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 A B S T R A C T

Background and Objective: Hepatoblastoma is the most common pediatric liver cancer and represents a 
serious clinical challenge as no effective therapies have yet been found for advanced states and relapses of the 
disease.
Methods: In this work, we use a well-established agent-based model of the immune response now equipped 
with anti-cancer therapy response to study the evolution of the disease and the role of the immune system in 
its containment.
Results: We simulate the course of hepatoblastoma over three years in a population of virtual patients, 
successfully mimicking clinical mortality and symptom onset rates, as well as observations on the main tumor 
transcriptomic subtypes.
Conclusions: The capacity of the introduced framework to reproduce clinical data and the heterogeneity of 
hepatoblastoma, combined with the possibility of observing the dynamics of cellular entities at the microscopic 
scale and the key chemical signals involved in disease progression, makes the model a promising resource for 
future research on in silico trials.
1. Introduction

Hepatoblastoma (HB) is the most common liver cancer in pediatric 
patients accounting for 80% of hepatic tumors in children [1,2]. The 
standard therapy for HB, consisting of chemotherapy and surgery, 
remains ineffective in relapses and advanced states of the disease, 
and continuous efforts are therefore made to develop new therapeutic 
strategies and improve prognosis [3–5].

A multidisciplinary approach involving clinical expertise and in 
silico models may be of great help in this endeavor and notably for 
testing and development of new therapies. In this perspective, we here 
present the study of the combined effect of the activity of the immune 
system (IS) elicited by standard cancer treatment (drug therapy plus 
resection) against HB by using an agent-based model (ABM) of the 
immune response, namely C-ImmSim [6,7]. ABMs simulate interactions 
between autonomous agents that respond to environmental stimuli 
based on specific rules and are useful for simulating complex biological 

∗ Corresponding author.
E-mail address: a.ravoni@iac.cnr.it (A. Ravoni).

processes of medical interest [8], such as the collective behavior of 
cancer cells [9] or immune cell migration [10]. C-ImmSim, in particular, 
simulates the dynamics of computational entities (agents) representing 
cells and molecules participating in the adaptive response against one 
or more antigens. In [11] C-ImmSim has been applied to the study of a 
generic solid cancer by mimicking the immune response elicited by the 
injection of a vaccine.

In this work, we enhance the features of the ABM to represent 
cancer cells and their interactions with other cells and molecules that 
participate in the immune response, introducing a novel extension 
specifically designed for the simulation of HB. Further, we introduce 
the effect of chemotherapy as a cell death process occurring with a 
given probability, with parameters regulating the death process being 
estimated from experimental data. Our goal is to develop a simulator 
that models the disease progression of HB in both untreated and treated 
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patients, using data from the literature and the iPC Consortium (iPC - 
Individualized PaediatricCure, ref. 826121, H2020-SC1-DTH-2018-1).

To achieve this -after careful calibration of the simulator- we mimic 
the progression of a large cohort of virtual patients, from diagnosis 
through therapy up to the final outcome. Each virtual patient is initial-
ized with a variable number of cancer cells and an individual immune 
repertoire and is further randomly assigned to a diagnostic group. 
As the tumor volume grows and surpasses a predefined threshold, 
symptoms appear, triggering the start of therapy. Treatment consists 
of an initial period of chemotherapy, followed by surgical resection, 
and then additional chemotherapy. Immunological variables -such as 
immune cells abundances and cytokines concentrations- as well as 
measurable features of tumor progression (e.g. cell count or tumor 
volume) represent the disease trajectory and are monitored throughout 
the entire experiment and for three years after the completion of 
treatment.

Several authors have employed ABM to study cancer evolution un-
der therapy. For example, previous studies have reproduced chemother-
apeutic effects [12] and tested novel treatment strategies [13], focusing 
on cancer cell dynamics without accounting for IS interactions. Others 
have investigated the effects of vaccines on the immune response in 
non-human contexts [14]. To our knowledge, the current work rep-
resents the first application of a comprehensive in silico model to the 
study of tumor progression -particularly HB- in humans, integrating (i) 
cancer cell dynamics, (ii) both immune response and chemotherapy, 
(iii) a virtual patient cohort, and (iv) clinical and experimental data to 
guide the analysis.

The paper proceeds from the description of C-ImmSim in Section 2, 
with details on all features added to mimic cancers and specifically 
HB, to the results obtained in simulating HB progression in Section 3, 
overall discussed in the concluding Section 4.

2. Methods

We first provide in Section 2.1 a general description of C-ImmSim, a 
thoroughly evaluated tool supported by numerous publications [6,7]. 
We then introduce the novelties of this work, which include: in Sec-
tion 2.2 the cancer growth model and the cancer-IS interactions; in 
Section 2.3 the adaptation to the specific case of HB; and finally the 
procedure to calibrate the model parameters in Section 2.4.

2.1. The model

C-ImmSim consists of stochastic cellular automata evolving in a three-
dimensional lattice (representing several cubic millimeters of a lymph 
node of a vertebrate animal or milliliters of peripheral blood). Such 
automata can be of two types: molecules and cells.

Molecules are the simplest simulated entities, mainly characterized 
by their number, position (in the 3-D lattice) and binding site. Examples 
of simulated molecules are antigens (Ag, like bacteria and generic 
viruses or tumor-associated antigens, TAA), antibodies (AB), immune 
complexes, or intercellular signaling molecules (cytokines and danger 
signals).

Cells are Stochastic Finite State Machines, whose state changes are 
represented by stochastic events that depend on interactions with other 
entities. In particular, each cell is spatially located in the model and 
labeled with a state variable that determines its behavior: if two or 
more cells are in the same lattice coordinates they can interact, i.e. per-
form actions that reproduce biological processes (e.g., production of 
chemical signals) and change their state (e.g., an inactive lymphocyte 
can switch to the active state) according to their current state and 
the occurrence of events modeled stochastically. C-ImmSim takes into 
account the dynamics of cells such as lymphocytes B (B), lymphocytes T 
helper (TH), lymphocytes T killer or cytotoxic (TC), macrophages (MA), 
epithelial cells (EP), plasma lymphocytes B (PLB) and natural killer cells 
(NK).
2 
Entities (molecules and cells) 𝑒 are associated with 𝑁𝑒 binary strings 
representing their binding sites. In this framework, the different lym-
phocyte receptors’ subtypes -that constitute an individual’s immune 
repertoire- are represented by a set of binary strings. Affinity be-
tween two entities is hence efficiently represented as the Hamming 
distance [15] between such binary strings. Note that for some entities, 
such as cytokines, 𝑁𝑒 = 0.

During the simulation, which proceeds in discrete time steps, the 
entities move across the lattice and interact with other entities, with the 
rules that implement the interactions being executed in a randomized 
order.

Immune cell migration is itself a stochastic process: at each time 
step, cells can move freely in all directions, at most by one unit in the 
lattice and with a probability dependent on the cellular density at that 
coordinates. Details on the movement of agents and their interactions 
in C-ImmSim can be found in [7].

Finally, it is worth noting that, given the stochastic nature of the 
simulations, fixed values of the model parameters produce different 
realizations of the system dynamics. In particular, the simulation runs 
differ from each other in the immune repertoire, the MHC complexes 
and in the initial number of immune cells -i.e., the immunological 
initial state- as well as in the occurrence of probabilistic events during 
the course of the simulation. Therefore, each simulation reproduces 
a different IS, and the same processes within a given IS may or may 
not occur at each step of the simulation. In this sense, each simulation 
run can be associated with a specific virtual patient (that is, a distinct 
IS) with its own unique history. By simulating several virtual patients, 
we can mimic the evolution of the disease within a population of 
individuals whose immune response entities’ dynamics are reproduced 
quantitatively.

2.2. Adding cancer cells to the model

Cancer development is represented by adding a new Stochastic 
Finite State Machine that simulates cancer cells and the mechanisms 
that affect their population. The changes in cell numbers over time 
𝑁(𝑡) are governed by stochastic processes that depend on the state 
of the system at any given time. These changes are modeled through 
four primary mechanisms: (i) cancer growth through cell duplication, 
leading to an increase in cell numbers; (ii) the IS interaction with cancer 
cells, which reduces their number; (iii) the impact of drugs and (iv) 
surgical removal of cancer cells. In the following we detail each of these 
four processes in a dedicated subsection.

(i) Cancer growth
We model cancer growth as a density- and space-constrained repli-

cation process occurring at the single-cell level, i.e., at each time step, 
we compute the offspring generated by each cancer cell in the system. 
A detailed description of the implemented growth process is provided 
in Appendix  A. The actual volume occupied by the cancer cells, i.e., the 
total cancer volume, is computed as 𝑉 (𝑡) = 𝜌𝑁(𝑡), where 𝜌 = 10−5 mm3

refers to a single cancer cell, and is estimated from the results of [16].
According to the volume growth model, we define a size threshold, 

𝑉𝑠𝑦𝑚𝑝𝑡𝑜𝑚𝑠, which represents the onset of symptoms in the virtual patient. 
In real-life scenarios, symptoms may arise at different disease stages, 
thus 𝑉𝑠𝑦𝑚𝑝𝑡𝑜𝑚𝑠 can vary across different simulations based on the clinical 
criteria outlined in Section 2.3. In our model, this threshold determines 
the start of therapy: once the cancer volume exceeds 𝑉𝑠𝑦𝑚𝑝𝑡𝑜𝑚𝑠, the 
virtual patient begins treatment according to the therapy schedule.

(ii) Immune interaction with cancer cells
The immune response against cancer is modeled by incorporating 

the interaction of cancer cells with key IS players, as observed in 
clinical and experimental settings, namely: TC cells, NK cells, and, to a 
lesser extent, antibodies (ABs) [17,18].
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Through a stochastic process, cancer cells can trigger the IS re-
sponse. This activation leads to the release of cellular debris and danger 
signals, that, in turn, enable the IS to target cancer cells. This process is 
mediated through the clonal expansion of cancer-specific lymphocytes 
and the recruitment of non-specific activated cells, such as NK cells, at 
the tumor site.

Shall there be a lack of immune response, the cause is often at-
tributed to the cancer’s ability to evade detection through mechanisms 
resembling natural selection, as described in [19]. In the absence of 
treatment (see next section), the progression of the disease depends on 
both the rate of cancer cell replication and the proportion of cells that 
successfully evade the IS.

(iii) Drug effect
The drug response processes occurring at the microscopic level -

and specifically at the agent level- are modeled as stochastic events, 
and their occurrence probabilities must be estimated from experimental 
data. In the simulations, the drug’s effect is represented by a probability 
of cancer cell death, 𝑃 . During each time step [𝑡, 𝑡+𝛥𝑡], each cancer cell 
has a probability of being killed by the drug, defined as: 𝑃 (𝑐(𝑡), 𝛥𝑡) =
1−exp[−𝜈(𝑐)𝛥𝑡], where 𝑐(𝑡) is the drug concentration at time 𝑡, and 𝜈(𝑐)
is the cell-killing rate associated with that concentration. To estimate 
the two parameters 𝑐(𝑡), 𝜈(𝑐), we rely on two types of experimental 
data: pharmacokinetics (PK) curves, which provide information on the 
concentration of the drug in tissues or fluids at different times post-
administration [20], and dose–response (DR) curves [21], which describe 
the drug’s effect on a target at various concentrations. Detailed calcu-
lations of drug concentration, 𝑐(𝑡), and killing rate, 𝜈(𝑐), are provided 
in Appendix  B.

The cell death induced by the drug releases cellular debris -similar 
to the response triggered by cancer cells in the IS- which then activate 
the immune response as described in the previous section.

This is crucial for the success of the treatment: the IS readiness to 
target surviving cancer cells immediately after therapy increases the 
likelihood of cancer clearance, as shown in Section 3.

(iv) Resection
We model resection (surgical ablation of cancer) as a stochastic 

process that eliminates a portion of the cancer cells that survived 
chemotherapy. The only effect of resection in our model is the removal 
of cancer cells, and we do not account for the resulting inflammatory 
response. The resection process is defined by the time 𝑡𝜖 of surgery 
and the percentage 𝜖 of cells excised: at 𝑡 = 𝑡𝜖 , each cancer cell has 
a probability 𝑝 = 𝜖 of being removed, with 𝑡𝜖 and 𝜖 set according to 
literature values.

We do not consider the removal of other entities, nor the case of 
complete cancer cell resection, which would lead to a trivial dynamic 
(in our model, once all cancer cells are removed, they cannot be 
reintroduced), therefore, in the following simulations, some cancer cells 
will always remain in the system after resection.

2.3. Adapting the model to simulate HB

Cancer cells
Molecular analyses [22] have shown that the high heterogeneity 

of HB can be categorized into two major transcriptomic subtypes: 
C1, primarily associated with fetal histology, and C2, characterized 
by a higher percentage of highly proliferative embryonal cancer cells. 
Following the recent work of [23], this characterization will serve 
as the focus of our computational analysis. In fact, while additional 
signatures have been identified, these two remain the most extensively 
studied; for a comprehensive review, see [24]. The C1 subtype re-
sponds well to therapy, with 3-year overall survival (OS) and event-free 
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survival (EFS)1 rates of 90 − 95% and 87%, respectively [22,25,26]. 
In contrast, the C2 subtype is associated with significantly reduced 
survival probabilities, with 3-year OS and EFS rates of 68% and 63%, 
respectively [22,25].

To date, the mechanisms that characterize the C1 and C2 subtypes 
at the cellular level remain poorly understood. As a consequence, 
to capture the key characteristics of these subtypes, we introduced 
two types of cancer cells in our model: aggressive cancer (AC) cells 
and non-aggressive cancer (NC) cells, which differ solely in their mean 
duplication times, AC cells having shorter duplication times than NC 
cells.

We assume that cancers of the C1 subtype are predominantly com-
posed of NC cells, whereas the C2 subtype contains a majority of AC 
cells. This simplified model enables the representation of C1 and C2 
subtypes in terms of the relative abundance of NC and AC cells within 
the tumor volume (see Section 2.4).

Our ambition is to use this simple characterization -in the absence of 
known detailed molecular mechanisms that we could computationally 
model- to reproduce the key features of C1 and C2 subtypes, including 
their distinct proliferation behaviors and clinical outcomes.

Onset of symptoms and therapy administration
In HB, the Pre-treatment Extension of Disease  system (PRETEXT,

[27]) is used to assess diagnosis and tumor progression. PRETEXT 
stratifies patients based on the extent of liver involvement by cancer, 
dividing the liver into four anatomical sections. Patients are classified 
into PRETEXT groups I-IV according to the number of contiguous 
liver sections free of cancer: I (three contiguous sections cancer-free), 
II (two contiguous sections cancer-free), III (one contiguous section 
cancer-free), and IV (no sections cancer-free).

Similarly, in our model, PRETEXT stratification is used both for 
evaluating disease severity and guiding treatment decisions. Initially, 
each virtual patient is randomly assigned a PRETEXT stage, following 
the proportions observed in the clinics, i.e.: 10% PRETEXT I, 34% 
PRETEXT II, 39% PRETEXT III, and 17% PRETEXT IV [25].

Therapy initiation is triggered when the cancer volume reaches a 
stage-specific threshold, 𝑉symptoms, representing the volume at which 
symptoms typically appear.

We associate a threshold to each PRETEXT staging (Table  1) based 
on liver sectors’ dimensions (data from [28], [29]) and irrespective of 
contiguity, and assuming that the total volume is the same for each 
patient. We further assume that a sector is considered non-cancer-free 
if occupied by cancer cells exceeding 0.25 of its volume, approximately 
twice the typical detection volume.

Importantly, as PRETEXT class is assigned to the virtual patient 
before simulation starts, there could be symptomatic patients with 
lower cancer volumes than asymptomatic ones, and vice versa. For 
instance, a patient with a relatively low cancer volume (e.g., 𝑉 (𝑡) =
0.1𝑉𝑡𝑜𝑡) classified a priori as PRETEXT I will be symptomatic, while 
another with a higher volume (e.g., 𝑉 (𝑡) = 0.2𝑉𝑡𝑜𝑡) but classified as 
PRETEXT IV will be asymptomatic.

To simulate the drug effect, we refer to cisplatin, the gold standard 
treatment for HB, and use PK and DR curves available from the litera-
ture [30] and from recent in vitro experiments [31], respectively. Note 
that, although different effects of chemotherapeutic drugs, and of cis-
platin in particular, have been observed depending on the proliferation 
status of osteosarcoma cancer cells [32], there is no specific information 
on the effect of cisplatin on the different cells that characterize the two 
HB transcriptomic subtypes C1 and C2. Therefore, we assume that the 
interaction of the drug with NC and AC cells is the same.

1 OS is defined as the time from diagnosis to death or censoring at the time 
of last contact. EFS is defined as the time from diagnosis to the first occurrence 
of disease progression, death, or censoring at the time of last contact.
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Table 1
 Cancer volume threshold values corresponding to the onset of symptoms, extracted 
from [28,29]. 𝑉𝑡𝑜𝑡 is the simulated total volume, chosen to contain a maximum of 105
cancer cells.
 PRETEXT group 𝑉𝑠𝑦𝑚𝑝𝑡𝑜𝑚𝑠  
 PRETEXT I 𝑉𝐼  =0.0575 V𝑡𝑜𝑡 
 PRETEXT II 𝑉𝐼𝐼  =0.1055 V𝑡𝑜𝑡 
 PRETEXT III 𝑉𝐼𝐼𝐼 =0.1410 V𝑡𝑜𝑡  
 PRETEXT IV 𝑉𝐼𝑉  =0.2460 V𝑡𝑜𝑡  

Table 2
Details of the administered therapy, as obtained from [34]. 
 Treatment Days after diagnosis Plasma concentration (max)  
 Cisplatin 1 4 μM  
 Cisplatin 14 4 μM  
 Cisplatin 28 4 μM  
 Cisplatin 42 4 μM  
 Resection 49 Resection percentage = 99% 
 Cisplatin 63 4 μM  
 Cisplatin 77 4 μM  

Recent studies [33] indicate that chemotherapy, particularly with 
cisplatin, stimulates an anti-cancer immune response. The treatment 
protocol is obtained from the literature [34] and consists of four 
cisplatin-based chemotherapy administrations followed by resection 
and two additional chemotherapy administrations, Table  2. In our 
model, therefore, the drug not only reduces the cancer burden directly 
but also boosts the IS response and memory.

2.4. Model parameters calibration

The approach used in the application of C-ImmSim is to have a IS 
capable of addressing multiple diseases, allowing the model to be ap-
plied to different pathological conditions without requiring a complete 
reparameterization for each new case [7]. This design allows us to 
restrict the calibration process to only those parameters specifically 
introduced to model HB.

To the best of our knowledge, there is no available microscopic 
data on the interaction between HB cells and immune cells that could 
directly inform our model. However, evidence of such interactions 
exists in the literature [35–37]. Therefore, we calibrated the model 
using macroscopic clinical proxies, including OS and EFS rates and the 
distribution of the main molecular cancer subtypes C1 and C2 at the 
time of diagnosis. Additionally, we incorporated experimental in vitro
data on single-cell duplicating times [31].

We calibrate the parameters governing cancer growth, its interac-
tion with the IS, and the effects of drug therapy by first conducting 
an extensive simulation campaign to explore the parameter space and 
identify ranges that reproduce qualitatively realistic disease dynamics 
(details can be found in Appendix  C). These include clinically expected 
behaviors such as the inability of the IS to eliminate the tumor in 
the absence of therapy, and the emergence of heterogeneous outcomes 
following treatment. Based on this initial exploration, we fine-tune the 
parameters within the identified ranges to achieve a more satisfactory 
agreement with the clinical proxies of interest. This pragmatic approach 
allows us to reproduce key features of the disease without incurring 
excessive computational costs. Nevertheless, we acknowledge that the 
selected parameter values may not be optimal in minimizing the quan-
titative mismatch between clinical data and simulation outputs. To 
address this limitation, we are currently developing more advanced 
calibration strategies for C-ImmSim. 

To facilitate comparison with clinical data, we classified simulation 
outcomes into four distinct categories. An outcome is classified as Fatal
if the tumor reaches the critical threshold volume for death. Progressive
refers to patients whose tumor continues to grow after diagnosis, with 
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the tumor growth surpassing the detection threshold. Patients who 
completely eliminate cancer cells are categorized as Cleared, and the 
remaining cases are classified as Non-progressive. Further, patients who 
fall into the Fatal and Progressive groups are classified as Symptomatic, 
while Non-progressive and Cleared cases are labeled as Asymptomatic.

Simulation outcomes are categorized over time based on the relative 
tumor volume post-diagnosis, using the following thresholds: 
⎧
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⎩

𝐹𝑎𝑡𝑎𝑙 ∶ ∃𝑡 > 𝑡𝑑 ∣ 𝑉 (𝑡) ≥ 𝑉𝑑𝑒𝑎𝑡ℎ,
𝑆𝑦𝑚𝑝𝑡𝑜𝑚𝑎𝑡𝑖𝑐 ∶ ∃𝑡 > 𝑡𝑑 ∣ 𝑉 (𝑡) ≥ 𝑉𝑑𝑒𝑎𝑡ℎ

∨ 𝑉 (𝑡) − 𝑉 (𝑡𝑑 ) ≥ 𝑉𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛,
𝑃 𝑟𝑜𝑔𝑟𝑒𝑠𝑠𝑖𝑣𝑒 ∶ ∄𝑡 > 𝑡𝑑 ∣ 𝑉 (𝑡) ≥ 𝑉𝑑𝑒𝑎𝑡ℎ ∧

∃𝑡 > 𝑡𝑑 ∣ 𝑉 (𝑡) − 𝑉 (𝑡𝑑 ) ≥ 𝑉𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛,
𝑁𝑜𝑛-𝑝𝑟𝑜𝑔𝑟𝑒𝑠𝑠𝑖𝑣𝑒 ∶ ∄𝑡 > 𝑡𝑑 ∣ 𝑉 (𝑡) ≥ 𝑉𝑑𝑒𝑎𝑡ℎ

∨ 𝑉 (𝑡) − 𝑉 (𝑡𝑑 ) ≥ 𝑉𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛
∨ 𝑉 (𝑡) ≤ 𝑉𝑐𝑙𝑒𝑎𝑟𝑎𝑛𝑐𝑒,

𝐴𝑠𝑦𝑚𝑝𝑡𝑜𝑚𝑎𝑡𝑖𝑐 ∶ ∄𝑡 > 𝑡𝑑 ∣ 𝑉 (𝑡) ≥ 𝑉𝑑𝑒𝑎𝑡ℎ
∨ 𝑉 (𝑡) − 𝑉 (𝑡𝑑 ) ≥ 𝑉𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛,

𝐶𝑙𝑒𝑎𝑟𝑒𝑑 ∶ ∄𝑡 > 𝑡𝑑 ∣ 𝑉 (𝑡) ≥ 𝑉𝑑𝑒𝑎𝑡ℎ ∧
∃𝑡 > 𝑡𝑑 ∣ 𝑉 (𝑡) ≤ 𝑉𝑐𝑙𝑒𝑎𝑟𝑎𝑛𝑐𝑒.

(1)

Here, 𝑡 is a time between the day of diagnosis 𝑡𝑑 and the subsequent 
3 years, to have a correspondence between the introduced classification 
and the 3-year OS and EFS curves. The detection threshold was set 
to 𝑉detection = 7.5 × 10−3𝑉tot based on experimental data [38,39]. 
The clearance threshold was set to 𝑉clearance = 0, indicating complete 
tumor elimination. The death threshold was defined as 𝑉death = 0.8𝑉tot, 
based on the assumption that exceeding 80% of the total organ volume 
results in irreversible organ failure. Table  5 shows the list of the model 
parameters and their values used in the simulations.

Calibration for untreated virtual patients
Each set of parameters was tested by running 1000 simulations 

over a virtual period of three years. Due to the stochastic nature of 
the model, this process generates 1000 different virtual patients. For 
each patient, we recorded the temporal evolution of the cancer cell 
populations, specifically both NC and AC cells, as well as the Molecules
and Cells introduced in Section 2.1.

The simulations started with an initial cancer cell population such 
that 𝑉 (𝑡 = 0) > 𝑉detection, where 𝑉detection represents the minimum 
detectable tumor volume [38,39].

In the absence of treatment, the parameters governing cancer
growth and immune interactions were adjusted to ensure that the 
simulated tumor growth and survival rates closely mimic the observed 
clinical trends. Specifically, we considered the initial number of cancer 
cells, the AC/NC cell ratio, and the duplication times 𝜇−1

𝐴𝐶 and 𝜇−1
𝑁𝐶 . In 

our model, these values are linked to the C1 and C2 cancer subtypes, 
under the assumption that a relatively higher abundance of AC cells 
corresponds to a C2 classification. Data from in vitro experiments on 
the C2 subtype [31] were used to model the duplication time of AC 
cells as a Gaussian distribution with mean 𝜇−1

𝐴𝐶 = 2.9 days and variance 
𝜎2 = 0.5 days2, ensuring that AC cells duplication times fell within the 
range of 2.1 to 3.75 days with a probability greater than 0.95.

Similarly, NC cell duplication times were modeled as a Gaussian 
distribution with variance 𝜎2 = 0.5 days2 and mean 𝜇−1

𝑁𝐶 , constrained 
by 𝜇−1

𝑁𝐶 > 𝜇−1
𝐴𝐶 . The calibration of the initial number of cancer cells, 

the AC/NC ratio, and 𝜇−1
𝑁𝐶 was performed by comparing the simulated 

disease outcomes, categorized as described in the previous section, to 
the clinical data presented in Table  3.

Although current clinical data do not allow for precise quantifi-
cation of the AC/NC ratio, the calibration process reveals that, to 
achieve qualitative agreement with real-world scenarios, C1 subtypes 
must contain fewer than 30% AC cells, with C2 subtypes exceeding 
this threshold. Furthermore, considering the differing growth rates of 
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Table 3
 Model capacity to simulate clinical observables. First column: clinical observable. Second column: simulated 
value. Third column: clinical value as extracted or computed from [25]. Specifically, the death-to-
symptomatic ratio is obtained from clinical data on OS and EFS percentages according to the relation 
Death/Symptomatic = (1-OS%)/(1-EFS%), as discussed in the main text. 
 Clinical observable (treated patients) Simulated value (%) Clinical value (%) 
 PRETEXT I - III 3 yrs Death/Symptomatic 0.49 0.4  
 PRETEXT IV 3 yrs Death/Symptomatic 0.64 0.68  
 C1 subtype 3 yrs Death/Symptomatic 0.37 0.38  
 C2 subtype 3 yrs Death/Symptomatic 0.89 0.86  
 PRETEXT I subtypes C1, C2 0.73, 0.27 0.65, 0.35  
 PRETEXT II subtypes C1, C2 0.70, 0.30 0.72, 0.28  
 PRETEXT III subtypes C1, C2 0.67, 0.33 0.6, 0.4  
 PRETEXT IV subtypes C1, C2 0.60, 0.40 0.57, 0.43  
Table 4
 Simulated disease outcome. First column: final outcome of the simulated disease. 
Second column: percentage of untreated virtual patients per outcome class. Third 
column: percentage of treated virtual patients per outcome class. 
 Final outcome Untreated patients (%) Treated patients (%) 
 Cleared disease 0 1.2  
 Asymptomatic disease 0 6.8  
 Symptomatic disease 0 44.9  
 Fatal disease 100 47.1  

the two cell types, the initial proportions are randomly assigned such 
that, on average, at time 𝑡 = 0, there is one AC cell for every 103
NC cells. This configuration ensures that the cell population dynamics 
reproduce a logistic growth in line with the decreasing relative growth 
rates observed in human cancers [40,41].

Calibration for treated virtual patients
After calibrating cancer growth and immune interactions for un-

treated patients, we introduced therapy effects. Since treatment calibra-
tion may require adjusting parameters that were previously validated 
for untreated patients, an iterative process was necessary to ensure 
consistency.

Therapy parameters were selected to closely match experimental 
values, minimizing the difference between simulated outcomes and 
clinical data. Specifically, the 3-year OS and EFS rates can provide 
constraints that the simulation outputs need to satisfy. It should be 
noted that these quantities are calculated on a population of individuals 
among whom there could be cases of clearance due to the complete 
resection of all cancer cells. However, the percentage of clearance 
resulting from complete resection versus resections leaving an unde-
tectable number of cancer cells subsequently cleared is unknown in the 
literature. Therefore, simulating complete resection would introduce an 
additional free parameter into the model. For this reason, as anticipated 
in Section 2.2, we do not include complete resection and instead use 
the 3-year OS and EFS rates to introduce a metric dependent only on 
symptomatic patients.

Given a population of 𝑚 individuals, the number of survivors, dead, 
asymptomatic, and symptomatic patients can be calculated as 𝑚𝑂𝑆%, 
𝑚(1 − 𝑂𝑆%), 𝑚𝐸𝐹𝑆% and 𝑚(1 − 𝐸𝐹𝑆%), respectively. We therefore 
defined: 
Death/Symptomatic = (1 − 𝑂𝑆%)∕(1 − 𝐸𝐹𝑆%) (2)

where the numerator accounts for the number of Fatal outcomes and 
the denominator accounts for the number of Fatal plus Progressive
outcomes. This quantity guarantees the alignment of simulated and 
clinical outcome groups. As a side effect, this allows us to reduce 
the overall computational burden by excluding trivial simulations with 
complete resection.

The first column of Table  3 categorizes the calibration data into 
two main groups: (i) clinical percentages at 3 years in symptomatic 
cases (first four rows) and (ii) clinical percentages of the two major 
5 
Fig. 1. Cancer evolution in 5000 untreated virtual patients. On the 𝑥-axis: time 
(months). On the 𝑦-axis: number of cancer cells per 𝑚𝑚3 (median value and interquartile 
range). Magenta solid line: total number of cancer cells. Black dashed line: logistic curve 
𝐿∕{1 + exp[−𝑘(𝑡 − 𝑡0)]}, where 𝐿 = 105, 𝑡0 = 130 days and 𝑘 = 0.025 days−1.

cancer subtypes across different PRETEXT groups at resection (second 
four rows). The values for the first category were derived from clinical 
OS and EFS percentages using Eq.  (2).

3. Results

3.1. ABM for clinical outcome simulation

Once the best configuration of parameters has been identified 
through the calibration process described in Section 2.4, we created 
a new cohort of 5000 HB virtual patients over three years time. As 
expected, untreated virtual patients face fatal outcome (Fig.  1 and 
first column of Table  4), in agreement with what was observed in 
the pre-chemotherapy era [42,43]. Note that the tumor growth is well 
approximated by a logistic curve with a growth rate of 0.025 days−1. It 
is important to note that, even in the case of fatal outcome, a difference 
in dynamics can be observed, particularly regarding the time it takes 
for cancer to reach the 𝑉𝑑𝑒𝑎𝑡ℎ, as it can be seen in the divergence from 
the mean trend shown in Fig.  1. These differences are due both to the 
stochasticity of individual processes occurring during simulations, and 
to intrinsic differences in the IS of virtual patients.

We repeat the simulations carried out in the case of untreated 
patients, all parameters being equal, but administering standard ther-
apy. Therapy begins when the simulated cancer volume reaches the 
threshold for the onset of symptoms, as discussed in Section 2.3, and 
we classify the disease outcome according to the percentage of volume 
occupied by cancer cells, as described in Section 2.4.

When patients undergo therapy, the whole range of outcomes is 
possible as shown in the second column of Table  4. In particular, we 
observe all the following 4 outcomes:

• complete clearance of the tumor mass (Fig.  2 panel a);
• tumor mass constrained below the threshold of symptom onset 
(Fig.  2 panel b);
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Fig. 2. Cancer evolution in 5000 treated virtual patients (all PRETEXT classes included). On the 𝑥-axis: time (months). On the 𝑦-axis: number of cancer cells per 𝑚𝑚3 (median 
value and interquartile range). Yellow dotted line: HB C1 subtype. Green dashed line: HB C2 subtype. Panel a: cleared disease. Panel b: non-progressive disease. Panel c: progressive 
disease. Panel d: fatal disease.
• non-fatal disease progression (Fig.  2 panel c);
• fatal outcome despite treatment (Fig.  2 panel d).
Since complete resection is not allowed in our simulations, the 

clearance is due to the combined effect of drug therapy and IS.
We can observe that the simulated reduction in cancer size during 

therapy is in agreement with that measured in clinical cases for HB: 
the ratio between the mean volume after two cycles of chemotherapy 
and the mean baseline volume, as well as the ratio between the mean 
volume before resection and the mean baseline volume, are 0.42 ± 1.43
and 0.31±1.06 in the simulations, and 0.55±0.75 and 0.45±1.24 in real 
patients, respectively, with clinical values obtained from [44].

Moreover, our model correctly reproduces the percentage of pa-
tients exhibiting a C1 or C2 cancer subtypes at the time of resec-
tion [25] and the ratio of dead patients to symptomatic patients three 
years after diagnosis. Furthermore, the ratio of dead to symptomatic 
patients is also correct for individual cancer subtypes, confirming the 
consistency of the model, Table  3.

Finally, we note that virtual patients with the same outcome may 
show different disease progressions. In particular, we observe that 
different evolutions of the number of NC and AC cells can lead to the 
same macroscopic behavior. Fig.  3 focuses on how different populations 
of NC and AC cells all lead to fatal disease. Similar results were found 
for the other categories (data not shown).

3.2. ABM for microscopic level insight into clinical outcome

We then turned to the immunological entities modeled to explore 
potential correlations with clinical outcomes, specifically by analyzing 
their values at clinically relevant time points, namely at the start of 
therapy, the day of resection, the end of therapy, and one month 
after the end of therapy (follow-up). To quantify this correlation, we 
introduce a relative difference (𝑅𝐷) computed as: 

𝑅𝐷𝑡 =
⟨𝑆𝐸⟩𝑡 − ⟨𝐴𝐸⟩𝑡

⟨𝑆𝐸⟩𝑡
, (3)

where 𝐸 is the immunological entity of interest, 𝑡 is the clinically rel-
evant time point introduced above, and ⟨𝑆 ⟩  and ⟨𝐴 ⟩  are the mean 
𝐸 𝑡 𝐸 𝑡
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values of 𝐸 computed at time 𝑡 for the symptomatic and asymptomatic 
virtual patients, respectively. The farther the normalized difference for 
an immunological entity is from 0, the more relevant that entity may be 
for discriminating between symptomatic and asymptomatic patients.

In Fig.  4, we display only the entities with 𝑅𝐷 standard deviation 
smaller than the mean value, i.e. entities whose variation is sufficiently 
stable across measurements. At the start of therapy, no significant 
difference could be observed between the values of immunological 
entities in symptomatic and asymptomatic patients (data not shown), 
confirming that, without the stimulation resulting from drug therapy, 
the IS is unable to mount an adaptive response against HB.

On the other hand, other time points show that B, PLB and TC cells 
are relevant cellular entities. In fact, these entities grow in number 
when they encounter and recognize an antigen, and are therefore an 
indicator of the death of cancer cells and the subsequent release of 
the associated antigen into the system. We also observe a significant 
discrepancy, especially on the day of follow-up, for cytokines IL-12, IL-
18, IFN-𝛽, IL-4 and IL-17. The two former have already been observed 
in association to HB: cytokine IL-12, in particular, plays a major role 
in triggering anti-cancer immune responses [45], while both IL-18 
and IL-12 levels were observed to be high in HB patients, with the 
serum IL-18 supposed to be an independent prognostic survival factor 
for patients with liver cancer [46]. High levels of expression of the 
cytokines IL-4 and IL-17, on the other hand, have been observed in the 
liver cancer hepatocellular carcinoma [47], while IFN-𝛽 has shown to 
play an important role in controlling the same tumor [48].

These results are in agreement with a scenario in which immunolog-
ical variables measurable at clinically accessible time may constitute a 
risk factor for HB, offering the potential to enhance the monitoring of 
immunological variables to design appropriate therapeutic measures.

4. Discussion

In this work, we use ABM C-ImmSim to study the combined effect 
of immune response and therapy against HB to follow the dynamics of 
immunological variables and model possible disease outcomes. To this 
end, we introduced cancer cells with different growth features, allowing 
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Fig. 3. Cancer evolution in treated virtual patients with fatal disease: detail of the different dynamics. On the 𝑥-axis: time (months). On the 𝑦-axis: number of cancer cells per 
𝑚𝑚3. Red dotted line: number of NC cells. Blue dashed line: number of AC cells. Left panel: presence of AC cells only in the long term. Central panel: presence of NC cells only 
in the long term. Right panel: majority presence of AC cells in the long term, majority of NC cells during treatment.
Fig. 4. Correlation between immunological entities and disease in virtual patients. On the 𝑥-axis: immunological entities. On the 𝑦-axis: relative difference, as defined in Eq.  (3). 
Magenta bar: cellular entities. Purple bar: molecular entities. Panel a, b, c: results for all virtual patients on the day of resection, end of therapy, and day of follow-up, respectively.
us to reproduce the macroscopic growth of HB and the behavior of HB 
subtypes and a therapy model based on experimental data.

Our simulations reproduce clinically relevant data from [25], in-
cluding the ratio between 3-year OS and EFS percentages, extending 
the applicability of C-ImmSim to tumor contexts. The model’s granularity 
enables it to capture system heterogeneity-a hallmark of cancer and 
HB in particular [24,49]-and reflects key features of both C1 and 
C2 subtypes. This consistency supports its use in exploring diverse 
therapeutic scenarios. The framework builds on an extensively vali-
dated immune response model, augmented with general mechanisms of 
tumor cell proliferation and interaction. This structure ensures a degree 
of reliability and positions the model as a valuable tool for in silico
trials. For example, it can be used to assess the impact of therapies 
with varying efficacy compared to standard treatment, or to explore 
treatment outcomes across virtual patient cohorts reflecting population 
variability. At the microscopic level, our simulations identify several 
potentially relevant immunological markers, including B cells, cyto-
toxic T lymphocytes, and the cytokines IL-12, IL-18, IFN-𝛽, IL-4 and 
IL-17. However, given the current lack of HB-specific cellular parameter 
data, further external validation is needed before using the model to 
investigate these markers as therapeutic indicators.
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Appendix A. Cancer growth model

In this section, we describe the mathematical model used to imple-
ment tumor growth in our framework. Tumor growth dynamics is based 
on a density- and space-constrained cell replication process: given an 
initial population of cancer cells occupying a portion of the lattice 
at the starting time, we compute for each cell the number of copies 
generated during the simulation time step, favoring the emergence of 
new cells in lattice sites with lower cell density and reproducing a 
radial expansion. The cells generated in this way will then constitute 
the initial population for replication in the following time step.

We assume that the growth rate 𝜇 of each cell is constant over each 
simulation time step: 
𝜇𝑖(𝑡) = 𝜇𝑖(𝑡′) ∀𝑡′ ∶ 𝑡 ≤ 𝑡′ < 𝑡 + 𝛥𝑡, ∀𝑖 ∈ 𝑁(𝑡), (A.1)

where 𝑁(𝑡) denotes the population of cancer cells present in the system 
at time 𝑡. Moreover, we assume that each cell 𝑖 is characterized by a 
duplication rate 𝜇∗

𝑖  that is inherited by its offspring. This latter condi-
tion allow us to consider the replication process of each cell during the 
simulation time step to be a simple birth, or Yule, process [50].
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The Yule process describes the number 𝑁(𝑡) of individuals of a 
population at time 𝑡 starting from the number 𝑁(0) = 𝑛0 of individuals 
at time 𝑡 = 0 assuming a constant growth rate 𝜇 equal for each 
individual in the population. In particular, the probability distribution 
of the number of individuals 𝑁(𝑡) for the Yule process is described by 
the following expression: 

𝑃 (𝑁(𝑡) = 𝑛) =
(

𝑛 − 1
𝑛0 − 1

)

exp(−𝜇𝑛0𝑡)[1 − exp(−𝜇𝑡)]𝑛−𝑛0 . (A.2)

In C-ImmSimm we use the Yule process with 𝑛0 = 1 to estimate the 
offspring of each cancer cells generated during the simulation time step 
𝛥𝑡. Note that the actual growth rate 𝜇𝑖 of the 𝑖th cell varies from one 
simulation step to the next depending on the state of the system (Eq. 
(A.1)), i.e., we perform different Yule processes at each time steps for 
each cancer cell.

Let a site be a lattice point and 𝑉𝑠, 𝑉𝑐 , 𝐾 = 𝜂𝑉𝑠∕𝑉𝑐 the volume 
of the site, the volume of a cancer cell and the carrying capacity of 
the site (i.e., the maximum size of the cell population within the site), 
respectively. The constant 𝜂 > 0, assumed to be independent from the 
lattice site, takes into account resource competition between cancer 
cells: the larger 𝜂, the more the competition for available resources 
is assumed to constrain cell proliferation. The ability of cancer cells 
to both compete and cooperate is still not fully understood [51]. In 
this work, we assume only competition among cancer cells and set the 
value of 𝜂 = 10, using the calibration of the other free parameters to 
reproduce the desired dynamics, as discussed in Section 2.4. Let 𝑟𝑠 and 
𝑟𝑐 < 𝑟𝑠 be the radius of the sphere of volume 𝑉𝑠 and of a cancer cell, 
respectively. We define 𝑉𝑒 as the volume of a spherical shell identified 
by the difference between the sphere of radius 𝑟𝑠 and the sphere of 
radius 𝑟𝑠 − 𝑟𝑐 . During the cancer growth processes, the 𝑖th cell placed 
in the site 𝑥 is assumed to be in the shell of the site with probability 𝑞 =
𝑉𝑒∕𝑉𝑠 and in the center of the site with probability 1− 𝑞. If the cell is in 
the center of 𝑥, its offspring is generated in that site. If the cell is in the 
shell, its offspring is generated in 𝑥 with probability 𝑝 = 1−[𝑁𝑥(𝑡)𝑉𝑐∕𝑉𝑠], 
otherwise a new site is chosen at random from the neighborhood of 
𝑥. Let 𝑦 ∈ {𝑥,neighboring of 𝑥} be the site where the offspring will 
be placed. During the time interval (𝑡, 𝑡 + 𝛥𝑡), the number of cells 𝑁𝑖
generated from the 𝑖th cell is obtained from Eq.  (A.2) with growth rate 
𝜇𝑖 = log(2)𝜇∗

𝑖 (1 − [𝑁𝑦(𝑡)∕𝐾]). Although this model may not be properly 
descriptive of the phenomenon of growth of a cancer mass, it allows its 
phenomenology to be reproduced. In particular, the resulting cancer 
growth follows a logistic curve, Fig.  1, that is the most appropriate 
modeling of the process according to experimental data [41,52].

Appendix B. Introducing drug therapy

The effect of the drug on cancer cells is introduced in the model 
by considering two distinct processes: the time evolution of the drug 
concentration reaching the cancer cells during treatment, and the effect 
that this concentration has on the cells. Both processes are based 
on estimates derived from experimental data: specifically, we use PK 
curves to reproduce a (deterministic) drug concentration profile in the 
tissue, and PD curves to estimate a drug-induced probability of cancer 
cell death. We describe these two aspects separately in the following 
subsections.

B.1. Including pharmacokinetics

Common cancer chemotherapy treatments consist of several drug 
doses. After each administration the drug concentration peaks and 
then decays due to absorption and elimination. As a result, the drug 
concentration cannot be considered constant during the therapeutic 
treatment. In addition, the drug ability to reach the target cells depends 
on the tissue where the cells are located [20]. Therefore, PK must be 
included in the analysis.

PK is a branch of pharmacology that aims to study the evolution of 
drugs administered to a living organism over time [20]. To the best 
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Fig. 5. PK curves of cisplatin. Blue points: experimental points of plasma concentration 
over time, obtained from [30]. Green dotted line: fit of experimental points with 
function 𝑓 (𝑡,𝐀) (Eq.  (B.3)). Magenta solid line: simulated plasma concentration 𝑐𝑝(𝑡)
(Eq.  (B.5)).

Fig. 6. DR curves of cisplatin. Blue points: experimental points of DR curve obtained 
from the administration of cisplatin to the HB cell-line XT243, data from [31]. Green 
dotted line: fit of experimental points with function 𝑔(𝑐,𝐁) (Eq.  (B.12)). Magenta 
triangles: estimated death probability 𝑃 (𝑐, 𝛥𝑡) (Eq.  (B.6)).

of our knowledge, fully physiologically-based PK models capable of 
accurately estimating cisplatin concentration in the liver are currently 
absent from the literature. A first attempt in this direction is presented 
by [53], although their results remain preliminary and come at the 
expense of computational efficiency. For this reason, in this work we 
include a PK model based on a single compartment, i.e., where the drug 
concentration profile is determined by integrating a single ordinary 
differential equation. This approach allows us to perform an extended 
analysis of the therapy outcome as a function of the other model’s 
parameters.

As a first approximation, we assume that the concentration 𝑐𝑛(𝑡) of 
the drug reaching the 𝑛th target cells is spatially homogeneous, and it 
can be written with a simple proportional formula: 
𝑐𝑛(𝑡) = 𝛼𝑐𝑝(𝑡), ∀𝑛 ∈ 𝑁, (B.1)

where 𝑁 is the set of cancer cells, 𝛼 ≥ 0 is a proportionality constant 
that can be estimated from the literature and 𝑐 (𝑡) is the simulated 
𝑝
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Fig. 7. Results of the sensitivity analysis. Outside the diagonal: each plot corresponds to a different pair of investigated parameters, indicated on the axes. Each circle in the scatter 
plots represents a point in the parameter space sampled using the LHS method; each sample corresponds to a virtual population of 100 individuals. Plots above the diagonal: 
untreated virtual patients. The color scale indicates the percentage of patients with fatal disease, from yellow (0%) to black (100%). Plots below the diagonal: treated virtual 
patients. The color scale indicates the percentage of Death/Symptomatic patients classified as PRETEXT IV at the time of resection, from blue (0%) to yellow (100%). The reference 
value of 0.68 was derived from the results reported in [25]. Plots on the diagonal: percentage of Fatal disease (untreated) and Death/Symptomatic disease (treated patients) for 
each individual parameter.
plasma concentration i.e., the step-like function that approximates the 
experimental concentration curve by a series of daily, constant, values 
(see Fig.  5).

Under these assumptions, we can evaluate the amount of drug 
reaching cancer cells starting from the experimental PK curve 𝑐𝑝𝑘(𝑡)
describing the plasma concentration of drug over time as follows: let 
𝑓 (𝑡,𝐀) be an analytic function whose parameters 𝐀 are obtained by 
fitting the experimental curve 𝑐𝑝𝑘(𝑡) with 𝑓 (𝑡,𝐀). The simulated plasma 
concentration 𝑐(𝑖)𝑝 (𝑡) of drug at time 𝑡 = 𝑑𝑖+𝑚𝛥𝑡 due to the administration 
of drug on day 𝑑𝑖 is computed as: 

𝑐(𝑖)(𝑡) = 1 𝑡+𝛥𝑡
𝑓 (𝑡′,𝐀) 𝑑𝑡′. (B.2)
𝑝 𝛥𝑡 ∫𝑡
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In particular, we only consider the following expression for function 
𝑓 (𝑡,𝐀): 

𝑓 (𝑡,𝐀) = 𝐴1 exp(−𝐴2𝑡) +𝐴3 exp(−𝐴4𝑡), (B.3)

with the additional constraint that the drug concentration is zero one 
week after the administration. The total simulated plasma concentration
of drug 𝑐𝑝(𝑡) resulting from 𝑀 administrations on days 𝑑1,… , 𝑑𝑀 , 𝑑𝑀 ≤
𝑡, is the following: 

𝑐𝑝(𝑡) =
𝑀
∑

𝑐(𝑖)𝑝 (𝑡). (B.4)

𝑖=1
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Table 5
 Table of model parameters. We only report the parameters related to the processes introduced in the present study concerning tumor growth 
and therapy effects on HB, since a complete description of the parameters used in the simulator C-ImmSim is beyond the scope of this work. 
First column: name of the parameters. Second column: numerical values used in the simulations. Third column: explanation of the role of the 
parameters in the simulations. Fourth column: reference. 
 Parameter Numerical value Description Source  
 𝜌 1.0 × 10−5 mm3 volume of a cancer cell [16]  
 𝑉𝑡𝑜𝑡 1.0 mm3 total simulated volume assumed  
 𝑉𝑑𝑒𝑎𝑡ℎ 0.8 mm3 death threshold volume assumed  
 𝑉𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 7.5 × 10−3 mm3 detection threshold volume [38,39]  
 𝑉𝑐𝑙𝑒𝑎𝑟𝑎𝑛𝑐𝑒 0 clearance threshold volume assumed  
 𝑉𝑠 8.8 × 10−3 mm3 volume of the lattice site assumed  
 𝑉𝑒 2.5 × 10−3 mm3 volume of the spherical shell identified the edge of a site computed  
 𝜂 10 scale factor of the lattice site carrying capacity calibrated  
 𝑁(0) 103 initial number of cancer cells calibrated  
 𝜇−1

𝐴𝐶 2.9 days average duplication time of AC cells estimated from [31] 
 𝜇−1

𝑁𝐶 14.5 days average duplication time of NC cells calibrated  
 AC/NC 10−3 fraction of AC cells relative to NC cells calibrated  
 𝛼 1 tumor-serum ratio calibrated  
 𝐴1 2.1 ng/ml parameter of the PK curve fit estimated from [30] 
 𝐴2 4.8 × 10−3 hours−1 parameter of the PK curve fit estimated from [30] 
 𝐴3 2.0 ng/ml parameter of the PK curve fit estimated from [30] 
 𝐴4 1.9 × 10−2 hours−1 parameter of the PK curve fit estimated from [30] 
 𝐵1 1 parameter of the PD curve fit estimated from [31] 
 𝐵2 0 parameter of the PD curve fit estimated from [31] 
 𝐵3 14.4 μM parameter of the PD curve fit estimated from [31] 
 𝐵4 1.1 parameter of the PD curve fit estimated from [31] 
By substitution, we obtain the concentration 𝑐(𝑡) of drug interacting 
with each administered cancer cell: 

𝑐(𝑡) = 𝛼
𝑁
∑

𝑖=1
𝑐(𝑖)𝑝 (𝑡). (B.5)

Fig.  5 shows the experimental curve 𝑐𝑝𝑘(𝑡) and the resulting simulated 
plasma concentration 𝑐(0)𝑝 (𝑡) in case of a single day administration of 
drug at 𝑑0 = 0.

B.2. Estimating drug-induced death probability

A possible approach to model the drug effect in the ABM is the 
introduction of a probability 𝑃  for the drug-induced cell death during 
the time interval 𝛥𝑡. We assume that:

• the drug concentration is homogeneous and constant within the 
time step 𝛥𝑡;

• the rate 𝜈 of drug-induced death depends only on the drug con-
centration;

• the drug-induced cell death is a stochastic memoryless process.
Therefore, the probability 𝑃 ≡ 𝑃 (𝑐, 𝛥𝑡) can be written as: 
𝑃 (𝑐, 𝛥𝑡) = 1 − exp[−𝜈(𝑐)𝛥𝑡]. (B.6)

The death rate 𝜈 can be estimated from the experimental DR curves, 
that describe the response 𝑅(𝑐, 𝑇 ) of a treated cell population as a 
function of the concentration 𝑐 of the administered drug and the du-
ration 𝑇  of the treatment. The DR curves are obtained from controlled 
experiments where target cells, kept in a closed system, are treated 
with a desired dose of drug that is assumed to be constant during the 
experiment. In particular, 𝑅(𝑐, 𝑇 ) can be defined as the relative cell 
count [21]: 

𝑅(𝑐, 𝑇 ) =
𝑁 ′(𝑐, 𝑇 )
𝑁(0, 𝑇 )

, (B.7)

where 𝑁 ′(𝑐, 𝑇 ) and 𝑁(0, 𝑇 ) are the number of treated and control 
(untreated) cells measured at the end of the experiment of duration 𝑇 , 
respectively. In order to estimate 𝜈(𝑐) from the DR curves, we assume 
that the growth rate 𝜇 and the death rate 𝜈(𝑐) are the same for each cell 
and constant in time during the experiment aimed at evaluating the DR 
curve. It follows that the evolution over time of the number of treated 
and control cells can be written as:
𝑁 ′(𝑐, 𝑡) = 𝑁 exp[𝜇′(𝑐)𝑡], (B.8)
0
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𝑁(0, 𝑡) = 𝑁0 exp(𝜇𝑡), (B.9)

where 𝑁0 is the number of cells at the beginning of the treatment and 
𝜇′(𝑐) = 𝜇 − 𝜈(𝑐).

Note that, in general, the death rate 𝜈 (and thus the growth rate 
𝜇′) depends on the concentration 𝑐 of the administered drug, that is, 
𝜈 ≡ 𝜈(𝑐), 𝜇′ ≡ 𝜇′(𝑐). By substituting Eqs.  (B.8) and (B.9) in Eq.  (B.7), 
we obtain: 
𝑅(𝑐, 𝑇 ) = exp[−𝜈(𝑐)𝑇 ]. (B.10)

Therefore, by knowing the experimental DR curve 𝑅(𝑐, 𝑇 ), the drug 
concentration-dependent death rate 𝜈(𝑐) can be estimated as: 

𝜈(𝑐) = − 1
𝑇
𝑙𝑛[𝑅(𝑐, 𝑇 )]. (B.11)

In particular, 𝑅(𝑐, 𝑇 ) can be approximated by the function 𝑔(𝑐,𝐁): 

𝑔(𝑐,𝐁) = 𝐵1 +
𝐵2 − 𝐵1

1 + (𝑐∕𝐵3)𝐵4
. (B.12)

We obtain the parameters 𝐁 by fitting the experimental curve 𝑅(𝑐, 𝑇 )
obtained from the administration of cisplatin to the HB cell-line
XT243 [31] with the function 𝑔(𝑐,𝐁), in order to evaluate 𝜈(𝑐). The DR 
curve and the resulting values of 𝑃 (𝑐, 𝛥𝑡) are shown in Fig.  6. We use the 
experimental data for cell-line XT243 as a reference value to estimate 
the effect of the drug on the tumour cells in our in silico model.

Note that other cell growth models can be considered to estimate 
𝑁 ′(𝑐, 𝑇 ) and 𝑁(0, 𝑇 ) [54], resulting in a different expression of the 
function 𝜈(𝑐).

For the sake of completeness, we remark that Eq.  (B.6) can also be 
obtained by defining the death probability 𝑃 (𝑐, 𝛥𝑡) as the ratio between 
the number of cells 𝑁̃(𝛥𝑡) killed by the drug at concentration 𝑐 and the 
number of cells which the drug can act upon during the time interval 
[𝑡, 𝑡 + 𝛥𝑡]. In particular, by assuming that both the growth rate 𝜇 and 
the death rate 𝜈 are constant in time, we obtain: 

𝑃 (𝑐, 𝛥𝑡) =
𝑁̃(𝛥𝑡)

𝑁(𝑡) exp(𝜇𝛥𝑡)
=

𝑁(𝑡) exp(𝜇𝛥𝑡) −𝑁(𝑡) exp[𝜇′(𝑐)𝛥𝑡]
𝑁(𝑡) exp(𝜇𝛥𝑡)

= 1 − exp[−𝜈(𝑐)𝛥𝑡].
(B.13)

Appendix C. Sensitivity analysis

In this section, we present the results obtained from the sensitivity 
analysis, in which we studied the simulation outputs as a function of 
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five key parameters characterizing the new processes introduced in C-
ImmSim to model HB, namely the initial number of cancer cells 𝑁(0), 
the average duplication time of NC cells 𝜇−1

𝑁𝐶 , the initial 𝐴𝐶∕𝑁𝐶 ratio 
between the two cell subtypes, and the scaling factors 𝜂 (Section A) and 
𝛼 (Section B.1).

The sensitivity analysis was carried out using the Latin Hyper-
cube Sampling (LHS) method [55], with 50 samples used to explore 
the parameter space within the following ranges: 𝑁(0) ∈ [10, 105], 
𝜇−1
𝑁𝐶 ∈ [2.9, 2.9 102] (days), 𝐴𝐶∕𝑁𝐶 ∈ [10−4, 102], 𝜂 ∈ [10−2, 102], 

𝛼 ∈ [10−2, 102].
For each sample, 100 simulations of 3 years duration were per-

formed, both in the absence and in the presence of therapy. The results 
are shown in Fig.  7, where we report, for each point in the parameter 
space, the percentage of untreated patients with fatal disease (plots 
above the diagonal), and the ratio between treated patients with fatal 
and symptomatic disease among those classified as PRETEXT IV (plots 
below the diagonal).

Regarding untreated patients, we observe that fatal disease affects 
patients relatively uniformly across the parameter space with no par-
ticular sensitivity for any of the parameters analyzed. In particular, 
the percentage of 100% is observed for several parameter samples. 
This sensitivity analysis in particular represents one of the insight that 
clinical data cannot provide for obvious ethical reasons.

Conversely, treated virtual patients classified as PRETEXT IV tend 
to develop either entirely fatal or entirely non-fatal disease after treat-
ment, with outcome percentages reaching the extreme values of 0% or 
100% for almost all parameters, except for a few points in the sampled 
parameter space (green markers in the plots below the main diago-
nal). Fine-tuning of these values was achieved through the calibration 
process.

C.1. Table of model parameters

Table  5 lists the most relevant parameters used to introduce HB into 
the C-ImmSimsimulator.
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