecting a clinically realistic scenario in which mod-
eling is required before disease progression is observed, in contrast to Grassberger et al.,
who fitted models using the full pre- and post-progression trajectory. Other mathematical
approaches to predicting tumor response in NSCLC have relied on different modeling
strategies and yielded correspondingly different findings. Geng et al. [17] combined a
Gompertz growth model with a linear-quadratic radiation response model to predict sur-
vival outcomes for chemoradiation in NSCLC, with model parameters estimated from
population-level clinical trial databases (SEER, RTOG) rather than from individual patient
CT trajectories; this approach predicted improvements in overall survival from concurrent
versus sequential chemoradiation that closely matched observed trial outcomes. Sunassee
et al. [21] instead used a proliferation saturation index (PSI), a single patient-specific pa-
rameter representing the pretreatment tumor volume-to-carrying-capacity ratio, within an
adaptive Bayesian framework, and found that daily CT scans acquired during the first two
weeks of radiotherapy could predict response to the remaining treatment course with high
accuracy (c-index = 0.89). Compared with these single-parameter or population-calibrated
approaches, the present study estimates a higher-dimensional, patient-specific parameter
set to resolve the dynamics of three biologically distinct cell populations, trading off model
parsimony for mechanistic interpretability of treatment response at the level of sensitive,
persister, and resistant cell subpopulations.
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This study had some limitations. First, the number of internal cases included in this
study was limited by the limited number of CT examinations available per patient, raising
concerns regarding the statistical reliability of the model comparisons. Thus, more cases
with various mutation subtypes should be collected to evaluate the robustness of these
models. Furthermore, external validation is required using several external independent
datasets to investigate the generalizability and clinical applicability of the differential
models in future works.

Second, when calculating the number of tumor cells from the CT images, the same
tumor cell density was applied to all the patients. To change the cell density for each patient,
a method should be developed to estimate tumor cell density from medical images, such
as the association of cell density with the diffusion coefficient calculated from diffusion-
weighted magnetic resonance images [22].

Third, the identifiability of model parameters and direct biological validation of the
three estimated cell populations (sensitive, persister, and resistant) were substantially im-
portant for this study. BP-based and Gompertz-based models indicated a large average CV
for all estimated parameters. In addition, the average CIs of three cells and total populations
for both models were larger than 0.3. Consequently, since those results indicated a large
CV and large ClIs for those models, we should improve the parameter identifiability for
the models. To address this parameter uncertainty, practical identifiability analysis based
on the profile likelihood or Bayesian inference, which explicitly account for the unevenly
sampled and censored CT examinations available per patient, could be applied in future
studies [23]. In addition, a hierarchical (population) modeling framework that exploits
information across patients and structural correlations among model parameters to reduce
parameter dimensionality may further improve parameter identifiability [24].

Fourth, although sensitive and resistant cell populations can be directly measured
through molecular profiling and resistance-associated genomic alterations [25], persister cell
populations cannot yet be directly quantified in patients because no universally accepted
biomarker exists [26,27]. Therefore, the persister cell quantity estimated by the proposed
models could be needed in an investigation of persister dynamics.

Fifth, osimertinib pharmacokinetic parameters (17, and Cmax) were assumed to be
common across all patients based on institutionally measured values due to the unavail-
ability of pharmacokinetic data of each patient. Population pharmacokinetic studies of
osimertinib in Japanese patients have reported inter-individual variability in exposure [28];
incorporating patient-specific pharmacokinetics may further improve the accuracy of TGT
modeling in future studies.

Sixth, tumor contours were determined through consensus between two observers
without independent, blinded delineation; therefore, the inter-observer variability of the
ROI contours was not quantitatively assessed in this study.

Finally, the models can be improved by incorporating more data. We assumed that
persister tumor cells could be mutated to resistant cells in the proposed models, but we can
also assume resistant tumor cells are converted into sensitive cells [29,30] when revising
the models in the future.

5. Conclusions

This study suggests that the proposed BP-based and Gompertz-based differential
models could have potential to describe TGTs in patients with stage IV EGFR-mt NSCLC
treated with EGFR-TKIs after three follow-up CT examinations, although MAPEs should
be mitigated. Other limitations should be resolved regarding the model construction,
including independent inter-patient validation, in future works.
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Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/app16157702/s1, Figure S1: Selection flowchart of patients with
stage IV EGFR-mt NSCLC at Kyushu University Hospital for patient data allocation of calibration
and validation; Figure S2: Generation of a synthetic patient datum from an interpolated patient
datum between two real patient data; Figure S3: Time-variant tumor growth trajectories of total
tumor cells for 9 synthetic patient data generated from a real patient data (Patient 079) using BP-based
models; Figure S4: Tumor growth trajectories of three cell types and total tumor cells for 9 synthetic
patient data generated from a real patient data (Patient 079) using Gompertz-based models; Figure S5:
Comparisons of optimized parameters of TGTs using BP model between 8 real calibration patients
and 72 synthetic patient data with p-values; Figure S6: Comparisons of optimized parameters of
TGTs using Gompertz model between 8 real calibration patients and 72 synthetic patient data with
p-values; Figure S7: TGTs of three cell types and total tumor cells obtained from BP-based models
with the reference numbers at all CT examinations for calibration patients; Figure S8: TGTs of three
cell types and total tumor cells obtained from Gompertz-based models with the reference numbers
at all CT examinations for calibration patients; Figure S9: TGTs of three cell types and total tumor
cells obtained from BP-based models with the reference numbers at all CT examinations of validation
patients; Figure 510: TGTs of three cell types and total tumor cells obtained from Gompertz-based
models with the reference numbers at all CT examinations of validation patients; Figure S11: TGTs of
three and total tumor cells obtained from BP-based models with the reference numbers at the last
pretreatment and the first three follow-up CT examinations of calibration patients; Figure S12: TGTs
of three and total tumor cells obtained from BP-based models with the reference numbers at the last
pretreatment and the first three follow-up CT examinations of validation patients; Figure S13: TGTs
of three and total tumor cells obtained from Gompertz-based models with the reference numbers at
the last pretreatment and the first three follow-up CT examinations of calibration patients; Figure
514: TGTs of three and total tumor cells obtained from Gompertz-based models with the reference
numbers at the last pretreatment and the first three follow-up CT examinations of validation patients;
Figure S15: Mean values of MAPE and AIC in TGTs with BP-based and Gompertz-based model
using the first two and three follow-up CT images of calibration patients; Figure S16: TGTs with 95%
confidence intervals (shaded colors) for three and total tumor cells obtained from BP-based models
with the reference numbers at the last pretreatment and all follow-up CT examinations of calibration
patients; Figure S17: TGTs with 95% confidence intervals (shaded colors) for three and total tumor
cells obtained from Gompertz-based models with the reference numbers at the last pretreatment and
all follow-up CT examinations of calibration patients; Table S1: Patient demographics and clinical
characteristics for calibration and validation patients; Table S2: Time points in days at pretreatment
and follow-up CT examinations for all patients; Table S3: Parameter descriptions of BP-based models;
Table S4: Parameter descriptions of Gompertz-based models; Table S5: Optimized parameters of
BP-based models with all CT examinations; Table S6: Optimized parameters of Gompertz-based
models with all CT examinations; Table S7: Optimized parameters of BP-based models with the
last pretreatment and the first three follow-up CT examinations; Table S8: Optimized parameters of
Gompertz-based models with the last pretreatment and the first three follow-up CT examinations;
Table S9: Mean absolute percentage error (MAPE) and Akaike information criterion (AIC) between the
relative total numbers of tumor cells at all CT examinations and TGTs obtained with BP-based models
at the same time points for calibration and validation patients; Table S10: Mean absolute percentage
error (MAPE) and Akaike information criteria (AIC) between the relative total number of tumor cells
at all CT examinations and TGTs obtained with Gompertz-based models at the same time points for
calibration and validation patients; Table S11: Coefficient of variance (CV) in parameter distributions
of model parameters; Table 512: 95% confidence intervals (CIs) of three cell and total populations
for BP-based and Gompertz-based models. Document S.1: Production of synthetic patient data.
Document S.2: Mean absolute percentage error (MAPE). Document S.3: Akaike information criterions
(AIC). Document S.4: Software specifications. Document S.5: Pseudo code of construction of tumor
growth trajectory (TGT) model.
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