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Abstract

Understanding how chemotherapy perturbs cell cycle dynamics is critical for advanc-

ing cancer treatment. We develop a probabilistic, multi-generational framework based

on a Bellman–Harris branching process to quantify treatment-induced shifts in tumor

cell dynamics. The model incorporates key drug-responsive behaviors, including

checkpoint activation, apoptosis, and checkpoint adaptation that propagates inher-

ited DNA damage, enabling the characterization of heterogeneous survival outcomes

after treatment. Biological parameters map directly onto DNA repair fidelity and

cell-fate decisions, providing mechanistic insights beyond what is accessible

from experiments alone. Dose-dependent extensions further allow exploration of

treatment-induced perturbations. Model parameters were calibrated to empirical cell

cycle measurements using the robust adaptive Metropolis algorithm. Global sensi-

tivity analysis shows that scale parameters governing unfaithful DNA repair under

G2/M- and S phase–specific agents exert major influence on model predictions, par-

ticularly at later time points. Across three chemotherapies, the framework reveals

consistent dose-dependent alterations in cell cycle dynamics, with higher doses

driving pronounced disruptions. Together, these results demonstrate how model-

informed analyses can provide quantitative insight into treatment-induced cell cycle

perturbations and support the refinement of therapeutic strategies.

Author summary

Our work explores how chemotherapy impacts the complex life cycle of cancer
cells to improve treatment strategies. Using a mathematical model, we simu-
lated how drugs disrupt the cell cycle, a process critical for tumor growth. We
focus on three widely used chemotherapeutic agents—paclitaxel, docetaxel, and
gemcitabine—that affect different stages of the cell cycle, such as DNA replication
and cell division. These drugs can block tumor growth, cause cell death, or even
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leave a lasting “memory” of damage in a cell’s offsprings, influencing their future
behavior. By integrating experimental data and computational modeling, our
approach provides insights into how cancer cells respond to treatment and
exhibit heterogeneous survival outcomes. This framework offers a tool for explor-
ing potential ways to optimize therapies, such as combining drugs or adjusting
doses. By bridging biology and computation, our work aims to contribute to a bet-
ter understanding of treatment effects and inform future research on improving
cancer therapies.

Introduction

Cell cycle progression is tightly regulated in normal tissues but becomes dysregu-
lated in cancer, leading to uncontrolled cell proliferation. The cell cycle comprises
distinct phases (G1, S, G2, and M). Each is critical for the accurate duplication and
division of genetic material. Cancer treatments exploit these phases to effectively
affect and kill tumor cells [1]. For instance, microtubule inhibitors such as docetaxel
and paclitaxel interfere with mitotic spindle formation during the M phase, leading to
mitotic arrest and cell death. Antimetabolites like gemcitabine block DNA replication
in the S phase, thereby inhibiting cell proliferation. Additionally, defects in DNA dam-
age checkpoints make cancer cells particularly susceptible to DNA-damaging agents
such as platinum-based drugs that induce apoptosis [2]. Targeted therapies, such
as CDK4/6 inhibitors, block the cell cycle transition, enhancing the effectiveness of
chemotherapy by preventing efficient DNA repair and promoting cell death. Under-
standing the cell cycle’s role in cancer treatment is crucial, as it directly influences
the radiation sensitivity of cells and the effectiveness of chemotherapeutic drugs.
Specifically, the phase of the cell cycle determines a cell’s relative radiosensitivity; for
example, cells are most radiosensitive in the G2/M phase [3]. Combining chemother-
apeutics that affect different cell cycle phases can enhance antitumor effects, exploit-
ing cellular vulnerabilities. Both radiation therapy and chemotherapeutic drugs
can synchronize the cell cycle and arrest cells where repair mechanisms are acti-
vated [4,5]. However, the effects of these drugs are influenced by factors like intra-
tumor heterogeneity, cell plasticity, and tumor microenvironmental conditions. The
interplay of these factors adds layers of complexity to the cell population dynamics,
making it challenging to rely solely on experimental observations for a comprehen-
sive understanding of therapeutic control.

Mathematical models of treatment-induced cell-cycle perturbations range from
stochastic frameworks to population-balance formalisms, integrating phenomena
such as DNA damage repair, checkpoint activation, and phase-specific progres-
sion to capture cellular responses to therapy [6]. Some models conceptualize the
cell cycle as a series of compartments and utilize ordinary differential equations
(ODEs) [7–11], integro-differential equations (IDEs) [12–14], and partial differential
equations (PDEs) [15–18] to describe longitudinal dynamics of heterogeneous cell
populations under treatment. While the population balance models are useful for
studying population-level phenomena and are amenable to mathematical analysis,
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they may not fully capture the inherent stochasticity in the cell cycle processes and cell-to-cell variability in response to
external stimuli. To address these limitations, probabilistic models, such as multi-stage models [19,20], multi-generational
models [21], and agent-based models [22–24], have been employed to address the inter-cell variability. One key prob-
abilistic approach is the branching process model, which has been widely used to study the evolution of biological pop-
ulations. In branching processes, cell division and cell death are treated as independent random events that dictate the
fate of individual cells [25–27]. This framework enables the derivation of mean and variance formulas for cell numbers in
different division classes, categories of cells grouped by the number of times they have divided, based on the distribu-
tion of cell cycle length [28]. Branching processes have been particularly useful in modeling the dynamics of cell popula-
tions under treatment. For example, Hyrien et al. [29] applied a multi-type age-dependent branching process to model the
temporal development of precursor and terminally differentiated cells exposed to sublethal doses of carmustine (BCNU),
a chemotherapeutic agent used to treat gliomas and non-Hodgkin’s lymphoma. In another study [30], a multi-type
branching process was used to model the temporal development of cell populations subject to division and death during
CFSE-labeling experiments. The theoretical underpinnings for the multi-type branching process are further explored in
works by Norden et al. [31], and Li et al. [32].

We develop a probabilistic framework based on a multi-type Bellman–Harris branching process to quantify how
phase-specific chemotherapies alter cancer cell population dynamics. These treatments affect different cell cycle phases.
In particular, we examined paclitaxel and docetaxel, which disrupt mitosis, and gemcitabine, which inhibits DNA repli-
cation during the S phase. Our model is designed to track G2/M and S-specific lesions, checkpoint activation, apopto-
sis, and checkpoint adaptation in which cells progress despite unrepaired double-strand breaks (DSBs) [33–35]. Draw-
ing on insights from Krenning et al.’s review [36] and experimental studies [37–39], we incorporated the intergenerational
transmission of DNA damage, such that cell cycle status and repair history of mother cells influence the fate of daugh-
ter cells. The simulation workflow begins with an untreated Bellman-Harris branching process to establish baseline distri-
butions of cell cycle phases. These distributions serve as initial conditions for simulating treatment-induced alterations in
cell fate and proliferation dynamics. Drug-specific rules are then applied to both cells that are actively cycling at the onset
of treatment and to newly generated cells, enabling us to capture both immediate and lineage-dependent responses to
chemotherapy.

To capture the intergenerational effects of unresolved DNA damage, we incorporated a continuous time random walk
(CTRW) model into our framework. CTRW, typically used in network diffusion contexts, is governed by a generalized
integro-differential master equation for non-Poisson random walks on temporal networks [40,41]. In our adaptation,
the cell cycle is represented as a graph, with nodes corresponding to cell cycle phases and edges denoting transitions
between them. This formulation enables us to account for how persistent DNA damage extends phase durations and
alters population-level dynamics. By incorporating both the distribution and timing of cell cycle transitions, the CTRW
framework captures both immediate treatment effects and long-term consequences across cell generations.

In our framework, heterogeneity in tumor response is captured as a consequence of differences in repair mechanisms,
modeled as probabilistic cell-fate transitions during treatment. For example, when exposed to drugs affecting the G2/M
phase, a cell may: (1) Evade checkpoint activation, continuing division despite damage associated with loss of cell cycle
control [42]; (2) Undergo high-fidelity (faithful) repair, repairing damage and resuming normal cycling [43]; (3) Undergo
low-fidelity (unfaithful) repair but resume division despite persistent DNA lesions, retaining residual damage [37–39,44];
(4) Experience mitotic slippage, exiting mitosis without proper division [45,46]. By modeling these transitions probabilisti-
cally, our framework captures how the stochastic nature of cell cycle progression and DNA damage repair contributes to
heterogeneous survival outcomes following treatment, without any underlying geno- or phenotypic differences between
cells prior to treatment. Even though such survivors may have the same drug sensitivity as the ancestral cells and could
be eliminated with further treatment, they provide a pool of cells to re-populate the tumor. This is particularly true for those
subpopulations that do not complete faithful repair and accumulate small or large-scale genetic aberrations, which can
fuel the acquisition of resistance mutations.
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This paper is organized as follows. We first describe the methodology used to construct the model without treatment.
The treatment model is then adapted to evaluate the effects of three chemotherapeutic agents—docetaxel, paclitaxel,
and gemcitabine. Docetaxel and paclitaxel primarily act on the G2/M phase, while gemcitabine affects the S phase. Model
parameters are calibrated with in vitro flow cytometry data from two cancer cell lines: non-small cell lung cancer (NSCLC)
and gastric cancer. These experiments, reported in [47,48], inform both the baseline and treatment models. Parameter
estimation is performed using the Robust Adaptive Metropolis (RAM) algorithm, with global sensitivity analysis applied to
identify parameters that significantly influence model behavior. Dose-dependent parameters are introduced to investigate
how varying drug concentrations affect treatment-induced cell cycle perturbations. Finally, we simulate cell cycle kinet-
ics under combination therapy. The results of these simulations aim to inform dose-escalation trial design and support the
development of more effective, personalized cancer treatment strategies. Table 1 summarizes the notations.

Methods

In developing our models for simulating tumor cell populations, both in the presence and absence of treatment, we based
our approach on the Bellman-Harris branching process model [27]. This stochastic framework simulates the dynamics of
proliferating cell populations by tracking their progression across generations. In a branching formulation, the modeling
begins with a single ancestor cell, which divides after a specified time, resulting in a random number of offspring. Each of
these new cells then repeats the cycle, continuing the process through generations. The Bellman-Harris process extends
the classical branching models by allowing arbitrary lifetime (inter-division) distributions, thus accommodating realistic
variability in cell cycle timing. Population evolution within this framework is described using renewal theory, which relates
the number of cell divisions occurring over time to the distribution of intervals between successive division events [49].
In our case, interval distribution corresponds to the distribution of cell cycle division times, obtained as the convolution of
individual phase duration distributions.

The model is built upon several assumptions. These include uniform drug delivery across the cell population, con-
sistent levels of nutrients and oxygen, and the exclusion of nonlinear proliferation effects like contact inhibition, which is

Table 1. Summary of the notations used in the model derivation throughout the paper.

Notation Description
T The sum of the duration of individual cell cycle phases
G(T) The cumulative distribution function (cdf) of random time T
Ni
0 The count of the ancestor cells in the ih phase at simulation time zero

𝜏 The random variable for completion time of each phase in the cell cycle
𝜓i(𝜏) The probability density function (pdf) of the completion time 𝜏 for transitioning from phase i to phase i+ 1
𝜓̂i(s) The Laplace transform of 𝜓i(𝜏)
gi(s, t) The multivariate probability generating function (pgf) of the number of cells of all phases present in the process

initiated by an individual ancestor starting from the ith phase
F(s, t) The pgf of the entire cell cycle process
Mij(t) The expected number of progeny of type j produced by a cell of type i
ngen The number of generations
m Transition matrix
G(t) A diagonal matrix of the cdf of time each cell spends in different states
E(⋅) The expected value
Φj(t) The total number of cells in jth phase
𝛾 Growth rate of cell population
pi The asymptotic percentage of cells in ith phase, i=G1,S,G2/M
TSSD Time of treatment
EG2/M Dose-dependent effect function describing inhibition of phase progression by G2/M phase–specific drug on phase progression
Ed,G2/M Dose-dependent probability of death following G2/M phase–specific drug
ES Dose-dependent effect function describing inhibition of phase progression by S phase–specific drug on phase progression
Ed,S Dose-dependent probability of death following S phase–specific drug

https://doi.org/10.1371/journal.pcbi.1013790.t001
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consistent with the characteristics of the in vitro data used in this study. Second, we have chosen not to explicitly include a
separate G0 phase as a distinct state. Instead, cellular stalling typically attributed to G0 is represented through stochastic
transitions from G1 to S. Finally, untreated cancer cells are assumed to progress through the cell cycle phases sequen-
tially without spontaneous death events. This assumption is commonly seen in the study of cancer cell kinetics, particu-
larly during the early stages of tumor growth [50,51].

In this section, we first introduce a model describing progression through the cell cycle, and then extend it to incorpo-
rate the effects of chemotherapies that affect cells in the G2/M and S phases, acting on both the actively cycling cells at
the time of treatment and those generated afterward.

Branching process of dividing cells without treatment

In this section, we detail how we model the temporal evolution of both the percentage of cells within each cell cycle phase
without treatment and the overall growth dynamics of the cellular population. As the Bellman-Harris model allows us to
track cells in different cell cycle phases over time and derive closed-form expressions for them at any given time, we also
explore the asymptotic behavior of these cell populations when growth reaches a balanced state, and the distribution of
cells across the cell cycle becomes steady. Monitoring this asymptotic phase is important because it reflects the exponen-
tial growth stage of a tumor, which is typically the point at which treatments begin in in vitro experiments.

For more information about the derivations and methodologies, readers are referred to the ‘Branching process of divid-
ing cells without treatment’ in the Supporting Information S1 File. In the main text, we focus on presenting the key steps
and essential components of the model formulation to provide a concise overview.

Following the Bellman-Harris process, we began with an initial population of N0 ancestor cells at time t = 0. Fig A in
Supplementary Information S1 File shows the illustration of the branching process of the cell cycle. Ancestor cells could
theoretically start in any cell cycle phase. However, for model calibration, we assumed they are synchronized in the G1
phase at time 0 and run the simulation until balanced growth is reached. This assumption represents a specific scenario
within the broader framework of a multi-type branching process. Nonetheless, to ensure the model’s generality, we also
incorporated the possibility of ancestor cells starting in the S phase and G2/M phase in our calculations. Reflecting the
cell cycle’s biology, each G1 and S phase cell progresses as a single cell to the next phase. After completing all cell cycle
phases with a random time T with the cumulative distribution function (cdf) G(T), each G2/M phase cell produces two
daughter cells simultaneously upon their mitosis. Each daughter cell then begins its cell cycle at T and lives for a random
time with cdf G(T) before producing its progenies and initiating its branching process independently from its mother cells
and sister cells. In the model derivations, Ni

0, i = 1,2,3 (1=G1,2=S,3=G2/M), represents the count of ancestor cells in the
ith phase at time 0. The phase durations of each cell are independent and identically distributed.

The completion time of each phase in the cell cycle, denoted as 𝜏, is treated as a random variable. A cell’s entry into
the next phase depends on the time it has already spent in the current phase. The random variables 𝜏1, 𝜏2, and 𝜏3 (rep-
resenting the completion times of the G1, S, and G2/M phases, respectively) are modeled using the gamma distribution.
The choice of the gamma distribution for modeling cell cycle phase time is well justified by both empirical measurements
and in silico simulations, as shown in the study [52]. The function 𝜓i(𝜏) in Eq (1) denotes the probability density function
(pdf) of the phase duration 𝜏 for the transition from phase i to phase i + 1, with 𝜓1(𝜏), 𝜓2(𝜏), and 𝜓3(𝜏) corresponding to the
durations 𝜏1 (G1), 𝜏2 (S), and 𝜏3 (G2/M), respectively. The corresponding cdfs are denoted by G1(t), G2(t), and G3(t).

𝜓i(𝜏) =
𝛽𝛼i
i

Γ(𝛼i)
𝜏𝛼i−1e−𝛽i𝜏 (1)

Here, Γ represents the gamma function. 𝛽i and 𝛼i are the rate and shape parameters respectively. We simplified the
parameterization of the gamma distribution by setting a common rate parameter, 𝛽i = 𝛽0, for all phases (i = 1,2,3). The
utilization of a single rate parameter 𝛽0 enables us to directly relate the mean cell cycle length and its variance to the sum
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of the shape parameters (∑3
i=1 𝛼i) and the common rate parameter 𝛽0, through the relationships

∑3
i=1 𝛼i

𝛽0
for the mean and

∑3
i=1 𝛼i

𝛽20
for the variance. The values of 𝛼i and 𝛽0 were obtained by fitting the model to the literature data. The Laplace trans-

form of 𝜓i(𝜏) is given by

̂𝜓i(s) =
𝛽𝛼i
0

(s + 𝛽0)𝛼i
(2)

where s is the complex frequency variable in the Laplace transform.
We later used the Laplace transform in the derivation of formulas for the steady state of cell cycle fractions given in

Eq (8). The cell cycle length T, representing the time lapse between the entry into G1 until the exit out of G2/M, is a ran-
dom variable in our model. Mathematically, it is defined as the sum of the duration of these individual phases: T = 𝜏1 +𝜏2 +
𝜏3. Its pdf is the convolution of the pdfs of 𝜏1, 𝜏2, and 𝜏3 [53].

A useful tool for handling distributions of such random sums is the probability generating function (pgf), as it can be
used to calculate the moments of the random variables. We obtained the multivariate generating function of the number
of cells of all types (G1, S, G2/M phase cells) present in the process initiated by an individual ancestor starting from the
ith phase, denoted as gi(s, t), conditioned on the waiting time 𝜏 of ancestor cell in the ith phase, as shown in Eq (3). Read-
ers can refer to Appendix A “Multivariate Probability Generating Functions” in [27] and the appendix in [31] for background
and related formulations relevant to Eq (3).

gi(s, t) = si[1 −Gi(t)] +∫
t

0

fi(g1(s, t − 𝜏), g2(s, t − 𝜏), g3(s, t − 𝜏))dGi(𝜏) (3)

Here, fi(s) represents the multivariate progeny generating function of the ith type ancestor cells. s is a state vector of
arbitrary variables, denoted as s = [s1, s2, s3], |s1| ≤ 1, … , |s3| ≤ 1. Specifically, the expression for fi(s) is s21 for G2/M phase
cells, s2 for G1 phase cells, and s3 for S phase cells.

As the individual branching processes are independently distributed, the pgf for the entire cell cycle process,
denoted as F(s, t), is calculated as the product of the pgfs of all ancestor cells across the all three phases, i.e. F(s, t) =
∏3

i=1 gi(s, t)
Ni
0 . This gives us a comprehensive view of the cell cycle dynamics across all phases at any given time t.

To calculate the expected number of cells in a specific phase j at time t produced by the entire branching process, we
substituted a specially constructed vector sj into F(s, t), where sj corresponds to the phase of interest and all other compo-
nents of s are set to 1. By differentiating F(s, t) with respect to sj and then evaluating at sj = 1, we can isolate the contribu-

tion of phase j, thereby determining the expected number of cells in that phase. The derivative
𝜕F(sj,t)
𝜕sj

at sj = 1 then yields

the expected number of cells in phase j, as shown in Eq (4).

E[Φj(t)] =
𝜕F(sj, t)
𝜕sj

|||
sj=1

=
3

∑
i=1

Ni
0

𝜕gi(sj, t)
𝜕sj

||||sj=1
(4)

where Φj(t) is the total number of cells in j th phase.

Next, we solved for
𝜕gi(sj,t)
𝜕sj

|||
sj=1

(denoted it as Mij(t)) and call it the expected number of cells in jth phase at time t in the

process initiated by an ancestor cell in phase i. To capture the dynamics of cell division across generations, we extended
this analysis by incorporating the generation factor k into the calculation of the expected number of cells. Specifically,
we include k in Mij(t). The expected number of cells in phase j in generation k2, initiated by cells in phase i in generation
k1, is denoted as Mi+3(k1−1),j+3(k2−1)(t). For example, to determine how many S phase cells in the second generation are
produced in the branching process initiated by the G1 cell in the first generation, it is necessary to calculate M1,5(t).
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We then expressed the equation for Mij(t) in matrix form, denoted as M(t). Each element in M(t), denoted as Mij(t),
represents the expected number of progeny of type j produced by a cell of type i. At this stage, generation informa-
tion is encoded in the indices i and j. The closed-form solution for M(t), shown in Eq (5), is derived using the Neumann
series. The complete derivation of M(t), along with the algorithm used to compute it, is provided in Supporting Information
S1 File.

M(t) =
3ngen

∑
k=0

(Gm)∗k(t) ∗ [I −G(t)] (5)

where ngen represents the number of generations. m represents the transition matrix. G(t) = diag (G1(t), … ,GK( t)),K > 1
represents a diagonal matrix with each diagonal component representing the cdf of time each cell spends in different
states.

Based on M(t), we were able to obtain the expected number of cells in the jth phase at any given time t. To match the
experimental setup used in the literature data, it is assumed that the cell population starts in the G1 phase. The expected
number of cells in the jth phase across all ngen generations is given by Eq (6).

E [Φj(t)] = N1
0

ngen

∑
k=1

M1,3(k−1)+j(t), j = 1,2,3 (6)

We further used the fraction E [Φj(t)] / (E [Φ1(t)] + E [Φ2(t)] + E [Φ3(t)]) , the estimated cell fraction in the jth phase, to
compare against the experimental data.

We analyzed the asymptotic behavior of the total cell population Φ(t). When t≫ 1, and in the absence of limiting factors
such as space, nutrients, or cancer therapies, the tumor colony is expected to grow exponentially [54]. During this phase
of exponential growth, the distribution of cells across the different phases of the cell cycle stabilizes, reaching stationary
fractions. As a result, the expected number of cells for t≫ 1 can be described using Eq (7).

E[Φ(t)] ∼ 𝜃 exp(𝛾t) as t≫ 1 (7)

where 𝛾 represents the mean growth rate, while 𝜃 is a scaling factor that accounts for the initial conditions of the system.
A key component of this study involves estimating the equilibrium fractions of cells in different cell cycle phases. Cowan

established a relationship between the distribution of phase durations and the overall cell cycle time (T), showing that
the fractional occupancy of each phase can be approximated from the distribution of its duration [55]. In the same work,
Cowan derived analytical expressions for the probabilities that a cell resides in one of two hypothetical phases, which
correspond to the asymptotic fractions of cells in each phase when the expected population size E[Φ(t)] becomes large
(t→∞). Here, we extended the two-phase analysis to three phases. Eq (8) provides the numerical solution for the asymp-
totic fractions of cells in the G1, S, and G2/M phases.

pG1 =
m [1 − ̂𝜓1(𝛾)]

m − 1
= 2 [1 − ( 𝛽0

𝛾 + 𝛽0
)
𝛼1
]

pS =
m [ ̂𝜓1(𝛾) − ̂𝜓1(𝛾) ̂𝜓2(𝜆)]

m − 1
= 2 [( 𝛽0

𝛾 + 𝛽0
)
𝛼1
− ( 𝛽0

𝛾 + 𝛽0
)
(𝛼1+𝛼2)

]

pG2/M =
m [ ̂𝜓1(𝛾) ̂𝜓2(𝛾) − ̂𝜓1(𝛾) ̂𝜓2(𝛾) ̂𝜓3(𝛾)]

m − 1
= 2 [( 𝛽0

𝛾 + 𝛽0
)
(𝛼1+𝛼2)

− ( 𝛽0
𝛾 + 𝛽0

)
(𝛼1+𝛼2+𝛼3)

]

(8)
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where m denotes the mean of the number of daughter cells produced by each cell. In the case of cell division, m is fixed
as 2. We also provided the approximate solutions of 𝛾 in Supporting Information S1 File. The derivation for Eq (8) can be
found in Section ‘Derivation of steady state’ in Supporting Information S1 File.

The asymptotic state is used as the initial condition for the model with treatment

Under normal conditions, cells are considered to be in a state of asynchronous balanced growth when the percentage of
cells in each of the three phases of the cycle remains constant, and cells are growing exponentially. This state is exper-
imentally observed as unperturbed exponential growth in an in vitro system, where cells are kept far from confluence. In
our model, the state of asynchronous balanced growth is used as the initial condition for the model with treatment.

To determine when the numerical solution of the model is asymptotically approaching an equilibrium state, we followed
the method suggested in [56] and measured the percentage of cells in the G1 phase at each time step. We compared this
to the percentage of cells in the G1 phase five hours earlier. If the squared difference between these two values was less
than 10e–4, we conclude that an exponential growth state had been reached and denote that time as TSSD where SSD
stands for steady state distribution.

The experimental data used to calibrate the model without treatment inform how the model is initialized. Because
experimental data indicate that cells are already in balanced growth prior to drug exposure, we initialize the untreated
model with 100% G1-phase cells and simulate Eq (6) until the system reaches a steady state. We then compared this
simulated steady state with the experimentally observed one. Additionally, we computed the analytical solution in Eq (8)
and compared it with the observed steady-state distribution. Incorporating both numerical and analytical comparisons
increases the number of model outputs available for fitting, which helps improve the robustness and reliability of parame-
ter estimation for the untreated model.

Branching process model under drug exposure

The chemotherapeutic drugs examined in our study are cytotoxic agents that can either directly or indirectly induce vari-
ous types of DNA lesions (refer to Table 2 for details of their mechanisms of action (MoA)). DNA damage repair pathways
are activated based on these specific lesion types. Two primary pathways, homologous recombination (HR) and non-
homologous end joining (NHEJ), are utilized when facing double-strand breaks (DSBs). NHEJ operates throughout the
cell cycle, including G1, S, G2, and mitotic phases, by directly ligating broken DNA ends [57]. It is particularly dominant
in the G1 phase. In contrast, HR is primarily effective during the S and G2 phases when a sister chromatid is available,
utilizing it for accurate repair of double-strand breaks. Other pathways include mismatch repair (MMR), which corrects
mismatched bases, and base excision repair (BER) for smaller base lesions. However, these pathways can be defective,

Table 2. Mechanism of action (MoA) of three chemotherapeutic agents considered in the study.

Drug MoA
Paclitaxel Paclitaxel affects the G2/M phase by stabilizing microtubules, thereby disrupting mitotic spindle function and inducing mitotic arrest.

Prolonged arrest may lead to mitotic slippage, allowing cells to exit mitosis without proper division and become polyploid. This process is
associated with increased DNA damage, partly due to reactive oxygen species (ROS), and is typically repaired through the NHEJ
pathway. Paclitaxel-induced stress can also lead to single-strand DNA breaks and trigger apoptosis or cell cycle arrest [65–70].

Docetaxel Both paclitaxel and docetaxel act as G2/M phase inhibitors by disrupting microtubule dynamics, inducing mitotic arrest, and promoting
apoptosis. While they share similar mechanisms, docetaxel differs in pharmacokinetics, exhibiting faster cellular uptake, longer
intracellular retention, and a longer plasma half-life compared to paclitaxel. These differences can affect their cytotoxic profiles and
treatment efficacy [71–74].

Gemcitabine Gemcitabine (dFdC) is a nucleoside analog primarily active in the S phase, where it inhibits DNA synthesis by incorporating into DNA
and blocking replication. It is phosphorylated intracellularly to dFdCTP, its active form, and also inhibits ribonucleotide reductase (RNR),
reducing deoxynucleotide pools. This dual mechanism halts DNA synthesis and triggers cell cycle arrest. Although its primary action
occurs in the S phase, gemcitabine may also affect the G1 and G2/M phases at higher concentrations due to nucleotide depletion and
replication stress [75–78].

https://doi.org/10.1371/journal.pcbi.1013790.t002
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especially in cancer cells [58]. Defects in homologous recombination and double-strand break repair can be found in mul-
tiple malignancies, including non-small cell lung cancer (NSCLC) [59], ovarian cancer [60], and breast cancer [61], making
them more vulnerable to certain DNA-damaging agents. To model the cell fate decision, we incorporated DNA damage
repair as treatment-triggered cell states and categorized it into two broad classes: faithful and unfaithful repair, as these
are consistently observed across various tumor cell lines. The two repair states account for the treatment-induced cell
cycle arrest, as the processes of cellular repair and arrest are often regulated by interconnected signaling pathways. Our
framework captures heterogeneity in treatment response by considering varying degrees of repair fidelity [62,63] and the
possibility of escape from cell cycle arrest. Faithfully repaired cells are assumed to resume cycling and produce progeny
without additional damage, thereby sustaining population growth under treatment. The unfaithfully repaired cells can prop-
agate genomic abnormalities to their offspring, contributing to treatment-induced cytotoxicity. We grouped the apoptosis
arising from the failure of DNA damage repair and non-apoptotic cell death linked with mitotic catastrophe [64] into the cell
death state.

We also account for the inheritance of unresolved DNA damage (“memory mechanisms”), whereby daughter cells of
surviving mothers carry replication stress forward and consequently exhibit quiescence or arrest in the next G1 phase, or
impaired S phase re-entry.

When modeling treatment effects, we start the simulation at time zero under control conditions until it reaches the expo-
nential growth phase at TSSD. Upon reaching TSSD, we introduced the impact of the treatment by modifying the transi-
tion matrix m to include the probability of a cell being arrested in different repair states and the corresponding likelihood
of cell death. Additionally, the diagonal distribution matrix G is adjusted to reflect the cdf of cells arresting in these varied
repair states. Details on these adjustments are provided in the Supporting Information S1 File. To facilitate comparison
with experimental data, we rescaled the treatment time to 0.

We further categorized the cell population into two groups based on their state at the time of treatment and tracked how
drug exposure differed between cells that were already mid-cycle when treatment began and those generated afterward.
These categories reflect the timing of the most recent mitotic event relative to TSSD, and thus define when each cell first
encounters the drug. Fig C in Supporting Information S1 File illustrates the two groups.

1. Cells actively cycling at TSSD: In the model, these cells correspond to those for which M1,i(TSSD) > 1, i represents
the absolute order phase since simulation time 0. These cells are somewhere in the G1, S, G2/M phases when the
drug is introduced. For each one, we computed the residual time it will spend in its current phase after TSSD (see
Supporting Information S1 File). Each such cell will initiate a new branching process with dynamics that depend on
whether it is in a phase directly affected by the drug. Cells in non-affected phases continue with baseline kinetics
until they transition into a drug-affected phase (for example, a cell in G1 at TSSD is initially unaffected by G2/M phase
drugs but becomes affected upon entering G2/M phase). In contrast, cells already in an affected phase experience
altered transition probabilities and fate choices, as detailed in Sections “Cell cycle dynamics following the G2/M
phase drugs” and “Cell cycle dynamics under S phase drug”. Dashed lines in Fig C upper panel of the Supporting
Information S1 File represent cells that remain actively cycling at TSSD.

2. Cells generated after TSSD: In the model, these cells correspond to those for which M̂p,1,i(0) = 0. Here, M̂p,1,i(t),
defined in Eq (S1.36) of Supporting Information S1 File, represents the number of cells in state i at time t after treat-
ment in the branching process initiated by a cycling cell in phase p at TSSD. These cells are generated by cohort (1)
after treatment has begun. Although they are not immediately affected by the drug, two exceptions apply: (i) When
they progress into a drug-affected phase, they are directly affected; and (ii) they carry unrepaired DNA damage
inherited from their mother cell, which can influence checkpoint activation and progression dynamics. Cells gener-
ated after TSSD are represented by colorful dot-dashed lines in the Supporting Information S1 File.
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In tailoring our branching model for drug exposure, we developed two distinct versions of the model, one capturing the
effect of the G2/M phase drug and the other for the S phase drug, to reflect the impacts of chemotherapeutic drugs affect-
ing specific phases of the cell cycle. This strategic approach enables an exploration of representative scenarios of G2/M
and S phase-affecting chemotherapies. Specifically, we have chosen paclitaxel (PTX) and docetaxel (DTX) as illustra-
tive compounds for testing the model’s performance with drugs primarily affecting the G2/M phase, given their established
clinical relevance in cancer treatment. The S phase drug considered in our model is gemcitabine (GEM). The description
of the model parameters and measurement noise parameters is summarized in Table 3 for both with and without treat-
ment scenarios.

Cell cycle dynamics following the G2/M phase drugs. In this section, we examine the impact of the chemother-
apeutic agents PTX and DTX on the cell cycle dynamics of G2/M phase cells. Both drugs are known to disrupt normal
cell cycle progression by stabilizing microtubules, thereby inhibiting mitosis and triggering cell cycle arrest in the G2/M
phase. The possible transitions for the impacted G2/M cells under these drugs are shown in Fig 1A and 1D. The G1
cells in the cycle remain unaffected by these treatments. After the G1 phase residual time is completed, cells advance
to the S phase with recalibrated dynamics altered by the treatment exposure. The fates of both the newly produced
G2/M cells after exposure and cycling G2/M cells at TSSD will be changed, resulting in four possible outcomes shown as
follows.

1. Effect 1: Unfaithful Repair (UR).
The G2/M phase cells that are affected by the drug will repair the lesions unfaithfully with a probability q1,G2/M.
Lesions that remain unrepaired in mother cells are passed down to daughter cells if the mother cells survive the
initial damage. This unsuccessful repair state is denoted as UR (Unfaithful Repair). In this state, the G2/M cells
face a specific death rate, represented by md,UR,G2/M (see Eq (10)). This rate quantifies the likelihood of cell death
attributable to the persistence of DNA damage that compromises genetic integrity. The cdf of time elapsed in the
unfaithful repair state is denoted as GUR

G2/M(t), which follows a Weibull distribution, describing the distribution of time
that cells persist in this state before transitioning to the next phase or undergoing cell death.

2. Effect 2: Faithful Repair (FR).
The G2/M phase cells that are affected by the drug will repair the lesions faithfully with a probability denoted by
q2,G2/M. When repair is executed faithfully, it ensures that no unrepaired damage is transferred to the daughter
cells. This successful repair state is denoted as FR (Faithful Repair). The death rate of G2/M cells in the FR state is
expressed by md,FR,G2/M (see Eq (10)). Although these cells have repaired their DNA damage effectively, the death
rate md,FR,G2/M still accounts for the residual risk of apoptosis or other forms of cell death that might occur due to
factors such as residual stress from the damage and repair processes. The cdf of time elapsed in the faithful repair
state is denoted as GFR

G2/M(t), which models the Weibull distribution of time that cells spend in this repair state before
transitioning to the next phase or undergoing cell death.

3. Effect 3: Mitotic Slippage (MS).
The G2/M phase cells that are affected by the drug will be arrested in G2/M due to spindle assembly checkpoint
activation and may undergo mitotic slippage (MS), a process in which cells exit mitosis without proper chromo-
some segregation or cytokinesis. In other words, they “slip out” of mitosis without dividing, often becoming tetraploid
or polyploid. This occurs with a probability denoted by q3,G2/M. After slippage, the cells may progress into the G1
phase, where they continue their repair processes, although their viability is compromised. Alternatively, these cells
might undergo cell death or enter a state of senescence. The rate at which G2/M cells in the mitotic slippage state
die is denoted by md,MS,G2/M (see Eq (10)). This rate quantifies the likelihood of cells leaving the active cell cycle
through cell death, reflecting the risks associated with abnormal cell division and unresolved damage. The cdf of
time elapsed in the mitotic slippage state is denoted as GMS

G2/M(t), which follows a Weibull distribution.
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Table 3. Description of the parameters in the cell cycle phase transition distributions without treatment and with treatment (Refer to text for
detailed description).

Parameters Description Units
Parameters in cell cycle phase transition distribution
𝛼1 The shape parameter of distribution of completion time in G1 phase a
𝛼2 The shape parameter of the distribution of completion time in S phase a
𝛼3 The shape parameter of distribution of completion time in G2/M phase a
𝛽0 The rate parameter of completion time distribution in each cell cycle phase a
Treatment specific parameters (G2/M phase drug)
q1,G2/M The probability of a G2/M cell, under drug exposure, entering a state of unfaithful DNA repair instead of progressing to the next

phase
a

q2,G2/M The probability of a G2/M cell, under drug exposure, entering a state of faithful DNA repair instead of progressing to the next
phase

a

q3,G2/M The probability that a cell exposed to the drug will arrest in G2/M before slipping out of G2/M without undergoing normal
cytokinesis

a

q4,G2/M The probability that the daughter cells proceed to the S phase without residual damage after arrest in the G1 phase
mmax

d,FR,G2/M The probability of cells in the state of faithful DNA repair dying in G2/M when the drug is at the maximal effect a

mmax
d,UR,G2/M The probability of cells in the state of unfaithful DNA repair dying in G2/M when the drug is at the maximal effect a

mmax
d,MS,G2/M The probability of cells in the state of arrest before mitotic slippage dying when the drug is at the maximal effect a

mmax
d,G1arrest The probability of daughter cells with residual damage dying in G1 when drug is at the maximal effect a

mmax
d,Sarrest The probability of daughter cells with residual damage dying in the S phase when the drug is at the maximal effect a

𝜆max
d,G1 The scale parameter of Dd,G1(t) at the drug’s maximal effect a

𝜆max
UR,G2/M The scale parameter of GG2/M

UR (t) at the drug’s maximal effect a

𝜆max
FR,G2/M The scale parameter of GG2/M

FR (t) at the drug’s maximal effect a

𝜆max
MS,G2/M The scale parameter of GG2/M

MS (t) at the drug’s maximal effect a
𝜆max
G1arrest The scale parameter of DG1arrest(t) at the drug’s maximal effect a
𝜆max
d,S The scale parameter of Dd,S(t) at the maximal effect a
𝜆max
Sarrest The scale parameter of DSarrest(t) at the maximal effect a

bG2/M The shape parameter shared by DG1arrest(t), DSarrest(t), GG2/M
UR (t) , GG2/M

FR (t), GG2/M
MS (t) a

bd,G2/M The shape parameter of Dd,G1(t) and Dd,S(t) a
nG2/M The shape parameter in the sigmoidal Hill type function a
EC50,d,G2/M Half-maximal effective concentration for the probability of cell death nM
EC50,G2/M Half maximal parameter nM
aS The scale parameter of S phase in the first generation following treatment a
bS The shape parameter of S phase in the first generation following treatment a
Treatment specific parameters (S phase drug)
q1,S The probability of cells being arrested in G1 phase a
q2,S The probability that an S phase cell exposed to the drug will be prevented from moving into the next phase and instead will enter

a state of unfaithful DNA repair
a

q3,S The probability that an S phase cell exposed to the drug will be prevented from moving into the next phase and instead will enter
a state of faithful DNA repair

a

mmax
d,FR,S The probability of cells in the state of faithful DNA repair dying in the S phase when the drug is at the maximal effect a

mmax
d,UR,S The probability of cells in the state of unfaithful DNA repair dying in the S phase when the drug is at the maximal effect a

mmax
d,G2/Marrest The probability of cells with residual damage dying in G2/M phase when drug is at the maximal effect a

mmax
d,G1block The probability of cells being arrested at the G1/S border dying under the maximal drug effect a

𝜆max
d,G2/M The scale parameter of Dd,G2/M(t) at the maximal effect a

𝜆max
UR,S The scale parameter of GS

UR(t) at the maximal effect a

𝜆max
FR,S The scale parameter of GS

FR(t) at the maximal effect a
𝜆max
G2/Marrest The scale parameter of DG2/Marrest(t) at the maximal effect a
𝜆max
G1block The scale parameter of GG1block(t) at the maximal effect a

bS The shape parameter shared by DG2/Marrest(t), GS
UR(t), G

S
FR(t), and GG1block(t) a

bd,S The shape parameter of Dd,G2/M(t) a
nS The shape parameter in the sigmoidal Hill type function a
EC50,d,S Half-maximal effective concentration for the probability of cell death nM
EC50,S Half maximal parameter nM
aG2/M The scale parameter of G2/M phase in the first generation following treatment a
bG2/M The shape parameter of G2/M phase in the first generation following treatment a

(Continued)
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Table 3. (Continued)

Parameters Description Units
Measurement noise for calibrating the model without treatment
𝜎2
1,untreated Variance of measurement noise for cell distribution in the G1 phase a

𝜎2
2,untreated Variance of measurement noise for cell distribution in the S phase a

𝜎2
3,untreated Variance of measurement noise for cell distribution in the G2/M phase a

Measurement noise for calibrating the model with treatment
𝜎2
1,treated Variance of measurement noise for cell distribution in the G1 phase a

𝜎2
2,treated Variance of measurement noise for cell distribution in the S phase a

𝜎2
3,treated Variance of measurement noise for cell distribution in the G2/M phase a

a:dimensionless

https://doi.org/10.1371/journal.pcbi.1013790.t003

Fig 1. Schematic representation of cell state transitions under G2/M phase and S phase drug treatments. (A) Simulation of cell population
dynamics under G2/M phase drug treatment, initiated at simulation time 0. Cells start in G1 and progress through the cycle until treatment is applied
at time TSSD. After treatment, G2/M phase cells can transition into one of three states: (1) Unfaithful repair with probability q1,G2/M and death rate
md,UR,G2/M, with duration modeled by the cdf G

UR
G2/M(t); (2) Faithful repair with probability q2,G2/M and death rate md,FR,G2/M, cdf G

FR
G2/M(t); (3) Mitotic

slippage with probability q3,G2/M and death rate md,MS,G2/M, cdf G
MS
G2/M(t). Created in BioRender. Ma, C. (2025) https://BioRender.com/nf7zhsn. (B) Sim-

ulation of cell population dynamics under S phase drug treatment. After treatment at TSSD, G1 cells may be arrested at the G1/S border with probability
q1,S, with arrest time modeled by cdf GG1block(t). Cells that progress to S phase may: (1) Undergo unfaithful repair with probability q2,S and death rate
md,UR,S, cdf G

UR
S (t); (2) Undergo faithful repair with probability q3,S and death rate md,FR,S, cdf G

FR
S (t). Both models start with 100% G1 cells. Treat-

ment is applied when the cell population is in the exponential growth stage (at the TSSD). P1 and P2 represent the duration of phase P ∈ {G1,S,G2/M}
before drug exposure and after drug exposure. Created in BioRender. Ma, C. (2025) https://BioRender.com/0zr6sxj. (C) Baseline model of untreated
cell cycle dynamics, where cells sequentially transition through G1, S, and G2/M. Phase durations follow Gamma distributions 𝜓1(𝜏), 𝜓2(𝜏), 𝜓3(𝜏). The
population-level dynamics are governed by a Bellman-Harris branching process, which allows for the analytical derivation of steady-state phase distribu-
tions under exponential growth. Created in BioRender. Ma, C. (2025) https://BioRender.com/hhyr81h. (D) State transition diagram for G2/M phase drug.
Transition rates between states are also elements of the matrix m; (E) State transition diagram for S phase drug. Transition rates between states are
elements of the matrix m.

AQ1
https://doi.org/10.1371/journal.pcbi.1013790.g001
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4. Effect 4: Normal G2/M→ G1 Transition.
The cell fate does not change with a probability denoted by 1− q1,G2/M − q2,G2/M − q3,G2/M. This type of G2/M cells will
complete the remaining time before entering the subsequent cell cycle.

The newborn G1 cells and S cells that appear after TSSD exhibit different dynamics compared to their mother cells, as
their behavior is affected by the mother cells’ state of repair. Conventional models of cell cycle dynamics, deterministic or
simple stochastic formulations, generally neglect the complexities introduced by such residual damage. To capture these
effects, we adopted the continuous-time random walk (CTRW) framework of Petit et al. [79]. This model is well-suited to
describe G1 and S phase cells inheriting residual damage from their mother cells, either due to their mother cells’ incom-
plete repair or mitotic slippage. In the CTRW formulation, cell transitions within the daughter cells with residual damage
are modeled as a form of a random walk on an acyclic graph, where the duration of the cell cycle phases for daughter
cells is determined by a competition between “Downtime” and “Uptime” periods, alongside the normal cell cycle time.
Here, “Downtime” refers to periods when repair processes halt cell cycle progression, including checkpoint activation and
DNA damage responses. “Uptime” represents active progression through the cycle following the resolution of inherited
drug-induced damage.

Newborn G1 cells inheriting damage from UR and MS cells were designed to have a mortality rate, denoted as
md,G1arrest, detailed in Eq (10). We refer to this state as G1arrest. Such damaged G1 cells can either progress to the S
phase with DNA damage, a state we call Sarrest, where the damage from the G1 phase continues to be repaired, or they
may enter a normal S phase with dynamics identical to the control case. The probabilities of transitioning to the dam-
aged S phase and progressing to a normal S phase are 1 − md,G1arrest − q4,G2/M and q4,G2/M, respectively. Notably, we
do not distinguish between faithful and unfaithful repair in the newly produced damaged S phase cells post TSSD, as they
will be affected again by the G2/M phase drug once they progress to the G2/M phase. Within the CTRW model, we use
DG1arrest(t) and DSarrest(t) to represent the downtime distributions at the edge to the next phase, reflecting the duration of
the repair process in damaged G1 and S phase cells. Meanwhile, Dd,G1(t) and Dd,S(t) quantify the downtime distribution at
the edge leading to cell death, signifying the apoptotic process in the G1 and S phase cells. For a detailed explanation of
the CTRW model formulation, refer to Supplementary Information S1 File.

The shape parameters of the aforementioned downtime distributions DG1arrest(t), DSarrest(t), Dd,G1(t), Dd,S, G
UR
G2/M(t) ,

GFR
G2/M(t), G

MS
G2/M(t) are kept the same and are denoted as bG2/M. The scale parameters of these distributions are denoted

as 𝜆G1arrest, 𝜆Sarrest, 𝜆d,G1, 𝜆d,S, 𝜆UR,G2/M, 𝜆FR,G2/M, 𝜆MS,G2/M. These parameters are assumed to be dose-dependent using
Hill equations and mathematically expressed as Eq (9), similar to our previous work in [80].

EG2/M = (
(𝒟G2/M/EC50,G2/M)

nG2/M

1 + (𝒟G2/M/EC50,G2/M)
nG2/M

)

𝜆UR,G2/M = 𝜆max
UR,G2/MEG2/M

𝜆FR,G2/M = 𝜆max
FR,G2/MEG2/M

𝜆MS,G2/M = 𝜆max
MS,G2/MEG2/M

𝜆G1arrest = 𝜆max
G1arrestEG2/M

𝜆Sarrest = 𝜆max
SarrestEG2/M

𝜆d,G1 = 𝜆max
d,G1EG2/M

𝜆d,S = 𝜆max
d,S EG2/M

(9)
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Here, EG2/M represents the effect of the treatment on G2/M phase cells, modeled using the Hill equation, which
describes dose-response relationships. 𝒟G2/M denotes the dose of the drug affecting G2/M phase cells. EC50,G2/M repre-
sents the half-maximal effective concentration. The Hill coefficient, nG2/M, indicates the steepness of the dose-response
curve. The value of EG2/M ranges from 0 (no effect) to 1 (maximal effect). This term scales the parameters of the downtime
distributions, making them dose-dependent.

Eq (10) describes the dose-dependent probability that the cells in FR, UR, MS, G1arrest, and Sarrest states die follow-
ing G2/M phase drug exposure.

Ed,G2/M = (
(𝒟G2/M/EC50,d,G2/M)

nG2/M

1 + (𝒟G2/M/EC50,d,G2/M)
nG2/M

)

md,FR,G2/M =mmax
d,FR,G2/MEd,G2/M

md,UR,G2/M =mmax
d,UR,G2/MEd,G2/M

md,MS,G2/M =mmax
d,MS,G2/MEd,G2/M

md,G1arrest =mmax
d,G1arrestEd,G2/M

md,Sarrest =mmax
d,SarrestEd,G2/M

(10)

where EC50,d,G2/M signifies the half-maximal effective concentration for the probability of cell death. nG2/M represents the
Hill coefficient, which describes the steepness of the dose-response curve. The equations suggest the fraction response
md,FR,G2/M is modeled as a sigmoidal curve, with mmax

d,FR,G2/M as the maximum response achievable. The response
increases with increasing dose 𝒟G2/M but saturates at high doses due to the sigmoidal nature of the curve. The Hill
coefficient nG2/M used in Eq (9) also controls the steepness of this curve. The other equations in Eq (10) follow a similar
structure, representing fractional responses under different conditions or scenarios.

Cell cycle dynamics under S phase drug. In this section, we explore the multifaceted impact of gemcitabine. Gem-
citabine works by inhibiting DNA synthesis and affecting S phase cells. It also impacts the G1 phase of the cell cycle. Its
effects include inducing variable, dose-dependent G1 blocks and causing delays at subsequent cell cycle checkpoints,
particularly in the G2/M and G1 phases during cell cycle re-entry [81]. The transitions for the affected G1 and S cells
under gemcitabine are illustrated in Fig 1B and E. The fate of cycling S phase cells, G1 phase cells, and new S cells after
exposure at the time of treatment (TSSD) can result in five possible outcomes shown as follows.

1. Effect 1: G1Block.
G1 cells will be arrested at the border of the G1 and S phases with a probability q1,S. This state is denoted as
G1block. In this state, the death rate of G1 cells, represented by md,G1block (see Eq (12)), quantifies the likelihood of
cell death while the cells are arrested at this transition point. The cdf of the time that cells spend when blocked in the
G1 phase is denoted as GG1block(t), which models the Weibull distribution of the duration of arrest in G1block before
cells either transition to the S phase or undergo apoptosis.

2. Effect 2: Normal G1→ S Transition.
G1 cells can transition to the S phase without being blocked with a probability denoted by 1 − q1,S.

3. Effect 3: Unfaithful Repair (UR).
The S phase cells that are affected by the drug will repair the lesions unfaithfully with a probability denoted by q2,S.
This state is referred to as UR (Unfaithful Repair). In this state, lesions that are not adequately repaired in the S
phase persist as the cells progress into the G2/M phase. The death rate of S cells in this state, represented by
md,UR,S (Eq (12)), quantifies the likelihood of cell death due to the persistence of these unrepaired lesions, which can
compromise the cells’ genomic stability. The cdf of time elapsed in the unfaithful repair state is denoted as GUR

S (t),

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013790 December 16, 2025 14/ 31

https://doi.org/10.1371/journal.pcbi.1013790


i
i

“pcbi.1013790” — 2025/12/11 — 21:32 — page 15 — #15 i
i

i
i

i
i

modeling the Weibull distribution of the duration that cells remain in this state before either advancing to the next cell
cycle phase or undergoing cell death.

4. Effect 4: Faithful Repair (FR).
The S phase cells that are affected by the drug will repair the lesions faithfully with a probability denoted by q3,S.
This state is referred to as FR (Faithful Repair). In this state, all damage is successfully repaired. There will not be
unrepaired damage taken to the next phase. The death rate for S cells in the FR state, represented by md,FR,S (see
Eq (12)), quantifies the likelihood of cell death due to residual cellular stress or other cytotoxic effects of the drug.
The cdf of time elapsed in the faithful repair state is denoted as GFR

S (t), modeling the Weibull distribution of the dura-
tion that cells remain in this state before either progressing in the cell cycle or undergoing cell death.

5. Effect 5: Normal S→ G2/M Transition.
The cell fate does not change with a probability of 1 − q2,S − q3,S. In this situation, the S phase cells will complete the
remaining time before jumping into G2/M phase.

The dynamics of G2/M cells are influenced by residual damage carried forward from S phase cells that underwent
unfaithful repair. As illustrated in Fig 1B, we employed the CTRW model for the G2/M cells receiving such damage. In
the CTRW model, the downtime distribution associated with the transition to the next phase, representing the repair pro-
cess, is denoted as DG2/Marrest(t). The downtime distribution on the edge to death, representing the apoptotic process,
is denoted as Dd,G2/M(t). These damaged G2/M cells are referred to as G2arrest. These damaged G2/M cells have a
death rate denoted as md,G2/Marrest (Eq (12)). Damaged G2/M cells can have one of two fates. They might divide to pro-
duce new G1 cells. Alternatively, they might die in the G2/M phase. The respective probabilities for these transitions are
1−md,G2/Marrest and md,G2/Marrest (see Eq (12)).

The shape parameters of cdfs DG2/Marrest(t), Dd,G2/M(t) and GUR
S (t), GFR

S (t), GG1block(t) are kept the same and are denoted
as bS. The scale parameters of these cdfs are denoted as 𝜆G2/Marrest, 𝜆d,G2/M, 𝜆UR,S, 𝜆FR,S, and 𝜆G1block. They are assumed
to be dose-dependent, and mathematically expressed as Eq (11).

ES = (
(𝒟S/EC50,S)

nS

1 + (𝒟S/EC50,S)
nS
)

𝜆UR,S = 𝜆max
UR,SES

𝜆FR,S = 𝜆max
FR,SES

𝜆G2/Marrest = 𝜆max
G2/MarrestES

𝜆G1block = 𝜆max
G1blockES

𝜆d,G2/M = 𝜆max
d,G2/MES

(11)

where ES represents the effect of the treatment on S phase cells, modeled using the Hill equation, which describes dose-
response relationships. 𝒟S denotes the dose of the drug affecting S phase cells. EC50,S represents the half-maximal
effective concentration. The Hill coefficient, nS, indicates the steepness of the dose-response curve. The value of ES

ranges from 0 (no effect) to 1 (maximal effect). This term scales the parameters of the downtime distributions, making
them dose-dependent.

Eq (12) describes the dose-dependent probability of the cells that jump to the death state following the treatment of the
S phase drug. 𝒟S represents the dose of the S phase drug treatment.
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Ed,S = (
(𝒟S/EC50,d,S)

nS

1 + (𝒟S/EC50,d,S)
nS
)

md,FR,S =mmax
d,FR,SEd,S

md,UR,S =mmax
d,UR,SEd,S

md,G2/Marrest =mmax
d,G2/MarrestEd,S

md,G1block =mmax
d,G1blockEd,S

(12)

where EC50,d,S signifies the half-maximal effective concentration for the probability of cell death. nS represents the Hill
coefficient, which describes the steepness of the dose-response curve. The equations show the fraction response md,FR,S
is modeled as a sigmoidal curve, with mmax

d,FR,S as the maximum response achievable. The response increases with
increasing dose 𝒟S but saturates at high doses due to the sigmoidal nature of the curve. The steepness of this curve is
controlled by the Hill coefficient nS. The rest of the equations in Eq (12) follow a similar structure, representing fractional
responses under different conditions or scenarios. Visualization of Eq (9), Eq (10), Eq (11), and Eq (12) can be found in
Supplementary Information S2 Fig.

Model calibration using adaptive metropolis algorithm

Markov Chain Monte Carlo (MCMC) is a computational technique used to estimate the distribution of parameters in com-
plex models from observed data. Its goal is to generate samples that approximate the posterior distribution of these
parameters, facilitating probabilistic inference and prediction. In this study, the posterior distribution is obtained by combin-
ing the likelihood of the observed data given the model parameters with the prior beliefs about these parameters. MCMC
is then applied to infer the distributions of model parameters that are consistent with the observed data.

The model was implemented in MATLAB (version R2021a). Parameter sets are denoted as 𝚯i ∈ ℝmi , i = 1...M, where
mi is the number of parameters in model i and M is the total number of data sets. The likelihood is formulated using the
additive noise model that quantifies the difference between the observed values and model predictions. Specifically, for
dataset 𝓢i, i = 1....M, the likelihood function for estimating the parameter set 𝚯i is calculated as Eq (13). In the untreated
model, this likelihood Eq (13) incorporates the difference between the numerical solution of Eq (8), model simulations
generated by Eq (6), and steady cell distribution percentages.

ℒi(𝓢i ∣ 𝚯i, 𝝈𝐢) =
3

∏
p=1

1

(2𝜋𝜎2i,p)ni,p/2
exp (− 1

2𝜎2i,p
||fi,p(𝚯i) − d i,p||2) (13)

where d i,p ∈ ℝni,p , i = 1...M. d i,p represents the time series data of the percentage of pth phase cells at time t in data set
i. cells in phase p at time t in dataset i. The corresponding model predictions are given by fi,p (𝚯i), where 𝚯i is the param-
eter set associated with dataset i. For each dataset, the discrepancy between the observed data at sampled time points,
d j
i,p, j = 1, … , ni,p, and model predictions is represented by the measurement noise term, 𝜀i,p. ni,p denotes the total num-

ber of time points in the ith dataset for the pth phase. We assumed that 𝜀i,p are independent, normally distributed random
variables with zero mean and the variance 𝜎2i,p. Instead of keeping 𝜎i known, we treated them as random variables whose
marginal distributions can be learned from the data. All parameters are assumed independent random variables, so the
joint posterior distribution of the parameter set 𝚯i, i = 1...M is determined for each data set by Eq (14).

𝜋i(𝚯i ∣ 𝓢i) ∝ ℒi(𝓢i ∣ 𝚯i, 𝝈𝐢)𝜋(𝝈𝐢)𝜋(𝚯i)

∝ ℒi(𝓢i ∣ 𝚯i, 𝝈i)
3

∏
p=1

𝜋(𝜎i,p)
mi

∏
k=1

𝜋(𝜃ik)
(14)
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where mi represents the number of parameters that need to be estimated in 𝚯i. 𝜋i(𝚯i ∣ 𝓢i) represent the posterior distribu-
tion of 𝚯i. 𝜋(𝜎i,p) and 𝜋(𝜃ik) represent the prior distributions of the parameter sets of 𝜎i,p and 𝜃ik. As in our previous work
[80], we used the robust adaptive Metropolis algorithm (RAM) [82] for MCMC sampling. The uniform distribution is used
as the prior distribution for all the parameters in the treatment models. This choice of non-informative priors is justified by
the lack of prior knowledge about the specific parameter values. We used wide initial bounds with the RAM algorithm to
enable broad exploration of parameter space, ensuring that convergence was achieved and that the priors covered all
plausible parameter values.

Results
Cell cycle models for untreated cases

This study models cell populations using data from two studies. Table 4 overviews data sources for calibrating parame-
ters in both untreated and treated models. Balcer-Kubiczek et al. [47] studied docetaxel’s effect on human gastric can-
cer cells’ low-dose radiation hypersensitivity, measuring cell survival and cycle distribution via flow cytometry. Kroep et al.
[48] explored paclitaxel’s sequence-dependent effects on gemcitabine metabolism in non-small-cell lung cancer cell lines,
assessing cell cycle progression and cytotoxicity with flow cytometry and biochemical assays.

When developing the untreated model, we start with all the cells in the G1 phase and let the untreated model run until
it reaches the steady state. The mean values of the estimated parameters with their credible intervals (CI) are reported in
Table 5, and the corresponding posterior distributions are shown in the Supporting Information S2 File. Histograms of pos-
terior distributions for shape parameters for cell cycle distributions 𝛼1 (G1), 𝛼2 (S), and 𝛼3 (G2/M) reveal unimodal shapes,
indicating reasonable identifiability. Simulated cell cycle trajectories are shown in Fig 2, demonstrating stable convergence
to the observed steady-state percentages across G1, S, and G2/M phases of the cell cycle. The alignment between the
simulation and the observed equilibrium, shown by the trajectories settling into the dashed-line steady state, validates the
model’s ability to reproduce long-term cell cycle dynamics. Uncertainty in model predictions is represented by the shaded
regions showing the 50% credible intervals.

Treatment-specific models capture cell cycle dynamics observed in the literature

To calibrate parameters in the treated model, we adopt a two-step modeling strategy: (1) First, we determined the val-
ues of the parameter EC50 in the dose–response (Hill) function using publicly available cell viability and growth inhibi-
tion assay data. Specifically, the parameters EC50,d,i, for i = {G2/M,S} in Eq (10) and Eq (12), are derived from cell viabil-
ity assay data obtained from the Genomics of Drug Sensitivity in Cancer (GDSC) database [83]. The parameters EC50,i,
for i = {G2/M,S} in Eq (9) and Eq (11), are derived from growth inhibition assay data provided by the NCI Developmen-
tal Therapeutics Program (DTP) database. (2) Second, we fixed the EC50 parameters in the Hill function and calibrated
the remaining model parameters using experimental data collected at a single drug concentration. Hill coefficients in Ei,
i = {G2/M,S} (Eq (9) and Eq (11)) and Ed,i, i = {G2/M,S} (Eq (10) and Eq (12)) are fixed as 1.

When modeling treatment effects, we initiated the simulation at time 0 under control conditions and allowed the sys-
tem to evolve until it reached TSSD. By this point, the cell population has entered the exponential growth phase, and the
cell cycle phase distribution stabilizes, matching the steady-state percentages observed in experimental data. At TSSD,

Table 4. Data sources from the literature utilized for calibrating model parameters.

Model Treatment Dose Regimen Cell Line Ref
Model 1 Docetaxel 3 nM AGS gastric cancer cells [47]
Model 2 Paclitaxel 10 × IC-50 concentrations at 72h H460 NSCLC cells [48]
Model 3 Gemcitabine 10 × IC-50 concentrations at 72h H460 NSCLC cells [48]

https://doi.org/10.1371/journal.pcbi.1013790.t004
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Table 5. Parameter estimates and their credible intervals for the three baseline models and corresponding models for the treatment cases.

Value (50% CI) Value (50% CI)
Parameters Model 1 Model 2 Parameters Model 3
Baseline model Baseline model
𝛼1 10.156(6.186,13.937) 9.215(7.174,11.155) 𝛼1 9.215(7.174,11.155)
𝛼2 11.068(7.243,14.021) 8.946(6.372,11.263) 𝛼2 8.946(6.372,11.263)
𝛼3 10.147(6.693,13.058) 10.017(8.112,12.070) 𝛼3 10.017(8.112,12.070)
𝛽0 1.797(0.972,2.498) 1.824(1.040,2.466) 𝛽0 1.824(1.040,2.466)
𝜎2
1,untreated 0.248(0.128,0.353) 0.157(0.047,0.233) 𝜎2

1,untreated 0.157(0.047,0.233)
𝜎2
2,untreated 0.274(0.151,0.394) 0.154(0.052,0.229) 𝜎2

2,untreated 0.154(0.052,0.229)
𝜎2
3,untreated 0.223(0.076,0.361) 0.078(0.010,0.104) 𝜎2

3,untreated 0.078(0.010,0.104)
Model for G2/M phase drugs Model for S Phase Treatment
q1,G2/M 0.575(0.548, 0.601) 0.619(0.536, 0.663) q1,S 0.789(0.770, 0.807)
q2,G2/M 0.056(0.028, 0.089) 0.119(0.089, 0.135) q2,S 0.218(0.139, 0.259)
q3,G2/M 0.130(0.091, 0.170) 0.102(0.073, 0.148) q3,S 0.726(0.701, 0.816)
q4,G2/M 0.416(0.204, 0.621) 0.390(0.369, 0.428) mmax

d,FR,S 0.443(0.425, 0.469)

mmax
d,FR,G2/M 0.599(0.417, 0.757) 0.143(0.039, 0.304) mmax

d,UR,S 0.470(0.356, 0.656)

mmax
d,UR,G2/M 0.858(0.695, 0.926) 0.146(0.054, 0.398) mmax

d,G2/Marrest 0.657(0.532, 0.789)

mmax
d,MS,G2/M 0.335(0.222, 0.560) 0.296(0.294, 0.297) mmax

d,G1block 0.307(0.304, 0.311)

mmax
d,G1arrest 0.168(0.099, 0.232) 0.282(0.277, 0.307) 𝜆max

d,G2/M 36.280(32.518, 41.305)

mmax
d,Sarrest 0.788(0.756, 0.804) 0.311(0.134, 0.708) 𝜆max

UR,S 16.224(15.217, 17.447)

𝜆max
d,G1 19.292(13.823, 27.256) 2.075 (1.282, 5.152) 𝜆max

FR,S 45.185(44.301, 45.923)
𝜆max
UR,G2/M 55.708(50.041, 65.969) 20.426(19.577, 21.346) 𝜆max

G2/Marrest 43.440(23.375, 68.424)
𝜆max
FR,G2/M 23.375(20.745, 26.851) 5.753(5.026, 6.190) 𝜆max

G1block 80.704(78.610, 83.224)
𝜆max
MS,G2/M 15.076(12.687, 16.995) 4.831(3.248, 10.583) bS 14.039(11.376, 18.501)
𝜆max
G1arrest 56.392(52.187, 60.217) 71.437(65.544, 72.767) bd,S 10.744(6.819, 16.659)
𝜆max
d,S 45.501(42.876, 48.687) 76.436(64.437, 86.657) nS 1(fixed)
𝜆max
Sarrest 41.429(35.456, 47.167) 59.984(57.204, 61.474) EC50,d,S 10.066(fixed)

bG2/M 6.845(4.975, 8.348) 21.964(17.708, 23.707) EC50,S 26.073(fixed)
bd,G2/M 8.969(6.641, 11.511) 18.483(17.867, 18.939) aG2/M 4.205(2.340, 5.925)
nG2/M 1(fixed) 1(fixed) bG2/M 4.089(1.710, 6.861)
EC50,d,G2/M 10.295(fixed) 5.802(fixed) 𝜎2

1,treated 6.537e-04(5.973e-04, 6.796e-04)
EC50,G2/M 2.301(fixed) 12.023(fixed) 𝜎2

2,treated 6.392e-04(5.956e-04, 6.709e-04)
aS 0.404(0.207, 0.616) 0.646(0.391, 0.918) 𝜎2

3,treated 6.648e-04(6.334e-04, 6.844e-04)
bS 2.583(1.141, 5.161) 11.172(10.255, 12.736)
𝜎2
1,treated 8.052e-04(7.550e-04,8.515e-04) 8.398e-04(7.682e-04,8.921e-04)

𝜎2
2,treated 7.854e-04(7.375e-04, 8.381e-04) 8.726e-04(8.384e-04, 8.801e-04)’

𝜎2
3,treated 7.848e-04(7.386e-04, 8.446e-04) 8.479e-04(8.038e-04, 8.897e-04)

https://doi.org/10.1371/journal.pcbi.1013790.t005

we introduced the treatment by modifying the transition matrix m and the diagonal distribution matrix G, which are then
used to compute the generation expansion matrix M(t). A detailed description of this adjustment is provided in Eq (S1.36)
of the Supporting Information S1 File. This modeling approach is consistent with common experimental protocols, where
drug treatments are introduced during the exponential growth phase to evaluate their effects on actively dividing cells.
Because our study is based on in vitro data, we assumed that the treatment effect persists throughout the simulation, con-
sistent with experimental protocols that involve continuous drug exposure. A time step of 0.1 hours is used to balance
computational efficiency with sufficient resolution in the simulated cell population dynamics.

The models accurately capture cell cycle progression dynamics under treatment with docetaxel, paclitaxel, and gem-
citabine. Simulation results closely match experimental observations across the G1, S, and G2/M phases, as shown in
panels A–C of Fig 3. Panels D–F of Fig 3 further present a generational breakdown of treatment response, revealing dif-
ferential responses across cell generations. The elevated cell counts observed in early generations (e.g., G2/M genera-
tion 1 for G2/M phase drugs docetaxel and paclitaxel, and G1 generation 2 for S phase drug gemcitabine) arise because
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Fig 2. Simulated cell cycle trajectories over time for the baseline models. (A) Model 1; (B) Models 2 and 3. The solid lines represent the mean
trajectory for each cell cycle phase: G1 (green), S (orange), and G2/M (blue). The shaded areas indicate the 50% credible intervals for the trajectories,
reflecting the variability and uncertainty in the model predictions. The dashed horizontal lines mark the observed steady state percentages for each
phase, demonstrating the model’s alignment with experimental data at equilibrium. The credible interval width reflects the spread of parameter values
sampled from the posterior distribution, rather than from the inherent stochasticity of the branching process.

https://doi.org/10.1371/journal.pcbi.1013790.g002

most directly impacted cells transition into either the unfaithful repair (UR) or faithful repair (FR) states. This observa-
tion is consistent with the parameter calibration results in Table 5 which shows that for G2/M phase drug, the probability
of entering unfaithful repair in G2/M phase is higher than for other fates (q1,G2/M = 0.575 (CI: 0.548–0.601) for docetaxel
and q1,G2/M = 0.619 (CI: 0.536–0.663) for paclitaxel). Because the UR state is elongated to allow for repair attempts, cells
transiently accumulate there, leading to high early counts. Some G2/M cells instead undergo faithful repair and progress
to the next phase, contributing to additional survivors. A similar trend can be observed in G1 cells arrested at the G1/S
border (q1,S = 0.789, CI: 0.770-0.807) for S phase drug gemcitabine. In later generations, cell counts decline because a
substantial fraction of cells in the previous generations enter cell states in which death can be triggered. This reduction
is further compounded by intergenerational transmission of damage, where daughter cells inherit stress or unresolved
lesions from their mothers, and by the cumulative effects of direct drug-induced damage introduced during successive
cycles.

Estimated parameters reveal drug-specific patterns of arrest, repair, and cell death

The models with treatment incorporate various parameters to capture the complexities of drug action. These param-
eters include probabilities of cells entering different states after treatment, such as faithful DNA repair, unfaithful DNA
repair, and mitotic slippage, as well as the death probabilities associated with these states. These parameters are esti-
mated to capture the dynamic responses of cells to G2/M and S phase drugs, highlighting how checkpoint activation and
residual DNA damage can slow down cell cycle progression. As shown in Table 5, which lists the mean values and 50%
credible intervals (CI) for each parameter, paclitaxel and gemcitabine elicit distinct patterns of cell cycle arrest and DNA
repair. In gemcitabine-treated cells, there is a high probability of arrest at the G1/S border (q1,S = 0.789, CI: 0.770–0.807),
unfaithful repair (q2,S = 0.218, CI: 0.139–0.259) and faithful repair (q3,S = 0.726, CI: 0.701–0.816). These cells also exhibit
elevated death probabilities during both unfaithful (mmax

d,UR,S = 0.470, CI: 0.356–0.656) and faithful repair (mmax
d,FR,S = 0.443,
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Fig 3. Simulated cell cycle dynamics and generational progression following docetaxel, paclitaxel, and gemcitabine treatments. Panels (A)
through (C) illustrate the cell cycle dynamics under chemotherapeutic agents in three separate models respectively. Each panel in the top row shows the
simulated cell cycle fractions (G1, S, and G2/M phases) alongside experimental data points over time, with shaded regions indicating the 50% credible
intervals around the simulation curves. The solid lines represent the expected cell fractions in each phase calculated using Eq (S1.37) in Supporting
Information S1 File, while the symbols (circles for G1, triangles for G2/M, and diamonds for S phase) denote experimental data points. Panels (D)
through (F) provide a breakdown of the generational progression within the three models, highlighting the shifts in cell cycle distributions across multiple
generations following treatment. The y-axis in panels (D) through (F) indicates the number of cells in each state after TSSD, computed from a branching
process initiated by a single G1 ancestor cell at time zero.

https://doi.org/10.1371/journal.pcbi.1013790.g003

CI: 0.425–0.469). In contrast, paclitaxel-treated cells are more likely to undergo cell death during S phase arrest in later
generations (mmax

d,Sarrest = 0.311, CI: 0.134–0.708) and a higher probability to transition to unfaithful repair (q1,G2/M = 0.619,
CI: 0.536–0.663).

Docetaxel was modeled in the AGS gastric cancer cell line and is therefore not directly compared with the H460
NSCLC line used for paclitaxel and gemcitabine. However, it serves as an additional test case for the model. In AGS
cells, docetaxel induces high death probabilities during both faithful (mmax

d,FR,G2/M = 0.599, CI: 0.417–0.757) and unfaith-
ful repair (mmax

d,UR,G2/M = 0.858, CI: 0.695–0.926), as well as during arrest in the subsequent S phase (mmax
d,Sarrest = 0.788,

CI: 0.756–0.804).
The posterior distributions of model parameters are shown in Fig D–F in Supplementary Information S2 File. As

shown in those figures, not all parameters can be precisely identified from the available data. Accurate inference of these
particular values could therefore benefit from sufficient experimental information, enhancing the precision and reliability of
these parameter estimates.
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Treatment-induced DNA damage repair prolongs cell cycle duration in subsequent
generations following treatment

The comparative ridgeline plots presented in Fig 4 demonstrate the distinct effects of gemcitabine, docetaxel, and pacli-
taxel on the progression of the cell cycle. By comparing treatment-induced changes against control distributions for the
G1, S, and G2/M phases, we observed that gemcitabine primarily prolongs the G1 and S phase duration of the treatment-
hit cells. In contrast, docetaxel and paclitaxel predominantly affect the G2/M phase of the treatment-hit cells, as shown
by the shifts in the distribution peaks and spreads. These drugs also impact cells generated post TSSD, with prolonged
G1 (G̃1(t)) and S phases (G̃2(t)) under G2/M drugs and extended G2/M phases (G̃3(t)) under S phase drugs. This indi-
cates long-term impacts on cell cycle progression that extend beyond the immediate treatment phases. The analysis fur-
ther differentiates between faithful repair (FR) and unfaithful repair (UR). In H460 NSCLC cells treated with gemcitabine,
UR displays tight distribution peaks, suggesting rapid but less accurate resolution that could introduce genomic instabil-
ity, while FR shows prolonged phases, indicative of efficient and accurate DNA repair efforts aimed at preserving genomic
stability. In contrast, paclitaxel-treated H460 cells exhibit the opposite trend: more time is spent in unfaithful repair than
in faithful repair. This suggests that unresolved damage persists longer and cells remain in error-prone repair states. In
AGS gastric cancer cells treated with docetaxel, more time is spent in UR and less time in FR. Taken together, the simu-
lation results highlight that both the balance between faithful and unfaithful repair and the duration of these repair states
vary across drugs and cell lines. In particular, a greater reliance on unfaithful repair may indicate vulnerability to treat-
ments targeting NHEJ, while prolonged FR could signal a dependence on HR pathways. The choice between DNA repair
pathways NHEJ and HR, however, is also regulated by other factors such as regulated expression and phosphorylation of
repair proteins and chromatin modulation of repair factor accessibility [84]. Given the scope of this paper, we restricted our
focus to how repair fidelity, specifically the distinction between faithful and unfaithful repair, shapes variability in treatment
response.

Fig 4. Ridgeline plots illustrating the distribution of cell cycle phase durations under control conditions and various treatment-induced states.
(A) Model 1 (Docetaxel); (B) Model 2 (Paclitaxel); (C) Model 3 (Gemcitabine). The x-axis measures time in hours, and the y-axis represents the density
of the distribution for each condition. Gp(t),p= {1,2,3} represent the cell cycle time distributions for the G1, S, and G2/M phases, respectively. The cdf
of the time elapsed in the unfaithful repair state are denoted as GUR

G2/M(t) for G2/M phase cells and GUR
S (t) for S phase cells. Similarly, GFR

G2/M(t) and
GFR
S (t) represent the cdfs of the time elapsed in the faithful repair state for G2/M and S phase cells, respectively. G̃p(t) represents the cdf of the time

spent in phase p during the new cell cycle after treatment. GG1block(t) represents the cdf of the time that cells spend when being blocked in the G1 phase
after S phase treatment.

https://doi.org/10.1371/journal.pcbi.1013790.g004

PLOS Computational Biology https://doi.org/10.1371/journal.pcbi.1013790 December 16, 2025 21/ 31

https://doi.org/10.1371/journal.pcbi.1013790.g004
https://doi.org/10.1371/journal.pcbi.1013790


i
i

“pcbi.1013790” — 2025/12/11 — 21:32 — page 22 — #22 i
i

i
i

i
i

Global sensitivity analysis reveals model parameters that significantly influence the model simulation

We performed a Sobol global sensitivity analysis to evaluate how interactions among model parameters influence model
outputs. The results, shown in Fig G and Fig H in Supporting Information S2 File identify the model parameters that sig-
nificantly influence simulation outcomes for both the S phase drug and G2/M phase drug models. For the G2/M drug
model, the parameters related to the G2/M checkpoint activation triggered by the G2/M phase drug and subsequent repair
outcomes, such as q1,G2/M, q2,G2/M and q3,G2/M, exhibited high sensitivity indices. This aligns with the critical role this
checkpoint plays in mediating the cellular response to DNA damage. Similarly, in the S phase drug model, parameters
governing repair pathways, such as the probability of unfaithful repair q2,S and the probability of faithful repair q3,S, were
identified as critical influencers of model behavior, reflecting how disruptions in DNA replication can strongly affect cell
cycle progression. The analysis also revealed the importance of the scale parameters associated with the duration of
unfaithful DNA repair triggered by drugs that affected the G2/M and S phases. Their roles in modulating output suggest
they may serve as potential therapeutic targets. Adjusting these parameters to perturb DNA repair fidelity and check-
point regulation could sensitize cancer cells to treatment. In particular, impairing repair fidelity may increase the vul-
nerability of cells to agents that act during DNA synthesis and mitosis, thereby enhancing drug efficacy in the S and
G2/M phases.

Effect of dose on the cell cycle dynamics

To systematically explore how varying chemotherapeutic doses influence cell cycle dynamics, we extended the model cal-
ibrated at a representative drug concentration to simulate population responses across a range of doses. A Hill function
was used to capture how drug exposure parametrically scales the cdfs describing cell-state transition times and cell-death
probabilities, whose parameters were estimated from the model fitted at a representative drug concentration. The Hill for-
mulation was chosen as a phenomenological approximation to capture the saturable nature of drug effects and the graded
transition between low and high response regimes, enabling interpolation across concentrations beyond those directly
measured. The dose ranges for docetaxel were obtained from in vitro dose-response assays as detailed in [85], while
those for paclitaxel and gemcitabine were based on the assays described in [48].

The simulation indicates the drug exposure modulates cell cycle behavior in a dose-dependent manner. As shown in
Fig 5, the cell cycle distributions respond distinctly to increasing doses of docetaxel (Model 1), paclitaxel (Model 2), and
gemcitabine (Model 3). At lower doses, cells show a degree of tolerance, maintaining near-normal cycling despite mod-
erate fluctuations. This may reflect efficient DNA repair or the activation of survival signaling pathways. As the dosage
increases, we saw more pronounced effects, particularly in the S and G2/M phases of the cell cycle. These findings
suggest the presence of a dose threshold at which chemotherapeutic agents shift from transiently halting cell prolifera-
tion (cytostatic effect) toward inducing cell death (cytotoxic effect). This transition is reflected in increased cell accumu-
lation during drug-treated phases, indicative of sustained checkpoint activation and arrest. When damage is extensive
or persists beyond the cell’s repair capacity, these checkpoints can engage apoptotic pathways, reducing the cycling
population.

This analysis helps delineate the range of doses associated with partial versus extensive cell cycle perturbation and
identify both the minimum effective dose and the point at which increasing the dose ceases to enhance therapeutic ben-
efit. In the case of gemcitabine and paclitaxel, these observations broadly align with growth inhibition curves reported in
[48], where relative growth levels off after 1.7 𝜇M for paclitaxel and 5 𝜇M for gemcitabine. Future experimental work will be
needed to validate the simulated dose–response behavior and refine the quantitative aspects of these predictions.

Prediction of cell cycle kinetics under combination therapy

The combination of gemcitabine and paclitaxel is widely used as the first-line treatment for advanced breast cancer, with
gemcitabine administered 1200 mg/m2 on days 1 and 8, and paclitaxel 175 mg/m2 on day 1 (before gemcitabine) in
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Fig 5. Dose-dependent cell cycle dynamics for the three chemotherapeutic models. Panels (A), (B), and (C) represent the temporal evolution of
cell cycle phase distribution across a range of doses for docetaxel, paclitaxel, and gemcitabine widely adopted in in vitro dose-response studies. Each
line within the panels corresponds to a specific phase of the cell cycle, with solid orange for the G1 phase (G1), dashed green for the S phase (S), and
dotted purple for the G2/M phase (G2/M). The dose levels for each drug are shown above the respective plots, illustrating the resulting fluctuations in the
distribution of cells across different phases over a span of hours post-treatment.

https://doi.org/10.1371/journal.pcbi.1013790.g005

21-day cycles for up to 10 cycles [86,87]. This regimen has demonstrated significant efficacy in clinical settings, provid-
ing a strong foundation for its continued use and study. Motivated by its therapeutic relevance, we extended our modeling
framework to study the effects of this combination in NSCLC cancer cells. Computational modeling provides an efficient
and cost-effective platform to screen drug interactions and dose combinations, serving as a first step before conducting
more resource-intensive in vivo experiments.

The simulation results of concurrent administration of paclitaxel and gemcitabine are shown in Fig 6. The concurrent
dosing simulations of paclitaxel and gemcitabine demonstrate a distinct dose-dependent interplay between the two drugs.
The dose range used here is the same as the one in Section “Effect of dose on the cell cycle dynamics”. As the concen-
tration of gemcitabine escalates, there is a noticeable attenuation in the magnitude of initial apoptotic events, contrary to
expectations based on the cytotoxic profile of paclitaxel alone. This observation indicates a potential antagonistic effect on
cytotoxicity where higher levels of gemcitabine may mitigate the cytotoxicity induced by paclitaxel, in line with the empir-
ical findings from a series of in vitro assays [88]. Additionally, the expansion of the apoptotic response over time with
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Fig 6. Cell cycle progression and cytotoxic response to concurrent administration of paclitaxel and gemcitabine across a range of concen-
trations. Each main plot depicts the fraction of cells in G1, S, and G2/M phases over time, while the inset plot illustrates the number of apoptotic cells
initiated by cells at the treatment time. A 5-hour apoptotic duration was assumed based on peak caspase activation timing in H460 cells and the typically
swift in vivo clearance by macrophages [89,90].

https://doi.org/10.1371/journal.pcbi.1013790.g006

increasing gemcitabine doses suggests a possible alteration in cell death kinetics. As these simulations are obtained from
a single-dose–calibrated framework using a Hill-type dose–effect relationship, the results represent model-based predic-
tions of relative drug interactions under defined assumptions. These findings underscore the complexity of predicting out-
comes in combination chemotherapy and highlight the need for careful consideration of dose timing and interaction effects
when designing cancer treatment regimens.

Discussion

Our computational framework employs a branching process based methodology to analyze the temporal dynamics of cell
cycle progression in response to pharmacological interventions. The model’s parameters capture the modulation of DNA
repair pathway activities, as well as checkpoint activation and cell death mechanisms, enabling the simulation of the phe-
notypic outcomes of cell cycle-specific therapies. Moreover, the model assumes statistical independence of cell transi-
tions among cells to simplify the integration of biological processes such as checkpoint activation, DNA damage response,
and apoptosis. We adopt this abstraction to enhance the interpretability and the model’s flexibility in simulating various
treatment scenarios. For instance, we assume that cells carrying the residual damage inherited from their mother cells
have the same transition rates to faithful repair and unfaithful repair as their mother cells. We acknowledge that such cells
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may be more susceptible to further damage during subsequent G2/M phases and could exhibit altered repair kinetics.
Exploring the correlation between the extent of residual damage carried by the offspring cells and their rate of experienc-
ing DNA damage repair is a valuable direction for future work. We also assume that all the treatment-induced processes
share the same parameters in the sigmoid dose-effect curve. However, whether or not these processes truly share the
same parameters remains an open question, and future experimental validation will be necessary to confirm or refine this
assumption.

The model shows good alignment with empirical data and captures key features of drug-induced cell cycle perturba-
tions. Simulation suggests that treatment-induced DNA damage repair can extend cell cycle duration in subsequent gen-
erations. Specifically, H460 NSCLC cells treated with gemcitabine tend to remain longer in faithful repair states, while
those treated with paclitaxel exhibit prolonged unfaithful repair. Similarly, AGS gastric cancer cells treated with docetaxel
also show extended time in unfaithful repair. However, it does not yet account for the role of regulatory checkpoint pro-
teins that modulate how cells respond to chemotherapy. Their future integration, supported by experimental data, could
enhance predictive accuracy. For example, proteins like Mad2 or BubR1 are known to influence the effectiveness of drugs
like paclitaxel [91], and incorporating these molecular details, potentially through a biochemical network dynamics model
that considers the cell cycle, such as [92–94], could enhance the model’s predictive power by allowing time-dependent
protein concentration to govern death rates or transition probabilities. This is similar to hybrid modeling practices where an
agent-based framework is coupled to a mechanistic model [95].

Unlike ODE-based frameworks that capture average population-level dynamics [96,97], or stochastic and Markov
approaches that capture variability but typically omit multi-generational inheritance of damage [98–100], our branching-
process framework integrates cell-to-cell variability in progression with treatment-specific effects such as repair fidelity and
intergenerational damage transmission. The flexibility of branching processes to incorporate different cell states and their
distributions has led to applications in diverse biological contexts, including neurogenesis [32], immunogenesis [30], and
blood cell differentiation [31]. Branching processes have also been employed to explore heterogeneous DNA damage; for
example, Bastogne et al. [101] simulated radiotherapy-induced mutation accumulation in vitro by initializing cell states with
different levels of proliferation, repair capacity, and genomic stability. By contrast, our framework focuses on how phase-
specific chemotherapy affects cells directly, through induced damage, or indirectly, through the transmission of unresolved
damage across generations. A natural extension would be to incorporate additional phenotypic states beyond cell cycle
phases, enabling the model to capture how repair fidelity varies across phenotypes and to examine how these differences
shape overall population dynamics. This requires higher-resolution experimental data, such as time-lapse microscopy or
single-cell omics, to support model calibration and validation.

Simulating multiple dose levels and combination therapies has clear clinical relevance, as optimizing treatment sched-
ules is essential for improving therapeutic outcomes. By enabling the exploration of diverse drug regimens, the frame-
work offers a quantitative means to examine how chemotherapeutic agents interact and reshape tumor cell cycle dynam-
ics. The model extends predictions across concentrations using a sigmoid response function, which represents a sim-
plifying assumption that captures checkpoint arrest, mitotic slippage, and related outcomes along a shared DNA dam-
age response axis. This formulation serves as an abstraction of a complex signaling network but provides a practical
starting point for linking drug concentration to population-level behavior within a unified probabilistic framework. In sil-
ico simulations suggest that increasing drug concentrations shift cellular responses from transient delays to sustained
arrest and apoptosis, reflecting a gradual transition from cytostatic to cytotoxic effects. Extending the framework to con-
current paclitaxel and gemcitabine treatment in NSCLC cells reveals a distinct dose-dependent interplay that can mani-
fest as antagonism under certain in vitro conditions. Future work should explore how varying the sequence and timing of
administration, such as staggered delivery or altered dosing intervals, might mitigate antagonism and improve therapeutic
synergy.

Our model is implemented with in vitro experiments, offering a controlled setting to analyze drug-tumor interactions. It
assumes continuous drug exposure, which simplifies the dynamics of drug activity and reduces the need for extensive
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parametrization. This assumption also makes the steady-state approximation for underlying biological processes more
applicable. While this approach facilitates a concentrated study on the immediate cytotoxic effects of chemotherapeu-
tic agents, it omits the pharmacokinetic processes and systemic variables present in in vivo systems, such as metabolic
clearance, immune modulation, and heterogeneous tissue environments. Unlike the constant exposure in in vitro assays,
in vivo drug administration typically follows episodic or time-varying profiles. These introduce additional complexity
through ADME processes (i.e., absorption, distribution, metabolism, and excretion.) Accurately capturing these dynam-
ics would require a compartmentalized pharmacokinetic model with time-dependent parameters. The dose-dependent
dynamics in the model are captured using a Hill function, which is commonly used to describe sigmoidal drug response
[97]. While this approach provides a tractable and interpretable framework for modeling single-drug and combination
effects, it is based on empirical assumptions and does not account for mechanistic drug interactions or nonlinear pharma-
codynamics. As such, the simulation results derived from the Hill-based combination model require further experimental
validation.

In addition to these pharmacokinetic considerations, our model assumes uniform drug distribution, constant nutrient
and oxygen availability, and excludes nonlinear crowding effects such as contact inhibition, all of which are reasonable
for in vitro monolayer cultures but may not hold in in vivo tissue contexts.

AQ2

We also did not explicitly model spontaneous
cell death or a G0 quiescent phase. Instead, we approximated temporary cell cycle stalling through stochastic G1-to-S
phase transitions. While these simplifications allow us to focus on analytically tractable and biologically interpretable in
vitro behavior, they may underestimate long-term population heterogeneity and growth suppression mechanisms such as
contact inhibition and spontaneous cell death, which are likely to have a significant impact when adapting the model to in
vivo settings.

Supporting information

S1 File. Model derivation.
(PDF)

S2 File. Global sensitivity analysis of treatment model and identifiability analysis of model parameters.
(PDF)

S1 Fig. Total number of cells after treatment from a branching process initiated by a single G1 ancestor cell at
time zero. The plot shows the total number of cells following treatment with docetaxel, paclitaxel, or gemcitabine, at
doses listed in Table 4 compared to baseline exponential-phase growth. The y-axis indicates the number of cells in each
state after TSSD, as computed from a branching process initiated by a single G1 ancestor cell at simulation time 0.
(TIF)

S2 Fig. Visualization of Eq (9), Eq (10), Eq (11), and Eq (12). Panel (A) shows the values of EG2/M and Ed,G2/M for doc-
etaxel at concentrations of 0.5, 1.3, 2.6, 5, 10, and 20 nM. Panel (B) shows the values of EG2/M and Ed,G2/M for paclitaxel
at concentrations of 3.3, 33, 170, 330, 1700, and 3300 nM. Panel (C) shows the values of ES and Ed,S for gemcitabine at
concentrations of 10, 31, 63, 122, 1000, and 10000 nM.
(TIF)
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