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A B S T R A C T

Background and Objective: Combining targeted therapeutics can significantly help address the dynamic
changes in cancer biology abnormalities and thus improve the duration of response and outcome. However,
the efficacy of such approaches is highly dependent on the combination, interactions, and timing between
the administered drugs. Current clinical trials can test only a low number of schedules with fixed designs.
Pharmacometric tools can assist in exploring and selecting the most effective drug dosages and schedules by
modeling traits of patients with different clinical and biological characteristics.
Methods: This study proposes a pharmacokinetic–pharmacodynamic model describing the networked system
of tumor development and angiogenesis under the control of antiangiogenic and cytotoxic, i.e., Ramucirumab
and Paclitaxel second-line combination therapy. A two-step scalable algorithm is proposed to calibrate model
parameters and match virtual to real population therapy outcomes, followed by fine-tuning directly on
the Progression-free Survival (PFS)-2 Kaplan–Meier curve. Two cohorts of advanced gastric cancer patients
were considered: a calibration cohort from South Korea, and an external verification cohort from IRCCS
‘‘S. De Bellis’’, an Italian research hospital. These real-world patients had heterogeneous clinical starting
conditions. We perform prospective evaluations of new combination regimens that adhere to pharmacological
constraints that are paramount for clinical translation, in which the administration time of the cytotoxic agent
is triggered by the normalization window opening, monitored by a tumor microenvironment digital biomarker.
Results: The calibration procedure led to the discovery of a new mathematical biomarker describing the
influence of intrinsic tumor growth and angiogenesis on treatment outcomes. The predictive value was assessed
through the log-rank test between two PFS-2 groups, which exhibited different (𝑝-value < 0.0001) therapy
response trends. Our results showcase a new regimen that, by using 33% less cytotoxic drug, achieves
indistinguishable PFS-2. Additionally, we present another regimen that extends PFS-2 from 49.2% to 60.9%
after 121 days of therapy (𝑝-value < 0.0001), by using the same dosing as the standard protocol.
Conclusions: This study proposes an in-silico quantitative platform for virtual expansion of real-world patient
cohorts. Furthermore, the estimation of the efficacy of adaptive dose schedules of a combined therapy can
complement and inform clinical trial design.
1. Introduction

The malignant growth of solid tumors acquires resistance to treat-
ments when it reaches the so-called vascular phase [1]. The supportive
blood vessel network assumes a catalytic role since the ability of
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tumors to induce or access vasculature promotes the enlargement and
cancerization of both the surrounding and distal tissues. Moreover, the
tortuous and leaky structure of the tumor vessel wall is a barrier to
the effective in-situ delivery of therapeutic agents. This subtherapeutic
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drug exposure ultimately enables the survival, adaptation, and prolifer-
ation of resistant cancer cells [2]. The secretion of vascular endothelial
rowth factor (VEGF) by tumor cells is a driving force for the thinning

of vessel walls, and the sprouting of new vessels [3]. Newly born vessels
form an unstable agglomerate around the stable vessels, contributing to
he increase in the density of the vascular network, which is recognized
s an unfavorable prognostic biomarker [4]. Among antiangiogenic
herapies (AATs), Ramucirumab is a targeted monoclonal antibody
hat neutralizes pro-angiogenic signaling by binding VEGF receptor-
 (VEGFR2). With the adoption of angiogenesis inhibitors, concerns

have been raised about the unexpected patient outcomes, namely ‘‘AAT
paradox’’ [5]. More specifically, while AAT induces unstable blood
essels pruning within the tumor microenvironment (TME), this can
ead to vessel depletion. As a consequence, the delivery of systemic
herapeutic agents to the tumor is impaired, as well as the immunologi-

cal response [6]. The ‘‘AAT paradox’’ emphasizes that, instead of simply
destroying blood vessels in tumors, AATs should be administered in a
carefully controlled quantity and time to achieve vascular normalization.
This strategy is based on the idea that the correct dose and timing of
AAT can induce a transient recovery of normal function and organized
structure in tumor blood vessels. Therefore, the identification of such
phenomenon gives a ‘‘window of opportunity’’ [7] to increase the effi-
acy of subsequent therapies, as the real therapeutic potential of AATs
as seen when they were combined with other agents, particularly

hemotherapeutics [8]. Notwithstanding, the concomitant administra-
tion of AAT and chemotherapy still constitutes the reference regimen
of dose-finding clinical trials.

Gastric cancer is the fifth most frequent cancer worldwide, and
ue to the fact that more than 50% of new diagnoses occur delayed
ith respect to disease onset, it is the fourth leading cause of cancer
eath globally with an associated poor overall prognosis [9]. AAT is

considered the basis for additional treatments in advanced or metastatic
stages of gastric cancer, as these tumors have developed an intrinsic
vascular network. In the last decades, numerous clinical trials have
investigated antiangiogenic targets for advanced, unresectable gastric
cancers. Ramucirumab (‘R’) was shown to prolong overall survival as a

onotherapy (REGARD trial [10]) but even more in combination with
aclitaxel (‘P’) (RAINBOW trial [11]) as a second-line therapy. The

approved regimen, [‘PR’, ‘P’, ‘PR’], prescribes ‘R’ at days 1 and 15, and
‘P’ at days 1, 8, and 15 with concomitant administration of ‘R’, and a
washout period of 14 days before the second cycle begins. The regimen
is followed for three 28-day cycles before radiological restaging of the
disease.

The optimization of dose scheduling is of utmost importance for this
patient population in order to improve efficacy while reducing risks of
resistance and toxicity. In fact, automating personalized scheduling of
therapeutics can repurpose approved drugs by improving the efficacy
of traditional treatments [12]. Such benefits may even be achieved at
lower doses, which would allow to administer cytotoxic (CT) treatments
to patients with poor performance status.

During 2024, clinical trials on advanced gastric cancers (e.g.,
NCT02514551, NCT01253525, NCT02628951) have focused on slight
adjustments of ‘P’ and ‘R’ doses but using the standard regimen
[‘PR’, ‘P’, ‘PR’]. Few groups have compared standard, thus concomitant,
versus sequential administration in the context of combined antiangio-
genic and chemotherapy scheme optimization. Among these, Avallone
t al. [13], in the OBELICS phase-3 trial on 230 patients with metastatic

colorectal cancer, compared the standard regimen with a sequential
egimen in which AAT is administered 4 days before chemotherapy.

The objective response rate did not differ significantly between the
wo approaches; however, the sequential scheduling was associated
ith more prolonged overall survival, fewer adverse effects, and better
uality of life.

Finding the opportune moment to administer chemotherapy re-
mains challenging, and the discovery of reliable and non-invasive
biomarkers has not yet been made [14]. Several approaches, including
2 
the measurement of circulating tumor markers through liquid biopsy
and the assessment of hypoxia-derived factors in blood tests, have
been proposed [15]. However, due to the lack of standardization, their
reproducibility remains limited. Remarkably, therapies targeting the
TME would require the early identification of mechanistic biomarkers
that reflect dynamic adaptations to treatments. ‘‘Dynamic precision
oncology’’ (DPO) is aimed to proactively adjust treatment sequences
to increase the gain in drug exposure for different patients [16].

Therefore, DPO can help address the reduced efficacy and lower
he rate of adverse events observed in the patient population receiving
reatments. Actually, the enrollment of patients in oncology clinical
rials follows strict eligibility criteria that limit the generalizability of
he results in the real world. In contrast, virtual clinical trials provide
nvestigators with prior pharmacometric simulations of doses and se-
uences performed on virtual replicas of patients, which help selecting
he most promising treatment combinations for further validation [17].

Pammi et al. [18] identified the concept of Digital Twin as a ‘‘prototype
for generating synthetic medical records that simulate patient conditions
without corresponding to real-world individuals’’. Hence, Digital Twins
enable the safe exploration of a wider range of therapy combinations
by expanding the diversity of available data.

Mathematical modeling can both clearly describe patient trajecto-
ries and quantify complex reactions between drugs and their effects on
clinical outcome [19,20]. In recent years, encouraging advances in the
ield of mathematical oncology have been devoted to characterize the

PK variability in absorption, distribution and metabolism of drugs [21],
and in identifying the most effective chemotherapeutic administration
egimens using optimization and control techniques [22–24]. Khalili

et al. [25] designed an optimal controller for chemoimmunotherapy
scheduling, by considering literature-derived model parameters. The
robustness of the optimal continuous drug profiles was assessed through
simulations having different cancer initial conditions. Teles et al. [26]
faced uncertainty in patient parameters by aggregating key model fam-
ilies and designed AAT with immunotherapy administration through
Multiple Model Adaptive Control. Other approaches, such as ‘‘dose
modulation’’ and ‘‘dose-skipping’’, were explored for CT dose schedul-
ing aimed to limit the evolutionary pressure between sensitive and re-
sistant cell populations [27]. However, such system-theoretic methods
lack feasible integration at the bedside, even if they provide valuable
control frameworks based on established mathematical models. Indeed,
few works have considered plausible scheduling regimens, in terms of
therapy durations and patient burden, number of day hospitals, and
total cost of therapy. Furthermore, the existing virtual clinical trials
till lack the inclusion of heterogeneous and under-represented groups
f patients.

Adaptive therapies have progressed synergistically with mathe-
matical and computational modeling. By considering the numerous
adaptation strategies of tumors, ‘‘adaptive therapy’’ approaches update
or adapt drug sequences according to a predictive biomarker, as a
correlate of some specific disease dynamic. This allows anticipating
ose modulation or dose timing modifications in order to maximize

progression-free survival (PFS) or quality of life-adjusted survival.
Despite the growing availability of targeted combination therapies in
oncology, optimizing treatment scheduling remains challenging pri-
marily because clinical trials are limited in exploring all possible
regimens. This study addresses these limitations by introducing a
pharmacokinetic–pharmacodynamic (PK–PD) model that integrates tu-
mor angiogenesis dynamics and population data available in clinical
oncology to optimize the scheduling design of combination therapy to
ultimately support decision-making. Specifically, the contributions of
this work are reported as follows:

• We develop a refined dynamical model describing tumor-
angiogenesis dynamics under combined therapy, enabling a better
understanding of the impact of antiangiogenic and cytotoxic
drugs on tumor progression.
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• A new quantitative algorithm is proposed to calibrate PD param-
eters and generate a large-scale Digital Twin population on which
different treatment regimens can be simulated.

• To the best of our knowledge, this is the first analytical framework
that identifies the optimal therapeutic window using a time-
resolved, angiogenesis-related biomarker to dynamically adjust
the scheduling of therapy.

• Finally, the time to progression (TTP) under different plausible
treatments is compared using multiple virtual Kaplan–Meier curves
for each patient. Successful therapeutic regimens, which use less
or comparable drug exposures than the standard of care are high-
lighted in either low or high Eastern Cooperative Oncology Group
performance status (ECOG PS) digital twin groups of patients.

2. Materials and methods

Starting from empirical models used to describe the input–output
dynamics observed in preclinical studies, the functional models further
encapsulate a mechanistic perspective of biological compartments [28].
The synergy with computational modeling enables the broadening of
the applicability of mathematical oncology frameworks by supporting
the testing of combinatorial dosing and scheduling options and the
refinement of hypotheses. The key for such approaches hinges, rather
than the actual tumor burden description, on the prediction of clinical
endpoints (e.g., therapy continuation or cancer progression) as one of
he main goals of personalized oncology [20,29]. The crosstalk between

tumor and angiogenesis was mathematically described by Hahnfeldt
et al. [30] in 1999. The Gompertz growth [31] was modulated by
the carrying capacity, i.e., the maximum size the tumor can reach, and
was related to the size of the vasculature. Benzekry et al. [32] have
introduced the CT and AAT terms inside the mathematical framework
to assimilate the effect of such combination therapies.

Moreover, the vasculature in the TME has been characterized into
two distinct stages, i.e., the stable vessels that configure as the carrying
capacity, and the unstable vessels, which also impact on the delivery of
CT and AAT to the tumor. Through paracrine signaling, pro-angiogenic
factors such as VEGF and members of the angiopoietin protein fam-
ily increase vascular permeability and promote the sprouting of new
vessels from existing ones. These newly formed vessels referred to
as unstable vessels are composed of a thin, immature endothelial
layer prone to fenestration. As a result, they are highly permeable
and inefficient at delivering oxygen and therapeutic agents from the
systemic circulation to the tumor. Furthermore, they facilitate tumor
cell migration and metastatic dissemination [33]. In contrast, stable
asculature is characterized by more mature vessel architecture, with
ultiple endothelial layers and a functional lamina intima that helps

maintain oxygen and metabolite levels within the tumor. These vessels
contribute primarily to tumor nourishment by defining its carrying ca-
pacity and serve as more effective conduits for the delivery of systemic
drugs to the TME.

2.1. Quantitative systems pharmacology model

We complement the PD model of Benzekry [32] with the PK of
Ramucirumab (AAT agent) and Paclitaxel (CT drug) as the second-
ine treatment of patients with advanced gastric or gastroesophageal
unction adenocarcinoma. The PK–PD connection results in a Quantita-
ive Systems Pharmacology (QSP) model that enables the study of the
rug-target interactions as well as the effects of biological variability,
ncoded into model parameters, on drug efficacy. The SimBiology
oolbox version 23.2 on MATLAB® R2024b, is used for model building
nd simulation. State variables, parameters, and reactions are declared
ierarchically, i.e., inside four main compartments: the Bloodstream
nd/or the Tissue for PK reactions, the Tumor and the Vasculature for
D reactions. Fig. 1 outlines the key tumor–angiogenesis interaction

processes along with the considered drug kinetics.
3 
2.1.1. Pharmacodynamic model
The PD dynamical model consists of nine continuum ordinary dif-

ferential equations (ODEs), reported in Eqs. (1)–(9).2
The total tumor burden 𝑋 over time described in Eq. (1) is a

function of the tumor’s intrinsic growth rate reduced by tumor cell
kill rate, resulting from CT drug interaction. The fraction of actively
dividing cancer cells is defined as 𝑋1, and these cells are also suscep-
ible to chemotherapy. The first term in Eqs. (1) and (2) represents

the tumor growth function, which is mathematically derived from the
eneralized logistic differential equations [34]. The net reproduction
ate is denoted by 𝜇, while 𝑆 is the carrying capacity corresponding

to the stable or mature fraction of the vascular network capable of
supporting the tumor. In fact, the structural characteristics of S improve
the delivery of oxygen and nutrients, and facilitate the efficient removal
of metabolic waste, thereby supporting tumor growth and progression.
In addition, the term modeling the logistic growth is density-dependent
since the growth rate slows down as the total tumor size 𝑋 approaches
the carrying capacity 𝑆, as reflected in

(

1 − 𝑋
𝑆

)

, that suggests limited
esources for further growth. Finally, the term −𝑘𝑥𝑄𝐶 𝑋1 describes that
T drug 𝐶 specifically binds to active cells 𝑋1; however, non-dividing
r less-sensitive cells may still survive or adapt to treatments, which is
eflected in the parameter 𝑘𝑥 < 1, meaning that not all the cells exposed
o drug undergo mitotic arrest.
𝑑 𝑋
𝑑 𝑡 = 𝜇 𝑋

(

1 − 𝑋
𝑆

)

− 𝑘t r𝑋4 (1)
𝑑 𝑋1
𝑑 𝑡 = 𝜇 𝑋

(

1 − 𝑋
𝑆

)

− 𝑘𝑥𝑄𝐶 𝑋1 (2)

Successive compartments, 𝑋2 and 𝑋3, take into account the physiologi-
cal delay in tumor response to therapy and represent treated cells with
increasing levels of damage or senescence, while 𝑋4 represents dead
ells. Thus, we modified the original PD dynamics by introducing three
ransit state compartments, each with a rate constant 𝑘t r , governing the
ransition between states 𝑋2, 𝑋3 and 𝑋4, as described in the following
DEs (3)–(5):

𝑑 𝑋2
𝑑 𝑡 = 𝑘𝑥𝑄𝐶 𝑋1 − 𝑘t r𝑋2 (3)
𝑑 𝑋3
𝑑 𝑡 = 𝑘t r (𝑋2 −𝑋3) (4)
𝑑 𝑋4
𝑑 𝑡 = 𝑘t r (𝑋3 −𝑋4) (5)

In understanding why tumors can sometimes relapse or become resis-
ant to chemotherapy over time, it was suggested that damaged stages
𝑋2 and 𝑋3 might have a residual chance to proliferate due to repair

echanisms [35]. Therefore, the growth of 𝑋1 in Eq. (2) involves the
total alive tumor burden 𝑋, instead of just the 𝑋1 fraction.

Differently from [30], the carrying capacity 𝑆 of tumor development
is described as:
𝑑 𝑆
𝑑 𝑡 = 𝜆𝑈 − 𝜏 𝑆 (6)

where 𝜆 represents the maturation rate of unstable vessels 𝑈 , and 𝜏 is
he natural decay rate of stable vessels 𝑆. Conversely, unstable vessels

evolve according to:
𝑑 𝑈
𝑑 𝑡 = −𝜆𝑈 + 𝛾 𝑋 − 𝛿 𝐼 𝑆 − 𝑘un𝑈2 (7)

where 𝛾 represents the birth rate of unstable vessels driven by tumor-
induced pro-angiogenic signaling. However, the tumor also has an
inhibitory effect on the birth of new vessels as they compete in space
and nutrients. This negative feedback was originally modeled in the

enzekry model as −𝛿 𝑋 2
3 𝑆 [32]. In our model, this term is linearized

through a sum of inhibitory effects weighted on the residual life of

2 Through the rest of this paper, we represent constants parameters with
lowercase or Greek letters, whereas state variables with capital letters, omitting
their time dependence for the sake of notation simplicity.
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Fig. 1. PK–PD model of tumor-angiogenesis dynamic. The model describes the tumor growth kinetic modulated by intrinsic proliferative rate and extrinsic supportive vascular
network. Stable vasculature acts as carrying capacity for tumor nourishment, but also as a route for effective drug delivery. Unstable vasculature represents the tumor-induced
vessels, and matures into stable vessels. The combined therapy consists of cytotoxic agent, described by a one-compartment PK and an antiangiogenic agent, described by a
two-compartments PK.
tumor cells, with lower inhibitory power assigned to tumor states hav-
ing reduced metabolic activity, as described in the auxiliary equation
𝐼 = 0.75𝑋1 + 0.4𝑋2 + 0.1𝑋3 + 0.05𝑋4.

The terms of Eq. (7) involving 𝑋 represent the induction of an-
giogenesis, as both proliferating and damaged tumor cell populations
contribute to creating unfavorable TME conditions and promoting an-
giogenesis through tumor necrosis and hypoxia-induced factors [36].
The equation also includes angiogenesis inhibition, captured by the
feedback term 𝐼 , as previously described. In modeling advanced disease
stages, the inhibitory effects remain relatively mild compared to the
dominant pro-angiogenic stimuli, as reflected in the low value assigned
to the parameter 𝛿. The last term in the following Eq. (8) represents
the pruning of unstable vessels due to AAT drug concentration in the
bloodstream 𝐴𝑏.
𝑑 𝑈1
𝑑 𝑡 = 𝛾 𝑋 − 𝑘𝑎𝑈1𝐴𝑏𝑄 (8)

Subsequent to the exposure of 𝑈1 to AAT, a transit compartment
model brings unstable vessels to death 𝑈2 with the rate 𝑘un, in Eq. (9).

𝑑 𝑈2
𝑑 𝑡 = −𝑘un𝑈2 + 𝑘𝑎𝑈1𝐴𝑏𝑄 (9)

Hence, the new model encompasses progressive degree of damaged
states to provide a ‘‘functional’’ description of both direct, (i.e., CT), as
well as indirect, (i.e., AAT) antitumor action [28].

The circulating blood around the tumor is functionally described by
the quality of vasculature 𝑄, which measures the extent of drug perfusion
in the target tissue. It is defined as 𝑄 = 𝑆∕(𝑆 + 𝑈 ), based on the
assumption that structural integrity of stable vessel walls enhances the
distribution of systemically administered drugs to the tumor, making
them significantly more efficient than unstable vessels in delivering
therapeutic agents. Therefore, S appears within 𝑄 in the terms explain-
ing the drug exposure. Therefore, both CT and AAT effects are scaled by
𝑄. We defined the change in tumor burden as 𝛥𝑋 = (𝑋end−𝑋0)∕𝑋0, which
is the observable we use to perform the post-simulation assessment of
4 
response. The effective concentrations 𝐶 and 𝐴 of CT and AAT drugs,
i.e., Paclitaxel ‘P’ and Ramucirumab ‘R’, follow distinct PK laws, while
𝑘𝑎 and 𝑘𝑥 are scale factors of drug effects.

2.1.2. Pharmacokinetic model
Ramucirumab PK is described in Eqs. (10) and (11) by a two-

compartment model (i.e., Tissue and Bloodstream), that have different
blood perfusion rates and volume of distribution. After the intravenous
(IV) dose, the drug is distributed from the bloodstream to tissue (𝑘bt)
and then from tissue to the bloodstream (𝑘t b), by following a first-order
kinetics until equilibrium between drug concentration in the plasma 𝐴𝑏
and tissue 𝐴𝑡 is reached. Following this, both compartments undergo a
slow decline in drug concentration due to elimination (𝑘el𝑅 ).

𝑑 𝐴𝑏
𝑑 𝑡 = −𝑘el𝑅𝐴𝑏 − 𝑘bt𝐴𝑏 + 𝑘t b𝐴𝑡 (10)
𝑑 𝐴𝑡
𝑑 𝑡 = 𝑘bt𝐴𝑏 − 𝑘t b𝐴𝑡 (11)

Paclitaxel PK follows a single-compartment model, which simplifies
the body as homogeneous and with an apparent volume of distribution.
After an IV dose, the drug distributes quickly throughout the body and
then experiences biotransformation and elimination, which is described
through linear first-order kinetics (𝑘el𝑃 ) in Eq. (12).

𝑑 𝐶
𝑑 𝑡 = −𝑘el𝑃 𝐶 (12)

Reference values for PK parameters are taken or derived from the
drug label for Paclitaxel and Ramucirumab published by the Food &
Drug Administration, and are reported in Table 1.

The standard regimen is [‘PR’, ‘P’, ‘PR’], a 28-day cycle, which con-
sists of the concomitant administration of 8 mg∕k g of ‘R’ and 80 mg∕m2

of ‘P’ at days 1 and 15, and the infusion of 80 mg∕m2 of ‘P’ alone
on day 8. The drug posology refers to the patient’s weight and body
surface area (BSA), respectively. The washout period between two ‘P’
administrations is a minimum of 7 days, whereas for ‘R’, it is 14
days. The therapy response assessment occurs after three treatment
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Table 1
Pharmacokinetics parameters of ramucirumab and paclitaxel derived from the drug
labels provided by food & Drug administration.

Symbol Description Nominal Unit

𝐶𝑙 Clearance 0.506 [L day−1]
𝑉1 Blood volume 3.421 [L]
𝑘el𝑅 Elimination rate Ramucirumab 0.148 [hour−1]
𝑉2 Tissue volume 1.230 [L]
𝐾𝑐 Intercompartmental clearance 0.646 [L day−1]
𝑘bt Diffusion rate from blood to tissue 0.189 [day−1]
𝑘tb Diffusion rate from tissue to blood 0.525 [day−1]
𝑘el𝑃 Elimination rate Paclitaxel 0.071 [hour−1]

cycles through a radiological evaluation of the disease burden. Tumor
response is assessed by using the RECIST (response evaluation criteria
in solid tumors) v1.1 [37].

2.2. Sensitivity analysis

The dynamics of the model states variables are modulated by a few
key parameters or rate constants. Understanding the effects of param-
eter perturbations on the model outputs helps to verify the modeling
hypotheses and to select clinical readouts from which to measure such
parameters. The sensitivity analysis (SA) allows for the elucidation of
the relative importance of processes described in the model and can
reduce uncertainties around the model structure.

Local SA is a derivative method that quantifies the relative varia-
ion of model output with respect to small perturbations of a single

parameter value, i.e., when all the other parameters are unchanged. We
ntegrate Local SA (LSA) coefficients into the gradient-based procedure

used to calibrate model parameters, in particular, to guide the increase
or decrease of each parameter’s bounds.

In the Global SA (GSA), one or more parameters are varied si-
ultaneously over a parameter space to assess the model variability,
hich can be explained by the single and joint parameter perturbations.
obol’s method decomposes the variance of the model in single (i.e., 1st

order) and joint (i.e., 2nd, 3rd, . . . , total order) contributions. We
extracted Sobol indices over simulation time to derive some therapeutic
implications to help design virtual clinical trials.

2.3. Population data fitting

The proposed QSP model describes the PK–PD interactions at the
TME scale. While exploring the sources of treatment response variabil-
ity, different disease heterogeneity factors emerge. Among these, the
clinical behavior of two patients with the same subtype of tumor differ
due to intra-tumor or intra-metastatic heterogeneity, i.e., the presence
of mutational variants of cancer cells, that are resistant to therapy or
hat influence tumor relapse, located at the primary site or metastatic,
espectively [38].

In this work, we focus on modeling inter-patient variability, as it
ffectively captures the diversity of the clinical responses observed at
he population level. From a QSP model perspective, variability in
linical starting conditions (i.e., tumor burden, angiogenic signaling,
nd PD parameters) serves as a proxy for the aggregate impact of
nmeasured biological differences, including intra-tumor features. In
uch a context, a large enough virtual cohort consisting of an ensemble
f virtual patients (VPs) should be identified in the set of parameter
ombinations chosen for the PD model. With the inclusion of the
D effects of the specific drug regimen, we could not consider the
arameter values used in similar models found in the literature, as they
re based on the absence of therapies [32,39].

We considered data available from a multicentric South Korean
clinical trial registered in ClinicalTrials.gov as NCT04192734,
named KCSG-ST19-16 [40]. A total of 1063 advanced gastric cancer
patients that received [‘PR’, ‘P’, ‘PR’] regimen were collected from 56
 P

5 
hospitals in the period 1 May 2018–31 December 2018. The follow-
up period extends until 31 December 2019, with tumor response data
evaluated from 1048 patients. Differently from the RAINBOW phase 3
randomized clinical trial, where all patients had ECOG PS of 0 or 1,
this real-world study included patients with scores ranging from 0 to
4. Higher score values are correlated with rapidly proliferating tumors,

hich have a greater impact on the patient’s daily activities [41].
The standard dosing regimen is implemented, but the first dose of
‘R’ and ‘P’ is reduced in 10.2% and 29.9% of patients, while 42.4%
of patients underwent subsequent dose reductions, regarding ‘R’ in
22% and ‘P’ in 78% of cases. Poor ECOG PS is the most common
cause of dose reduction. The best overall response (BOR) is reported,

eaning the best response a patient reaches across all visits after
reatment starts and till cancer progression. By following the RECIST
1.1 guidelines, among the evaluable cases, there were 158 (15.1%)
omplete/partial responses, 447 patients (42.7%) with stable disease,

and 268 patients (25.6%) who experienced progressive disease. The
median PFS-2, i.e., the time at which 50% of the patients have expe-
rienced disease progression to the second-line therapy, is 4.03 months
[95% CI 3.80 – 4.27].

The tumor burden 𝑋 tends to the carrying capacity 𝑆 with an
extrinsic rate proportional to their ratio; the larger the carrying capacity
with respect to the actual tumor burden, the higher the nourishment
and proliferative speed. We modeled the clinical parameter ECOG PS
with different initial conditions for simulations, according to this rule:
{

𝑆0 ≈ 𝑋0 if 𝐸 𝐶 𝑂 𝐺 ≤ 1
𝑆0 ≫ 𝑋0 if 𝐸 𝐶 𝑂 𝐺 ≥ 2

(13)

where 𝑋0 and 𝑆0 stand for the values of state variables 𝑋 and 𝑆 at time
= 0.

Due to the highly nonlinear nature of the proposed PK–PD model
and the scarcity of data, we propose a two-step calibration phase, which
s described in detail in Appendix A. The first phase aims to search plau-
ible parameter bounds to simulate tumor burden trajectories falling

within complete/partial response, stable disease, or progressive disease
and is presented in Algorithm 1. Subsequently, a fine-tuning quanti-
tative phase, which is provided in Algorithm 2, has been designed to
refine parameter bounds and build such a virtual cohort that represents
heterogeneous, real-world patients. The objective is to build a virtual

aplan–Meier PFS-2 curve that matches, within an acceptable range,
he one registered in the nationwide clinical trial.

2.3.1. Verification cohort
Upon model calibration with population data retrieved from the

CSG-ST19-16 study, the PFS-2 pattern registered in the digital twin
population was also compared with the one observed in an independent
eal-life cohort. This cohort consists in 53 patients with pathologically
onfirmed diagnosis of advanced or metastatic gastric cancer, enrolled
t the IRCCS Research Hospital National Institute of Gastroenterology
‘S. De Bellis’’, in Italy, that we named DBGC (De Bellis Gastric Cancer).
he 55% of patients presented ECOG PS equal to 0, the 35% equal
o 1, and 10% equal to 2. The second-line standard dose scheduling
egimen [‘PR’, ‘P’, ‘PR’] is followed until disease progression or the
ccurrence of adverse events, resulting in a median PFS-2 of 180 days.
he study was conducted according to the guidelines of the Declaration
f Helsinki. The study was approved by the ethics committee of the
RCCS ‘‘S. De Bellis’’ (prot. n. 139/c.e. 28-06-2017). Written informed
onsent was obtained from all patients for clinical data collection.
o assess the generalizability of the virtual patients dynamics, we
easured the total and the maximum absolute deviation between the
BGC, the KCSG-ST19-16, and the calibrated population Kaplan–Meier
FS-2 curve.
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2.3.2. Mathematical predictive biomarker
The simulated dynamics span 121 days under the first cycles of

pharmacological therapy. If we assume that the therapy functions are
constant: 𝐶̄ , 𝐴̄, we can study the quasi-steady PD model solutions to
erive a quantitative biomarker with predictive value.

𝑑 𝑋
𝑑 𝑡 = 0 → 𝑥̂ =

(

1 − 𝑘𝑥𝑞𝐶̄
𝜇

)

𝑠̂ (14)

𝑑 𝑈
𝑑 𝑡 = 0 → 𝑠̂ =

𝜇
𝛾

(

𝜆 + 𝑘𝑎𝑞 ̂𝑠𝐴̄
𝜇 − 𝑘𝑥𝑞𝐶̄

)

𝑢̂ (15)

The Eq. (14) states that the tumor volume 𝑥̂ is proportional to the
supportive vessel network 𝑠̂, which is dependent on the ratio of intrinsic
rowth of the tumor 𝜇, scaled by pro-angiogenic signaling 𝛾, as defined
n Eq. (15). We investigate whether the distribution of 𝜇×𝛾−1, a ‘‘math-
matical biomarker’’ [19], facilitates the early prediction of therapeutic
utcomes of CT and AAT combination therapy, across the wide param-

eter space of possible patients and tumor conditions. We considered
three classes of response defined by the RECIST v1.1 criteria among the
BORs, i.e., progressive disease, stable disease, and a combined category
of partial and complete response. The latter grouping is chosen because
cases of tumor cure in advanced stages of disease account for less than
1%. The distributions of 𝜇 × 𝛾−1 were stratified by patient response
and compared using the non-parametric Wilcoxon rank-sum test, with
a significance level of 𝛼 = 0.05.

In addition, by further joining stable disease with partial/complete
response, a binary classifier was optimized to predict responder versus
non-responder probability. The classifier threshold was selected by
maximizing Youden’s J statistic since a balanced optimization between
sensitivity and specificity was desired. Subsequently, the Receiver Op-
erator Classifier (ROC) curve was plotted, and its area under the curve
(AUROC) was measured.

Finally, a Kaplan–Meier curve was generated for 𝜇 × 𝛾−1 from
he TTP and event data in the virtual population. The cutoff was
ptimized through the maximally selected rank statistics, by using the
urvcutpoint [42,43] function from the survminer R package (v.

0.4.9). Next, a univariate Cox regression model was fitted to assess the
association of 𝜇 × 𝛾−1 with high-risk and low-risk progression groups.

2.4. In silico investigations of adaptive therapy schedules

We adopted the calibrated QSP model to prospectively simulate
the effects of untested therapy schedules [44] on the twin population
resulting from the Algorithm 2. The alternative treatments are extrap-
olated by considering the kinetics of tumor-angiogenesis processes as
well as the dynamic adaptations of TME to ongoing treatment combina-
tions. The sequential approach is quantitatively implemented, working
on the vessel normalization hypothesis, while a time-varying TME digital
marker assisted in personalizing the timing of chemotherapy adminis-
tration. The quality of vasculature is proposed as a time-resolved and
patient-specific biomarker. The first ‘R’ infusion induces a structural
and functional reorganization of TME vessels, which is synergic to CT
drug action. Therefore, the following CT dose is administered the day
in which an increase of 1.5% in the quality of vasculature is registered;
this aspect is illustrated in the following Fig. 2. The threshold reli-
ably identifies the earliest day from which the quality of vasculature
begins to increase, ensuring timely intervention that maximizes drug
elivery while minimizing the risk of promoting tumor growth through
remature vessel stabilization.

The alternative regimens are clinically feasible, as they respect the
required washout periods, at least 7 days between two ‘P’ and 14
ays between two ‘R’ infusions [45]. Additionally, for both drugs they
nvolve a dose exposure that is lower or, at most, equal to that provided
y the standard regimen. The total amount of ‘R’ and ‘P’ is measured for

each schedule through the area under the concentration curve (AUC),
which represents the overall amount of drug in the bloodstream over
time, as described by the PK model.
 t

6 
Table 2
Deviation of PFS-2 Kaplan–Meier curves between real-world KCSG-ST19-16, i.e., the
training cohort, DBGC, i.e., the verification cohort, and the virtual population.

Compared Kaplan–Meier curves Max absolute error Mean absolute error

KCSG-ST19-16 vs. virtual 0.0824 0.0349
DBGC vs. virtual 0.1291 0.0558
KCSG-ST19-16 vs. DBGC 0.1399 0.0633

The three explored regimens are described in the following. The CT
administrations whose timing is triggered by the increase in the quality
of vasculature are marked in bold.

1. (‘𝑅’, ‘𝐏’, ‘𝑃 𝑅’ ) where ‘R’ is administered at 𝑑 𝑎𝑦𝑅, ‘P’ adaptively,
and the last concomitant infusion ‘PR’ at day max(𝑑 𝑎𝑦𝑅 +
14, 𝑑 𝑎𝑦𝑃 + 7) to ensure the washout period is respected;

2. (‘𝑅’, ‘𝐏’, ‘𝑃 𝑅’, ‘𝐏’ ) differs from the previous for the addition of
a third dose of ‘P’ at the end of cycle. Both ‘P’ administrations
are adaptively scheduled. The concomitant infusion ‘PR’ is at
day max(𝑑 𝑎𝑦𝑅 + 14, 𝑑 𝑎𝑦𝑃 + 7) to ensure the washout period is
respected; the last ‘P’ occurs at least 7 days after the previous
one.

3. (‘𝑃 ’, ‘𝑅’, ‘𝐏’, ‘𝑅’ ), is the only schedule anticipating ‘P’ to ‘R’.
These administrations are fixed 7 days apart, while the following
‘P’ is administered adaptively. The last ‘R’ is administered 14
days after the previous one.

Remarkably, such cycles exploit the patient-specific therapeutic win-
dow, have a variable duration, and are designed with schedule adjust-
ments aimed at maximizing the TTP.

3. Results

3.1. The twin population recapitulates the response rate of real-world co-
horts

The calibration phases described in Algorithms 1 and 2 charac-
erized a virtual population with heterogeneous starting conditions,
hose tumor and vascular dynamics are modulated differently within

he parameter ranges provided in Table 3. The quadratic form of the
bjective functions in both algorithms facilitated rapid convergence to
cceptable solutions within a few hundred iterations and under the
pecified tolerance thresholds. Within the provided parameter ranges,
o VPs exhibit physically implausible characteristics, and the numerical
ntegration of the ODEs remains accurate throughout the simulation
nterval.

Monte Carlo simulations help reproduce the inter-patient variability
of the calibration cohort, i.e., the KCSG-ST19-16 trial [40]. Table 2
summarizes the quantitative deviations between the Kaplan–Meier
curves of PFS-2. In Fig. 3, the Kaplan–Meier curves for both the real
nd simulated cohorts are overlaid, resulting in five crossing points. The

median PFS-2 in the virtual cohort is 121 days, with 95% CI [118.9–
23.1], calculated by bootstrapping; the maximum absolute error in
FS-2 probability is 0.0824, while the mean absolute error is 0.0349.

Moreover, the differences between the Kaplan–Meier curves of the
outh Korean cohort and the DBGC can be assessed; the maximum and
ean absolute errors are 0.1399 and 0.0633, respectively. Remarkably,

he relatively small maximum (0.1291) and mean (0.0558) absolute
rrors between the Kaplan–Meier curves of the DBGC cohort and the
imulated population suggest that the latter offers a reliable indicator
or the PFS-2 trend of KCSG-ST19-16 and DBGC real-world cohorts. The
ower error values highlight that the virtual population can be used
ith confidence for further analyses or predictions, as it recapitulates

he heterogeneity and response rate of patients in such diverse cohorts.
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Fig. 2. Design of adaptive dose schedules for Ramucirumab and Paclitaxel combination therapy, by monitoring the quality of vasculature, a TME marker used to trigger the
cytotoxic administration. Tumor neovasculature is tortuous, with abundant unstable vessels, erratic blood flow, and leakiness. Antiangiogenic agents help recover vessel integrity
and functionality. Alternative regimens 1 and 2 work on the vessel normalization theory, in which Ramucirumab is administered before Paclitaxel to restore some of the structure
and function properties of vessels, based on the assumption that normalized vessels provide more efficient routes for drugs.
𝑥

Fig. 3. Kaplan–Meier curves of TTP in the second line combination therapy. The
simulated cohort is calibrated on the nationwide South Korean cohort named KCSG-
ST19-16. There are five crossing points between respective curves, including the median
PFS-2 of 121 days. The DBGC local cohort is compared against the simulated and KCSG-
ST19-16 data and a lower discrepancy is observed with the simulated cohort.

3.2. GSA suggests therapeutic targets

To quantify the key players of the dynamics of 𝑋 and 𝑆 that
interfere with the CT-AAT combined treatment, a GSA is performed
with the set of PD parameters in Table 3. First-order Sobol indices,
along with the fraction of unexplained variance, are summarized in
Fig. 4a. The analysis covered the early stages of the tumor as well
as the middle-term growth [19]. For the early tumor stage, 𝜇 has the
highest contribution to explain the model output variance regarding 𝑋,
as reflected by the first-order Sobol index. In contrast, during treatment,
i.e., for later tumor stages, the parameters associated with angiogenesis,
i.e., 𝜆, 𝛾 gain higher sensitivities with respect to intrinsic tumor growth,
consistent with the findings in [46]. The first order Sobol index reveals
that 𝜆 is the major determinant of the expanding carrying capacity
𝑆, while for later phases, the crosstalk with angiogenesis process (𝛾)
is increasingly responsible for the variation of model responses. For
both 𝑋 and 𝑆 dynamics, 𝜏 gives a small contribution to model output
variance; however, the residual variability, which is an unexplained
variance, tends to increase during simulation, suggesting non-linear
interactions between parameters. In Fig. 4b, the first and total-order
7 
Table 3
Pharmacodynamic parameters derived from the calibration phases.

Symbol Description Range Unit

𝜇 Tumor growth rate [0.100, 0.300] [day−1]
𝜆 Vessel maturation rate [0.009, 0.030] [day−1]
𝛾 Tumor-induced angiogenesis [0.016, 0.110] [day−1]
𝜏 Vessel degradation rate [0.002, 0.009] [day−1]
𝛿 Tumor-inhibited angiogenesis 5.73e−08 [day−1 cell−1]
𝑘t r Tumor death transit 0.087 [day−1]
𝑘unst Vessel death transit 0.040 [day−1]
𝑘𝑥 Cytotoxic scale factor 0.008 [mL ng−1 day−1]
𝑘𝑎 Antiangiogenic scale factor 1 [mL ng−1 day−1]

Sobol indices explain the variance decomposition of Change in tumor
burden, by involving single as well as overall parameter interactions.
The fact that total-order Sobol indices are much higher than first-order
ones highlights that the interactions among biological processes are
crucial to understanding and predicting the dynamics of the system.
The 𝛾 parameter has the highest magnitude of Sobol indices, which
suggests angiogenesis as the key mechanism for escaping treatment
response to the standard drug regimen, corroborating our preliminary
results [47].

3.3. 𝜇 × 𝛾−1 as predictive biomarker

Fig. 5a shows the categorization of VPs treatment responses by
considering the normalized change in tumor burden signal 𝑥̄. The
response thresholds are defined according to the RECIST v1.1 response
assessment criteria about the volume, defining progressive disease if
̄ ≥ 0.73, stable disease if −0.66 < 𝑥̄ < 0.73, partial/complete response
otherwise. These are indicated by dashed lines, while for each response
group, solid line and shaded area represent the median and standard
deviation, respectively. Under these definitions, Fig. 5b groups 𝜇 × 𝛾−1

parameter expressions in the relative response boxplots. The Wilcoxon
test assessed a statistically significant different expression between
patients that will be non-responder and patients with control of disease,
with 𝑝-value < 0.001. The subgroup of patients with partial/complete
response has qualitatively higher values of 𝜇 × 𝛾−1 than the others, but
non-significantly. This can be attributed to the small size of this group,
as expected from a cohort of patients with advanced disease.

Therefore, to balance the sample sizes and to accommodate clinical
situations, we considered as binary endpoints the non-responder and
the responder classes. ROC analysis in Fig. 6a showed high accuracy
in patient classification, with an AUROC equal to 0.801. Moreover, the
optimal cutoff value for 𝜇×𝛾−1 corresponds to the maximized Youden’s
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Fig. 4. Global sensitivity analysis under the standard combination regimen. (a) Evolution of first-order Sobol indices. (b) Comparison of first and total order Sobol indices for
Change in tumor burden.
Fig. 5. Patient response categorization and statistical comparison of 𝜇 × 𝛾−1 expression among progressive disease, stable disease, and partial/complete patient response. (a)
Normalized change in tumor burden 𝑥̄ classified as progressive disease if 𝑥̄ ≥ 0.73, stable disease if −0.66 ≤ 𝑥̄ < 0.73, or partial/complete response. The solid line represents the
median, and the shaded area corresponds to the median absolute error. (b) The distributions of 𝜇× 𝛾−1, stratified by patient response, were compared using the Wilcoxon rank-sum
test, with a statistical significance threshold of 𝛼 = 0.05.
J statistics 3.075. We further assessed the predictive power of the
parameter in stratifying the whole virtual population into high-risk and
low-risk progression groups through Cox regression and Kaplan–Meier
analysis. The log-rank test resulted in a 𝑝-value < 0.0001.

Notably, 𝜇×𝛾−1 contains information from two main culprits of dis-
ease; the 𝜇 parameter is a proxy for tumor aggressiveness and the ability
of the tumor to escape programmed cell death, whilst the 𝛾 parameter
quantifies how tumor and TME sustain angiogenesis, i.e., the expansion
of the vascular network around the tumor. We found that their inter-
action, 𝜇 × 𝛾−1, is predictive for the specific response to a combined
CT-AAT therapy; the success of such a treatment protocol hinges on the
balance between these two processes. A higher influence of angiogene-
sis with lower 𝜇× 𝛾−1 maps into a poorer response to therapy, whereas
a lower angiogenic signaling, i.e., a higher 𝜇 × 𝛾−1, matches with the
likelihood of disease control. This confirms the shortcomings of the
actual regimen suggested by the GSA and would encourage a dose
re-scheduling to improve the therapy benefit even for those patients
having unfavorable prognosis, i.e., with sustained angiogenesis.

3.4. Quantitative evaluation of adaptive schedules

We next sought to explore whether a set of clinically feasible
regimens can establish a cohort-level improvement in PFS-2 over the
baseline regimen. These regimens share a common tract: they split
the first concomitant administrations ‘RP’, and apply adaptive timing
scheduling. Both PD efficacy of treatment through survival analysis,
8 
as well as the costs related to PK exposure across the whole virtual
population, were measured, as shown graphically in Fig. 7. The median
number of days for ‘P’ administration later than ‘R’ administration is
found 3 days, in considerable agreement with what is considered in the
phase-III trial [13].

The first adaptive regimen, (‘𝑅’, ‘𝐏’, ‘𝑃 𝑅’ ) exploits the patient-
specific therapeutic window opening after ‘R’ administration for the
‘P’ infusion, in each of the simulated cycles. The Kaplan–Meier analysis
shows indistinguishable PFS-2 curves (𝑝-value = 0.62), despite the lower
number of CT infusions, which amount to 2 instead of the canonical
3 in each cycle. This highlights that AAT normalizes vessels in the
TME, and consequently amplifies the effects associated to the CT agent.
The area under the plasma ‘P’ concentration over the 121 days had
median values around 1000 mg and 1600 mg for the alternative and
standard regimens, respectively. Such reduced doses may also provide
an opportunity for additional patients with poor ECOG PS to gain
access to therapy. The second adaptive regimen, (‘𝑅’, ‘𝐏’, ‘𝑃 𝑅’, ‘𝐏’ )
improves the overall response quality beyond the standard protocol
with a robust statistical significance 𝑝-value < 0.0001. Both ‘P’ alone
doses are administered by monitoring the quality of vasculature in each
VP after the ‘R’ and ‘PR’ doses, respectively. Although individuals
remained on treatment longer, the total amount of drug administered
did not differ from the standard protocol. In contrast, the third adaptive
regimen, (‘𝑃 ’, ‘𝑅’, ‘𝐏’, ‘𝑅’ ) is designed to verify whether a first ‘P’
infusion could weaken the crosstalk with angiogenesis and sustain
the subsequent ‘R’ dosing. The number of ‘P’ infusions is reduced to
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Fig. 6. Model combined parameter 𝜇×𝛾−1 reliably predict patient’s quality of response. (a) ROC analysis for binary classification of responder versus non-responder patients during
the first four months of treatment is used to quantify the area under the ROC curve. The threshold is selected by maximizing Youden’s J statistic. (b) Univariate Kaplan–Meier curve
of risk stratification with respect to TTP. The feature is binarized with a cut-off found trough maximally selected ranked statistics. The 𝑝-value from the log-rank test quantifies

the separation between groups.
Fig. 7. Exploration of a set of clinically realizable combination regimens across the same virtual population. In the upper panel, the Kaplan–Meier curves of PFS-2 are provided to
compare the standard regimen (‘𝑅𝑃 ’, ‘𝑃 ’, ‘𝑃 𝑅’ ) with each alternative schedule. In the lower panel, the corresponding area under the plasma drug concentration (dg) are reported

for ‘P’ and ‘R’, along with the PFS-2 intervals expressed in days.
2, spaced roughly 10 days apart within each cycle. The second ‘P’
administration is adaptively designed. However, it does not extend the
TTP for patients, with the Kaplan–Meier curve lying below the one of
the standard regimen; the median PFS-2 is 118 days.

Fig. 8 shows the PFS-2 comparing the alternative treatment alone,
but when the infusions have fixed schedules, i.e., spaced 7 days apart
as in the standard protocol, and when the automatic algorithm design
the ‘P’ infusions adaptively with respect to the therapeutic window.
While the adaptive scheduling does not increase the competitiveness of
first and third regimens, the second regimen, (‘𝑅’, ‘𝐏’, ‘𝑃 𝑅’, ‘𝐏’ ), takes
considerable advantage of such time-adjustable scheduling, with an
associated significant 𝑝-value = 0.008. More specifically, the advantage
of this protocol is related not only to the benefit from the normalization
9 
window approach, as demonstrated also by the efficacy/exposure rela-
tionship of (‘𝑅’, ‘𝐏’, ‘𝑃 𝑅’, ‘𝐏’ ), but is also enhanced by the delivery of
more than one flexible CT administration. These two factors concur to
increase the synergy between therapies.

We next attempted to identify an alternative regimen targeted for
a specific subgroup of ECOG PS patients. The change in tumor burden
across the whole virtual population is matched with the RECIST v1.1.
thresholds, and with the drug schedule, as shown in Fig. 9. We found
that (‘𝑃 ’, ‘𝑅’, ‘𝐏’, ‘𝑅’ ) leads to conspicuous escape response, with es-
cape occurring in two thirds or more of the virtual population, while
the first and second regimen got an optimal result, taking the majority
of results of disease control and partial response. Remarkably, these
results are confirmed in both ECOG PS groups, although the baseline
functionally different status of the VPs.
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Fig. 8. Adaptive combination schedule, guided by the quality of vasculature is compared with the fixed timing schedule, consisting in 7-day interval between infusions.
Fig. 9. Combination therapy responses registered in the virtual subgroups of patients having different ECOG PS, treated with the adaptive schedules. Horizontal dashed lines

indicate the threshold for stable disease and partial/complete response.
4. Discussion

Recent advancements in computational oncology involve the devel-
opment of QSP models with the aim to expand the patterns observed
in real clinical cohorts for testing and measuring the feasibility of new
drug regimens tailored for specific patient conditions. Such approaches
exploit a large enough cohort of digital twins to help clinical investiga-
tors and oncologists select the pharmacological combination protocols
that deserve further exploration in clinical trials [48].

In this study, a modified version of Benzekry’s model is proposed,
which integrates PK–PD dynamics to simulate and predict the outcome
of untested treatment schedules shortly after the start of therapy. We
defined a scalable, two-step algorithm designed to select the appro-
priate parameter bounds and initial conditions to accurately replicate
treatment response fractions suitable to represent a cohort of heteroge-
neous patients, i.e., described by ECOG PS, followed by a fine-tuning
on the PFS-2 Kaplan–Meier curve to enhance similarity. The population
patterns of response are compared with those registered in a cohort
from an Italian research hospital, named DBGC. The reduction in both
maximum and mean absolute deviation, i.e., from 0.139 to 0.129 and
from 0.063 to 0.056, respectively, hinted the virtual population can
help predict PFS-2 patterns of independent real-life cohorts. Upon the
calibration against the PFS-2 registered in a nationwide South Korean
advanced gastric cancer cohort, the sensitivity analysis hinted that the
actual standard combination regimen could just delay cancer outgrowth
but lose efficacy in advanced and densely vascularized disease stages.
This finding is also corroborated by a new mathematical biomarker,
𝜇 × 𝛾−1, that highlights how the success rate of the standard proto-
col hinges on the balance between intrinsic tumor proliferative rate
and induction of angiogenesis, with poorer prognosis registered when
angiogenic switch predominates. Given the potential to improve cohort-
level PFS-2, alternative regimens are selected from the overall possible
combinations under the supervision of expert oncologists. The new
schedules considered the sequential administration of AAT and CT ther-
apy, running on the hypothesis of vascular normalization, i.e., exploiting
10 
the transient phase of TME vessel adaptation. To this aim, we further
developed a TME digital marker, the quality of vasculature, which is in-
tended to automatically individualize the right time for the CT infusion
after the AAT in a patient-specific simulation. To our knowledge, this
is the first quantitative workflow that can non-invasively identify this
‘‘window of opportunity’’ by prospectively running simulations of TME
dynamics during tumor progression, to generate personalized schedules
that adhere to pharmacological constraints.

It is worth underlining that the training and verification cohorts
have different baseline characteristics, as demonstrated in other studies
comparing Asian and Western groups [49]. These cohorts had previ-
ously undergone multiple and varied treatments, including surgery,
before receiving second-line systemic therapy with Ramucirumab and
Paclitaxel. Notwithstanding such real-world complexity, the model
showed improved accuracy in both population pattern distillation.

Among the different schedules, those anticipating AAT to CT showed
improvement in efficacy or in the cost of therapy; (‘𝑅’, ‘𝐏’, ‘𝑃 𝑅’ )
achieved comparable results as the standard protocol by using three
less ‘P’ administrations in each 28-day cycle, while (‘𝑅’, ‘𝐏’, ‘𝑃 𝑅’, ‘𝐏’ )
significantly improved (𝑝-value < 0.0001) PFS-2 probability from 49.2%
to 60.9% after 121 days from the start of therapy, without incrementing
the dose exposure. The first regimen may be suitable for patients
for whom limiting doses, and in particular CT-related side effects,
would increase the length of therapy compliance and quality of life.
The second regimen would be appropriate for patients with better
performance status, who are able to adhere to standard therapy doses
and have expected benefits. Such regimens enhance the synergistic
interaction between drugs, strengthening the cytotoxicity of tumor
cells. On the contrary, (‘𝑃 ’, ‘𝑅’, ‘𝐏’, ‘𝑅’ ) does not provide successful
results.

The simulated adaptive regimens are evaluated early in the therapy
time, which allowed us to approximate the VP parameters as constants.
Remarkably, it should be assumed that treatment intervention modifies
the patient tumor biology and that the model should be re-calibrated
after a significant period or magnitude of therapies.
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4.1. Limitations

A potential limitation of the model is the lack of distinct growth
ynamics of individual metastatic sites, as all lesions were represented
ollectively within a single total tumor burden variable. Furthermore,
ncorporating a physiologically-based PK model could enhance the
ccuracy of predicted drug concentration profiles and better account for
rug–drug interaction mechanisms. In order to be applied to patient-
pecific trajectory prediction, the framework needs validation to sup-

port individualized parameter estimation from multimodal data.

5. Conclusions

Continuous advances in mathematical and computational oncology
re sustaining new bench-to-bedside personalized paradigms. Among
hese, digital twin applications in clinical trials are aimed at finding
ptimal dosing and treatment regimens that can lead to improved out-
omes for real patients. This study provide the basis for clinical trans-

lation of an existing pharmacokinetic-pharmacodynamic model and
proposes new adaptive combination schedules that showed encourag-
ing results in a virtual clinical trial of advanced gastric cancer patients
that recapitulates different tumor signatures. Specifically, we showed
that the chemotherapeutic efficacy benefits from the antiangiogenic-
nduced vessel normalization; thus, the order and timing of administra-
ion have been optimized by providing a quantitative pharmacometrics

tool.
Our findings highlight a prolonged time-to-progression for the two

COG PS groups we considered, without additional costs in the total
rug exposure. It is particularly promising for the design of late lines
f therapy, which should be carefully controlled since the combined
ytotoxic and antiangiogenic agents are among the few approved ther-
peutic options for patients. Furthermore, our framework only relies on
ew interpretable parameters that could be measured from available
atient data before the start of treatment, such as blood circulating

markers and histopathological imaging features.
Future work will promote the practical identifiability of model pa-

ameters, directly from clinically-available biomarkers extracted from
maging and molecular data, bridging the real patient with its own rep-
esentative digital replica to enable a prompt evaluation of prognosis.
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Appendix A. Calibration procedure

A.1. First phase

The first calibration phase is detailed in Algorithm 1. The inputs to
the algorithm include the number of VPs, 𝑁 , the number of patients

ith high or low ECOG PS: 𝜙low and 𝜙high, beside 𝛺PC, 𝛺SD, 𝛺PD,
hich corresponds to the number of patients having partial/complete

esponse, stable disease, or progressive disease in the target population.
he parameters used are the number of simulated days 𝐿, the tolerance
hreshold, 𝜖, and 𝜅, and 𝜁 , which are the physiological ranges for weight
nd BSA of VPs. The PD parameters (rate constants) are varied to
reate different VPs, starting at iteration 0 from 0 = {𝜇0, 𝛾0, 𝜆0, 𝜏0},
hich encompasses the starting ranges for each parameter. Parameters

hat are varied include different tumor growth rates, tumor-inducible
ngiogenesis, transition rates between vessels phenotypic states, and
et vessel destabilization rate.

Input ranges of the PD parameters were chosen as follows. Param-
eter input ranges for 𝜇0 and 𝜆0 were selected by considering symmet-
rical intervals centered around nominal values reported in the litera-
ture, based on in-vivo studies of tumor growth under pharmacological
regimens.

The nominal value for tumor growth rate (𝜇 = 0.273 day−1) was
derived from the work of Simeoni et al. [28], where it was associated
with tumor dynamics described by a transit compartment model in
adenocarcinoma-bearing mice treated with IV Paclitaxel.

The nominal value for parameter 𝜆 (0.00203 day−1) was found in
the work of Mollard et al. [50], based on animal experiments involving
86 orthotopically xenografted breast cancer mice undergoing concomi-
tant treatment with Bevacizumab (another anti-angiogenic agent) and
Paclitaxel.

Parameter input ranges for 𝜏0 and 𝛾0 were not directly chosen
using nominal values. Although exploratory fitting suggested that the
parameter 𝜏 had negligible effects [50], we chose to explore its values
in the range 𝜏0 = [10−3, 10−2] day−1. This choice reflects the inclusion of
both U-to-S maturation (𝜆) and spontaneous S degradation (𝜏) processes
n the model.
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For the angiogenesis-inducing parameter 𝛾, the values reported
n the literature were not directly applicable, since previous studies

focused on localized tumor models rather than advanced cancer stages
haracterized by active neoangiogenesis. Therefore, we initialized 𝛾
ithin the interval 𝛾0 = [0.03, 0.2] day−1, based on our preliminary

easibility analysis.
The algorithm initializes an empty population , as well as the

counters of responses in the virtual population, 𝛺̂PC, 𝛺̂SD, 𝛺̂PD. Then, it
derives the relative frequency for both ECOG groups, 𝑃 low

𝜙 and 𝑃 high
𝜙 .

 and  are Latin hypercube sample matrices [51]; the function
lhsdesign(𝑎, 𝑏) generates 𝑎 points between 0 and 1 from 𝑎 equiprob-
ble partitions (hypercubes). The first two columns of  are used to
ssign each VP to a high or low ECOG PS group and to sample initial

conditions, body weight and BSA, while the last numel(0) columns
are used to densely sample parameters within the ranges provided.
Moreover, each element in the  matrix samples reduced doses for
each VP in the high-ECOG group, from the ranges provided for ‘R’,
e.g., 5 −7.5 mg∕k g and 35 −75 mg∕m2 for ‘P’. Each VP𝑖 has weight𝑖 and
BSA𝑖 obtained from uniform random sampling of their ranges, 𝜅, and

according to the same coefficient (𝑖,1). Then, VP is assigned to the
ow ECOG group if 0 ≤ (𝑖,2) ≤ 𝑃 low

𝜙 and will receive standard doses,
therwise to the high ECOG group, and will receive reduced doses;
oreover, the starting conditions 𝑆0, 𝑋0, 𝑈0 are selected according to
q. (13). The PD parameters array is sampled and then the numeric

integration of ODEs is run by using ode15s solver. 𝛥𝑋 determines the
response class for VP. We translate the RECIST v1.1 threshold referred
to axis diameter with the corresponding variations of tumor volume;
thus, −30% in the linear scale corresponds to a ≈ −66% of volume and
defines a complete/partial response, while an increase of +20% in the
xis diameter, corresponding to ≈ +73% of tumor volume, defines the
rogressive disease [37]. Therefore, −0.66 < 𝛥𝑋𝑖 ≤ 0.73 defines a stable
isease. After simulating 𝑁 VPs, we measured the mismatch between

the target responses, i.e., 𝛺PC, 𝛺SD, 𝛺PD, and the actual responses,
𝛺̂PC, 𝛺̂SD, 𝛺̂PD. The 𝑖t h element of the VPs array, 𝑉 𝑃 𝑖, is updated using
the element 𝑖

𝑘 of the virtual population. At each iteration 𝑘, if the
squared sum of mismatches regarding the three classes gets greater than
𝜖, the new array of parameters, 𝑘, is obtained by using a gradient-
based rule. First, local sensitivities of 𝑋 are calculated around each of
the parameter values sampled in the virtual population 𝑘. Then, these
time-variant sensitivities are summed to obtain a signed magnitude
of the parameter’s influence, in order to determine if the parameter
bounds should be reduced or increased. Lastly, the mean value over
population summarizes the overall sensitivity of parameter in the range
studied; 𝛩𝑘

=
(

𝜕 𝑋
𝜕 𝜇𝑘 ,

𝜕 𝑋
𝜕 𝛾𝑘 ,

𝜕 𝑋
𝜕 𝜆𝑘 ,

𝜕 𝑋
𝜕 𝜏𝑘

)

. Then, the following updating rule is
applied, which considers the gradient of the cost function:
𝑘 ← 𝑘−1 − 2 × ((

𝛺PC − 𝛺̂PC
)

+
(

𝛺SD − 𝛺̂SD
)

+
(

𝛺PD − 𝛺̂PD
))

× 𝛩𝑘

A.2. Second phase

The result of the first phase consists of a range of predictions
from the model matching the desired distribution of therapy outcomes.

owever, since the reference study KCSG-ST19-16 [40] provides the
BORs reached during the 19 months of follow-up, we cannot consider
this information equivalent to 𝛺PC, 𝛺SD, 𝛺PD. For this reason, our fitting
procedure continues in the Algorithm 2, where the digital twin popula-
ion  is calibrated against the PFS-2 Kaplan–Meier curve, windowed
n the first 121 days.

The ranges of parameters of the PD model have been constrained
to efficiently generate physiologically reasonable VPs. In the following
Algorithm 2, we illustrate the steps used to increase the likelihood of
observing such outcomes in the real world, i.e., by fine-tuning on the
KCSG-ST19-16 real cohort, to consequently simulate and predict the
outcomes of new schedules. We selected the Kaplan–Meier method to
alibrate the virtual population; it handled censoring data distribution

to adjust the probability of disease progression during the treatment. A
virtual Kaplan–Meier curve is optimized by considering the uncertainty
 a

12 
related to censored patients, to accurately generate a probabilistic
estimator of the TTP. The time window considered is 𝐿 = 121 days,

hich corresponds to the 50% progression-free time of the real cohort.
rogression-free probability curve over time is extracted from the pub-
ished plot in [40] by using WebPlotDigitizer [52], which constitutes
K Mt r ue. Multiple sampling time points, 𝑁𝑡, are used to compare real and
simulated PFS-2 curves. The other input parameters are the maximum
cumulative absolute error, 𝜎, between PFS-2 curves, and 𝜌, which is the
threshold for considering disease progression, i.e., 0.73 by following
the RECIST criteria v1.1. The Algorithm 2 starts with the virtual
population  defined in the previous step and refines it to  . For
each patient, the relative change in tumor burden 𝑥̂ is calculated from
the tumor dynamics 𝑥 obtained by solving the ODEs. Then, the time to
progression, if present, is retrieved from the signal 𝑥̂, by comparing it
with the threshold 𝜌. The time index array is re-initialized every time
̂ goes under the threshold, ensuring that only the periods long up to
the end of simulated time, where the signal is above the threshold, are
tracked. This avoids the cases known as ‘‘pseudoprogressions’’, where a
greater response can be achieved after an initial progression. Therefore,
the first index of such an accumulator array is the time before the
event progression occurs, i.e., (t t p(𝑖) ← ar r (1); pe(𝑖) ← TRUE). Other-
wise, with 20% probability, a censoring time is sampled during the
simulation, which leads to (t t p(𝑖) ← 𝚌𝚎𝚒𝚕(𝚛𝚊𝚗𝚍() × 𝐿); pe(𝑖) ← FAL SE).
The couple is stored in the twin patient TP𝑖, copying the other elements
from the virtual patient VP𝑖. After iterating over virtual population, the
Kaplan–Meier curve, K Msim, is calculated using survival R package
v.0.4.9). At each iteration, the absolute error is calculated based on
he days in the array 𝑁𝑡, and summed; while the stopping criteria
re not satisfied, the parameter bounds are updated according to the
ensitivities 𝛩𝑘

.

Table of abbreviations

Abbreviation Definition
AAT Antiangiogenic Therapy
AUROC Area Under the ROC Curve
AUC Area Under the Concentration Curve
BOR Best Overall Response
CT Cytotoxic
DBGC De Bellis Gastric Cancer
DPO Dynamic Precision Oncology
ECOG PS Eastern Cooperative Oncology Group

Performance Status
GSA Global Sensitivity Analysis
IV Intravenous
LSA Local Sensitivity Analysis
ODEs Ordinary Differential Equations
P Paclitaxel
PK–PD Pharmacokinetic–Pharmacodynamic
PFS Progression-Free Survival
QSP Quantitative Systems Pharmacology
R Ramucirumab
RECIST Response Evaluation Criteria in Solid Tumors
ROC Receiver Operator Classifier
SA Sensitivity Analysis
TME Tumor Microenvironment
TTP Time to Progression
VEGF Vascular Endothelial Growth Factor
VEGFR2 VEGF Receptor-2
VP Virtual Patient

Appendix B. Supplementary data

Supplementary material related to this article can be found online
t https://doi.org/10.1016/j.cmpb.2025.108919.
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Algorithm 1: Development of the VP
Input: 𝑁 , 𝜙low, 𝜙high, 𝛺PC, 𝛺SD, 𝛺PD
Parameters: 𝐿, 𝜖, 𝜅, 𝜁 , 0 = {𝜇0, 𝛾0, 𝜆0, 𝜏0}
Output:  = {VP1,VP2,… ,VP𝑁}

1  ← ∅
2 Initialize therapy response counters:

𝛺̂PC ← 0, 𝛺̂SD ← 0, 𝛺̂PD ← 0
3 Assign probabilities for each ECOG PS group:

𝑃 low
𝜙 ← 𝜙low

𝑁 , 𝑃 high
𝜙 ← 𝜙high

𝑁
4 Initialize random coefficients with Latin Hypercube Sampling:
5  ← lhsdesign(𝑁 ,numel(0) + 2), ← lhsdesign(𝜙high, 1)
6 Initialize iteration counter: 𝑘 ← 0
7 while (𝛺PC − 𝛺̂PC)2 + (𝛺SD − 𝛺̂SD)2 + (𝛺PD − 𝛺̂PD)2 > 𝜖 do
8 for each patient 𝑖 = 1 ∶ 𝑁 do
9 Initialize physiological parameters:
10 weight𝑖 ← (𝜅(1) − 𝜅(0)) ×(𝑖,1) + 𝜅(0)
11 BSA𝑖 ← (𝜁 (1) − 𝜁 (0)) ×(𝑖,1) + 𝜁 (0)
12 if 0 ≤ (𝑖,2) < 𝑃 low

𝜙 then
13 𝑆𝑖

0 ← 𝑋𝑖
0, 𝑈 𝑖

0 ← 𝑆𝑖
0 × [0.7 + (0.8 − 0.7) ×(𝑖,2)]

14 𝐶 𝑖
0 ← 80 mg∕m2 × BSA𝑖, 𝐴𝑖

0 ← 8 mg∕k g × weight𝑖
15 else
16 𝑆𝑖

0 ← 𝑋𝑖
0 × [1.1 + (1.4 − 1.1) ×(𝑖,2)]

𝑈 𝑖
0 ← 𝑆𝑖

0 × [0.8 + (1 − 0.8) ×(𝑖,2)]
17 𝐶 𝑖

0 ← 𝑖 × ((75 − 35) + 35) × BSA𝑖

18 𝐴𝑖
0 ← 𝑖 × ((7.5 − 5) + 5) × weight𝑖

19 end
20 Assign to the patient a vector of PD parameters:

 𝑖
𝑘 = {𝜇𝑘 ×(𝑖,3), 𝛾𝑘 × (𝑖,4), 𝜆𝑘 ×(𝑖,5), 𝜏𝑘 × (𝑖,6)}

21 Solve PK–PD ODEs
𝑥, 𝑠, 𝑢 = ode15s (weight𝑖,BSA𝑖, 𝑋𝑖

0, 𝑆𝑖
0, 𝑈 𝑖

0, 𝐴𝑖
0, 𝐶 𝑖

0,
𝑖
𝑘 𝐿)

22 Compute the change in tumor burden 𝛥𝑋𝑖 ← 𝑥(end)−𝑥(0)
𝑥(0)

23 if 𝛥𝑋𝑖 ≤ −0.66 then
24 𝛺̂PC ← 𝛺̂PC + 1
25 else if −0.66 < 𝛥𝑋𝑖 ≤ 0.73 then
26 𝛺̂SD ← 𝛺̂SD + 1
27 else
28 𝛺̂PD ← 𝛺̂PD + 1
29 end
30 𝑖

𝑘 ← {weight𝑖,BSA𝑖, 𝑋𝑖
0, 𝑆 𝑖

0, 𝑈 𝑖
0, 𝐴𝑖

0, 𝐶 𝑖
0, 𝛥𝑋𝑖, 𝑖

𝑘}
31 end
32 𝑘 ← 𝑘 + 1
33 Calculate local sensitivities 𝛩𝑘

and adjust parameter
bounds: 𝑘 ← 𝑘−1 − 2 ×
((

𝛺PC − 𝛺̂PC
)

+
(

𝛺SD − 𝛺̂SD
)

+
(

𝛺PD − 𝛺̂PD
))

× 𝛩𝑘

34 end

Data availability

PFS-2 survival data for DBGC patients are available in Supplemen-
tary Material S1. Data extracted with WebPlotDigitizer from Kaplan–

eier curves for PFS-2 of KCSG-ST19-16 cohort in Han et al. [40] are
available in Supplementary Material S2.
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