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 A B S T R A C T

Background and Objective: Prostate cancer remains a significant global health concern, with treatment 
response varying among patients. Radiotherapy, often combined with hormone therapy, is a key treatment 
approach, but predicting individual outcomes remains challenging. Computational models have emerged as 
valuable tools to simulate tumour behaviour and optimise treatment strategies. This study presents a patient-
specific computational model designed to predict tumour response by associating Prostate-Specific Antigen 
(PSA) dynamics with tumour biological behaviour under therapy.
Methods: The model integrates patient-specific clinical data and imaging biomarkers from a retrospective 
study, including apparent diffusion coefficient values from diffusion-weighted imaging to represent tumour 
cellularity and perfusion parameters from dynamic contrast-enhanced MRI to characterise vascular properties. 
Clinical data from five patients undergoing radiotherapy, hormone therapy, or combination therapy are used 
for model development and validation. Due to the limited availability of patient data, PSA is the only parameter 
used for calibration and validation. One patient is used for calibration, while six serve for validation. Model 
performance is evaluated by calculating the mean absolute error (MAE) between simulated and observed PSA 
values post-treatment. The model also estimates tumour shrinkage, though this cannot be directly validated. 
To assess predictive capacity, two patients are selected for additional analysis simulating different treatment 
strategies and their impact on PSA dynamics and tumour shrinkage.
Results: The model successfully replicates PSA trends, with MAE values of 0.1, 0.08, 0.23, 0.14, 0.11 and 0.15 
ng/mL and RMSE of 0.18, 0.15, 0.24, 0.18, 0.12 and 0.15 ng/mL for the six validation patients, with Patient C 
showing the closest correspondence to clinical data (MAE = 0.08). Overall, the MAE ranges from 0.08 ng/mL 
to 0.23 ng/mL, indicating the model’s ability to approximate treatment response. In the two selected patients, 
simulated treatment variations result in distinct PSA dynamics and estimated tumour shrinkage, highlighting 
interpatient variability in treatment response.
Conclusions: This computational model provides a predictive framework for assessing prostate cancer treat-
ment response based on patient-specific PSA dynamics and imaging biomarkers. While tumour shrinkage 
estimates cannot be validated, the model offers insights into treatment-induced PSA fluctuations. The findings 
support the potential of in-silico tools in personalised medicine, aiding clinical decision-making by evaluating 

different therapeutic strategies. Further validation with larger datasets is necessary for clinical integration.
1. Introduction

Prostate Cancer (PCa) is the most common cancer in men and a 
major health concern worldwide, with rising incidence and mortality 
projected in the coming decades. Projections indicate a substantial in-
crease by 2050, with incidence expected to rise by 96.2% and mortality 
by 136.4% [1], highlighting the urgent need for enhanced research 
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and public health strategies to address this growing burden. When PCa 
is suspected, tissue biopsy remains the standard of care for diagnosis. 
Diagnosis involves Prostate-Specific Antigen (PSA) blood tests, imaging 
techniques like Magnetic Resonance Imaging (MRI), and biopsies [2,3].

Risk assessment for PCa combines multiple diagnostic tools. MRI-
based evaluation follows the PIRADS v2.1 protocol [4], which assigns 
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Acronyms

ADC Apparent Diffusion Coefficient
ADT Androgen Deprivation Therapy
AS Active Surveillance
bpMRI biparametric MRI
BT Brachytherapy
DCE Dynamic Contrast Enhanced
DWI Diffusion Weighted Imaging
EAU European Association of Urology
EBRT External Beam Radiotherapy
FE Finite Element
GS Gleason Score
HDR-BT High-Dose Rate BT
HT Hormonal Therapy
LQ linear-quadratic
MAE Mean Absolute Error
mpMRI multiparametric MRI
MRI Magnetic Resonance Imaging
ODEs Ordinary Differential Equations
PCa Prostate Cancer
PIRADS v2.1 Prostate Imaging Reporting and Data 

System version 2.1
PSA Prostate-Specific Antigen
RMSE Root Mean Square Error
RT Radiotherapy
STM Standard Tofts Model
T2WI T2-Weighted Imaging

a score from 1 to 5 based on tumour texture, location, and vol-
ume [5]. Biopsy samples are assessed using the Gleason Score (GS), 
which sums the two most prevalent histological patterns, each graded 
on a 1-to-5 scale reflecting microscopic architecture and cellular char-
acteristics [6]. These factors, along with PSA levels and clinical stage, 
are used to categorise PCa into low, intermediate, or high-risk groups 
according to the European Association of Urology (EAU) risk group 
classification [7–9].

Patients with localised PCa have several treatment options, in-
cluding Active Surveillance (AS), radical prostatectomy, RT, HT, or 
combinations of these approaches. The choice of treatment is based 
on the stage and grade of the cancer, as well as individual patient 
characteristics and preferences. These treatments target PCa cells, in-
ducing apoptosis and reducing tumour burden. As cancer cells die, 
the production of PSA decreases significantly. PSA levels serve as the 
primary biomarker to evaluate treatment efficacy [10,11]. A sustained 
drop in PSA post-treatment often indicates successful cancer control, 
with patients with a PSA of 0.2 ng/mL or less having the great-
est survival advantage, while rising levels may suggest recurrence or 
resistance [10].

RT is a central treatment modality for PCa, using ionising radi-
ation to destroy cancer cells. It is generally divided into two main 
types: External Beam Radiotherapy (EBRT) and Brachytherapy (BT). 
EBRT involves delivering radiation from an external source to the 
prostate, usually in fractions. This fractionation strategy spreads the 
total radiation dose over multiple sessions, maximising the effectiveness 
of the treatment while minimising damage to surrounding healthy 
tissue [12]. BT, on the other hand, is an internal form of RT in 
which radioactive sources are placed directly in or near the prostate 
tumour. High-Dose Rate BT (HDR-BT) is a specific technique used to 
treat PCa. It uses needles strategically placed in the prostate to deliver 
radiation directly to the tumour. HDR-BT is often completed in a single 
2 
session and requires a minor surgical procedure to place the radioactive 
sources [13]. When combined with EBRT, HDR-BT offers higher cancer 
control rates than EBRT alone and should be considered for eligible 
patients with high- or intermediate-risk disease. HT, also known as 
Androgen Deprivation Therapy (ADT), is another important treatment 
for PCa, as male hormones (androgens) promote the growth of both 
prostate gland and cancer cells [14–16]. It works by reducing the levels 
of male hormones in the body or blocking their effects on PCa cells. HT 
is often used alongside RT to increase the effectiveness of the treatment. 
It is particularly effective in treating advanced or metastatic PCa. In 
this advanced stage of the disease, it can be used as a standalone 
treatment, or in combination with other treatments, to improve patient 
outcomes [17].

In biomedical research, computational models have become essen-
tial for studying complex diseases like cancer. These models enable 
researchers to simulate and analyse biological systems at multiple 
scales, from molecular interactions to cellular dynamics [18]. Nu-
merous models have been developed to investigate tumour growth 
dynamics and assess treatment effects, significantly advancing our 
understanding of cancer biology and therapeutic strategies [2,19–21]. 
Additionally, they help explore tumour–environment interactions and 
processes such as angiogenesis [22]. Among the most studied compu-
tational models in cancer research are those focusing on RT and HT, 
given their central role in treatment. RT models simulate the effects 
of ionising radiation on tumour and healthy tissues, often integrating 
tumour growth dynamics with radiation biology principles, such as 
the linear-quadratic (LQ) model, which predicts cell survival based on 
radiation dose and fractionation schedules [23–26]. HT models, on the 
other hand, simulate the effects of androgen deprivation on tumour 
progression, particularly in hormone-sensitive cancers such as PCa. 
These models explore the interplay between androgen levels, cancer 
cell proliferation, and resistance mechanisms that may emerge during 
therapy [27]. In PCa research, a significant focus has been placed on 
computational models that reproduce and predict PSA dynamics. These 
models, often based on differential equations, describe the interactions 
between PSA levels, cancer cell populations, and treatment effects. 
For instance, models in [28–30] incorporate PSA dynamics with HT 
treatments to predict tumour response, while [31] explored how PSA 
dynamics can predict RT outcomes.

The integration of advanced imaging techniques, such as bipara-
metric MRI (bpMRI) or multiparametric MRI (mpMRI), aligns with the 
principles of in-silico medicine, leveraging personalised digital models 
to enhance disease prevention, diagnosis, and treatment [32]. Parame-
ters derived from these techniques, like the Apparent Diffusion Coeffi-
cient (ADC) from Diffusion Weighted Imaging (DWI), which inversely 
correlates with tissue cellularity [20], and vascularisation metrics from 
Dynamic Contrast Enhanced (DCE)-MRI using pharmacokinetic models 
such as the Standard Tofts Model (STM), provide detailed insights into 
tissue characteristics [33–35]. These imaging data, combined with seg-
mentation methods, allow for the generation of patient-specific anatom-
ical models, which are increasingly leveraged in the development of
in-silico digital twins for PCa.

Despite these advances, several limitations remain in the current lit-
erature, particularly in relation to the integration of spatial modelling, 
imaging biomarkers, and treatment response. For example, the work 
by Kronik et al. [36] presents a model of PSA dynamics in response 
to immunotherapy, incorporating immune–tumour interactions across 
systemic compartments. However, it does not include spatial tumour 
modelling or anatomical detail, nor does it utilise imaging-derived pa-
rameters. More recently, Lorenzo et al. [37] model PSA evolution under 
RT using clinical data, yet the approach remains non-spatial and does 
not integrate imaging or treatment-specific modelling. While Lorenzo 
et al. [38] introduce a 3D tumour growth model based on T2WI and 
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Fig. 1. Overview of the patient-specific model. The patient-specific FE mesh is generated from medical image data (pre-treatment T2WI MRI) and the patient’s characteristic data 
are integrated (cellularity, 𝐾𝑇 𝑟𝑎𝑛𝑠, initial PSA, percentage of tumoural cells in biopsy cylinders and clinical history, such as dates when treatments are applied). The model considers 
multiple constituents (healthy and tumoural cells and stroma), so growth or shrinkage is given by proliferation or death of healthy and tumoural cells and production or degradation 
of stroma, processes triggered by the presence of species (oxygens and androgens) modelled by the transport equation. All these processes are defined by reaction–advection equations. 
When HT is applied, the concentration of androgens in the blood decreases and can trigger cell death phenomena. When RT is applied, some cells survive, but others become 
lethally damaged cells that die at a characteristic time. Finally, PSA is calculated, which reflects the progression of the tumour. The results are subsequently validated with clinical 
data.
DWI MRI, the model is limited to patients under AS and does not 
incorporate vascular parameters from DCE-MRI, nor does it simulate 
therapeutic effects. Moreover, earlier work by the authors focused on 
AS patients without modelling treatment response or androgen dynam-
ics [39]. A clinically validated, patient-specific framework that com-
bines anatomical geometry, imaging-driven tumour characterisation, 
and detailed treatment simulation remains unexplored.

The proposed model addresses these gaps by integrating individu-
alised MRI-derived imaging biomarkers within a biomechanical com-
putational framework to represent the prostate and tumour geometry. 
It incorporates ADC from DWI MRI to characterise tissue cellularity 
and 𝐾𝑇 𝑟𝑎𝑛𝑠 from DCE-MRI to characterise vascularisation parameters. 
A reaction–advection model, solved using the Finite Element (FE) 
method, captures tumour growth/degrowth and therapeutic effects 
across space and time. PSA dynamics are explicitly modelled as an 
indicator of treatment efficacy, and retrospective PSA measurements 
are used for clinical validation in patients receiving RT, HT, or their 
combination. This work builds upon the patient-specific computational 
model developed by Pérez-Benito et al. [39], originally designed for 
patients under AS, by introducing important advances: (i) simulation 
of multiple treatment modalities—EBRT, HDR-BT, and HT—each with 
spatial and temporal specificity, enabling evaluation of single and 
combined regimens; (ii) introduction of a transported variable to rep-
resent androgen concentration, essential for modelling the effects of 
HT on tumour proliferation and apoptosis; (iii) inclusion of a com-
partment for lethally damaged cells, improving biological realism by 
capturing delayed cell death post-RT due to accumulated damage; 
and (iv) application of the model to intermediate-risk prostate cancer 
patients undergoing therapy, thereby extending its clinical relevance to 
a broader patient population. The patient-specific data is taken from a 
retrospective study.
3 
2. Methods

2.1. Mathematical model

In Pérez-Benito et al. [39] a multi-scale model for PCa growth was 
presented, focusing on patients with low-risk cancer and whose line of 
treatment was AS. Here, this model is extended and modified to include 
new treatment lines, RT and HT, focusing on intermediate-risk patients 
(Fig.  1).

The prostate is composed of glandular epithelial cells and stroma, 
with mutations in these cells leading to disrupted glandular structures 
and increased proliferation. Consequently, the model focuses on three 
main constituents: healthy cells, tumoural cells, and stroma, each char-
acterised by its density (𝜌𝑖). The dynamics governing the evolution 
of these population densities are derived from the principles of mass 
conservation and are described using an advection–reaction equation 
(Eq. (1)):
𝜕𝜌𝑖

𝜕𝑡
+ ∇

(

𝜌𝑖 𝜕𝐮
𝜕𝑡

)

=

𝜌𝑖𝑘𝑖𝑔
1

1 + 𝜔𝑖

(

𝑘𝜌𝑖𝑐 − 𝜌𝑖

𝑘𝜌𝑖𝑐

)

(𝜌𝑜 − 𝜃𝑖,𝑜𝑝 )(𝜌𝑎 − 𝜃𝑖,𝑎𝑝 )

− 𝜌𝑖𝑘𝑑
[

(𝜃𝑖,𝑜𝑑 − 𝜌𝑜) +(𝜃𝑖,𝑎𝑑 − 𝜌𝑎)
]

(1)

where 𝑖 = 𝑡, ℎ, 𝑠 (t = tumoral cells; h = healthy cells; and s = stroma). 
The terms on the left side of the equation represent the temporal rate 
of change of the 𝑖th population density and the convective term, while 
those on the right side correspond to proliferation/production and 
death/degradation, respectively. The proliferation/production term de-
pends on: 𝑘𝑖𝑔 , the proliferation/production rate; 𝜌𝑖𝑐 , the tissue carrying 
capacity; 𝑘, the corrected carrying capacity that limits unlimited cell 
proliferation and stroma production; and 𝜔𝑖, a cell-dependent parame-
ter equal to 1 for healthy cells and stroma and 0 for tumoural cells. The 
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proliferation/production variable rate 𝑘𝑖𝑔 is applied uniformly across 
all constituents, such that 𝑘ℎ𝑔 = 𝑘𝑡𝑔 = 𝑘𝑠𝑔 = 𝑘𝑔,0, at least before 
RT or after a characteristic time, where 𝑘𝑖𝑔 can be affected (see Sec-
tion 2.1.4). This parameter is modulated by 𝜔𝑖, which reduces the 
proliferation/production rate in healthy tissue. The death/degradation 
process is governed by the constant 𝑘𝑑 . Both proliferation/produc-
tion and death/degradation processes are regulated by oxygen (𝜌𝑜) 
and androgen (𝜌𝑎) concentrations through Heaviside function . The 
thresholds 𝜃𝑖,𝑜𝑝  and 𝜃𝑖,𝑜𝑑  denote the oxygen concentration levels required 
for proliferation/production and death/degradation of constituent 𝑖, 
respectively, while 𝜃𝑖,𝑎𝑝  and 𝜃𝑖,𝑎𝑑  denote the corresponding androgen 
thresholds. Proliferation/production occurs only when sufficient con-
centrations of both oxygen and androgens are present (multiplicative), 
whereas death/degradation can result from hypoxia and/or insufficient 
androgen levels (additive). The 𝑘 parameter imposes a limit on spa-
tial saturation, ensuring that 𝜌𝑖∕𝜌𝑖𝑐 never exceeds 1. Additionally, it 
maintains the necessary space for stroma, thereby preventing excessive 
cellular proliferation, which is essential for cell survival. The species 
displacement, 𝐮(𝐱, 𝑡), results from both tumour growth and its deforma-
tion as it interacts with the surrounding tissues and organs at position
x and time 𝑡.

Oxygen and androgens are transported throughout the prostate and 
have a significant impact on cell dynamics. Their concentrations are 
primarily regulated by exchange with the blood, which is directly in-
fluenced by prostate vascularisation. This vascularisation is represented 
by 𝐾𝑇 𝑟𝑎𝑛𝑠, derived from DCE-MRI [33], alongside a negative term that 
accounts for cellular consumption. The transport equation is defined as 
(Eq. (2)): 

𝜕𝜌𝑗

𝜕𝑡
+ ∇

(

𝜌𝑗 𝜕𝐮
𝜕𝑡

)

= 𝐾𝑇 𝑟𝑎𝑛𝑠(𝜌𝑗𝑏 − 𝜌𝑗 ) −
ℎ,𝑡
∑

𝑖

𝐴𝑗𝜌𝑗

𝑘𝑗 + 𝜌𝑗
𝜌𝑖

𝜌𝑖𝑐
(2)

where 𝑗 = 𝑜, 𝑎 are the two species (o = oxygen; a = androgens) and 
𝑖 = 𝑡, ℎ. 𝐾𝑇 𝑟𝑎𝑛𝑠 represents the extravasation parameter, which defines 
the supply rate, while 𝜌𝑗𝑏 denotes the concentration of the species in 
the blood. 𝜌𝑜𝑏 represents the oxygen concentration in the blood and is 
assumed to be constant. In contrast, 𝜌𝑎𝑏 denotes the concentration of 
androgens in the blood, which remains constant under physiological 
conditions. However, when HT is administered, its concentration fluc-
tuates. The coefficients 𝐴𝑗 and 𝑘𝑗 characterise the species consumption 
by different constituents of the model. Specifically, 𝐴𝑗 is the maximum 
consumption rate of the species, and 𝑘𝑗 represents the species concen-
tration at which the total consumption rate reaches half of its maximum 
value.

In the model, elevated PSA levels in the tissue are attributed to lu-
men disruption and leakage caused by tumoural cells [40]. The increase 
in tissue PSA is assumed to be proportional to the concentration of 
tumoural cells. Additionally, it is hypothesised that lethally damaged 
cells do not contribute to PSA production. PSA transfer from tissue 
to blood (intravasation) is influenced by prostate vascularisation, with 
𝐾𝑇 𝑟𝑎𝑛𝑠 serving as the key physical property driving this exchange. This 
process depends on the concentration gradient between PSA in the 
tissue and PSA in the bloodstream. The dynamics of tissue PSA (𝑃 ) and 
serum PSA in blood (𝑃𝑠) are described by Eqs.  (3) and (4), respectively: 

𝜕𝑃
𝜕𝑡

= 𝜆𝑡
𝜌𝑡

𝜌𝑡𝑐
−𝐾𝑇 𝑟𝑎𝑛𝑠(𝑃 − 𝑃𝑠) − 𝛾𝑃 (3)

𝑑𝑃𝑠
𝑑𝑡

= ∫ 𝐾𝑇 𝑟𝑎𝑛𝑠(𝑃 − 𝑃𝑠)𝑑𝑣 − 𝛾𝑠𝑃𝑠 (4)

where 𝜆𝑡 represents the production rate of PSA by tumoural cells, while 
𝛾 and 𝛾𝑠 are the natural decay parameters of PSA in the tissue and 
blood, respectively. Serum PSA in the bloodstream is calculated as the 
cumulative exchange between tissue and blood across all infinitesimal 
prostate volumes (𝑑𝑣). The parameter 𝐾𝑇 𝑟𝑎𝑛𝑠 denotes the extravasation 
rate per unit volume.
4 
2.1.1. Response to HT
Prostate tumoural cells are known to be stimulated by andro-

gens [14,16,41], which are male sex hormones secreted mainly by 
the testes and adrenal glands. Androgens circulate in the bloodstream 
and enter the prostate tissue, promoting tumour growth. HT aims to 
reduce androgen levels to inhibit the proliferation of tumoural cells. 
As a first approximation, the concentration of androgens in the blood 
(𝜌𝑎𝑏) is modelled as varying with the activation of the treatment. When 
the treatment is inactive, the androgen concentration remains at a 
constant basal level (𝜌𝑎𝑏,0) derived from the literature. However, when 
the treatment is active, this concentration is set to zero, simulating the 
effect of the drugs on the testes and adrenal glands. After treatment 
is completed, hormone levels in bloods does not recover instantly, but 
need a characteristic time to recover [42]. Androgen blood dynamics 
is described by Eq. (5): 

𝜌𝑎𝑏 =

⎧

⎪

⎨

⎪

⎩

𝜌𝑎𝑏,0, if 𝑡 < 𝑡𝐻𝑇 ,

𝜌𝑎𝑏,0
(

1 − exp
(

− 𝑡−𝑡𝐻𝑇
𝜏𝑟,𝐻𝑇

))

, if 𝑡 ≥ 𝑡𝐻𝑇 .
(5)

where 𝜏𝑟,𝐻𝑇  is the characteristic time for androgen levels to recover and 
𝑡𝐻𝑇  comprises the time during which the HT is applied.

2.1.2. Survival fraction for EBRT
The LQ model is one of the key tools in radiation biology and 

physics, widely employed to analyse and predict cellular responses to 
ionising radiation in both in-vitro and in-vivo studies [43]. It provides a 
simple relationship between cell survival and delivered dose. The most 
common formulation of the LQ model describes the 𝑆𝐹  of a cell after 
exposure to a single dose of radiation as expressed in Eq. (6): 

𝑆𝐹 = exp
(

−𝛼𝐷 − 𝛽𝐷2) (6)

where 𝛼 and 𝛽 are parameters describing the cell’s radiosensitivity (the 
linear and the quadratic component of cell killing, respectively), and 𝐷
is the dose to which it is exposed.

If cells are allowed sufficient time to recover after irradiation (on 
the order of 6–24 h), sub-lethal damage from the initial exposure will 
be fully repaired, and cells will respond as if they had not previously 
been irradiated. This principle underlies EBRT, where the total dose is 
delivered in well-separated fractions of low doses. For exposure to 𝑛
fractions of dose 𝑑, the predicted survival is given by Eq. (7): 

𝑆𝐹 =
(

exp
(

−𝛼𝑑 − 𝛽𝑑2
))𝑛 = exp

(

−𝑛(𝛼𝑑 + 𝛽𝑑2)
)

= exp (−𝐷(𝛼 + 𝛽𝑑)) (7)

where 𝐷 is again the total exposure dose, given by 𝐷 = 𝑛𝑑.

2.1.3. Survival fraction for BT
The standard LQ model has known limitations, particularly in 

accurately describing clonogenic cell survival curves at high doses. 
To address these shortcomings, modifications to the LQ model have 
been proposed, specifically for high-dose-per-fraction regimens [44–
46]. Since brachytherapy involves high-dose treatments, the linear–
quadratic–linear (LQ–L) model is applied in this context [47]. This 
model aligns with the behaviour of the LQ model below a transition 
dose (𝐷𝑇 ) and transitions to a linear response above this threshold 
(Eq. (8)). 

𝑆𝐹 =

{

exp
(

−(𝛼𝐷 + 𝛽𝐷2)
)

if 𝐷 < 𝐷𝑇

exp
(

−(𝛼𝐷𝑇 + 𝛽𝐷2
𝑇 + 𝜇(𝐷 −𝐷𝑇 ))

)

if 𝐷 ≥ 𝐷𝑇
(8)

where the transition dose is given by 𝐷𝑇 = 2𝛼
𝛽 . In the high-dose 

region, the cell kill per Gy (1 Gy = 1 Gray = 1 Joule/kg) in the final 
linear portion of the survival curve is represented by 𝜇, defined as 
𝜇 = 𝛼 + 2𝛽𝐷 .
𝑇
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2.1.4. Response to radiation
The population density of the tissue constituents 𝜌𝑖, governed by 

Eq. (1), is modified during radiation events that occur at times
𝑡1, 𝑡2,… , 𝑡𝑘. Each irradiation event results in a fraction of cells, known 
as the survival fraction (𝑆𝐹 ), capable of repairing radiation-induced 
damage. Conversely, the remaining fraction, (1 − 𝑆𝐹 ), represents cells 
that sustain irreparable damage (𝜌𝑖𝑑). 𝑆𝐹  are defined in Sections 2.1.2
and 2.1.3 according to the type of radiation applied. These lethally 
damaged cells transition to a separate compartment. Therefore, fol-
lowing each irradiation event, the population densities (𝜌𝑖) remain as 
Eq. (9) and Eq.  (10): 
𝜌𝑖(𝑡+𝑘 ) = 𝜌𝑖(𝑡−𝑘 )𝑆𝐹

𝑖 (9)

𝜌𝑖𝑑 (𝑡
+
𝑘 ) = 𝜌𝑖𝑑 (𝑡

−
𝑘 ) + 𝜌𝑖(𝑡−𝑘 )[1 − 𝑆𝐹 𝑖] (10)

where 𝜌𝑖(𝑡+𝑘 ) means the density right after the radiation event and 
𝜌𝑖(𝑡−𝑘 ) means the density right before. Initially, 𝜌𝑖𝑑 is 0 until the first 
radiation event, occurring at time 𝑡1. A key aspect of the cell response 
to radiation is that irradiated cells usually die because of the so-
called mitotic catastrophe after completing one or several mitoses [48], 
thus it is considered that after a characteristic time 𝜏𝑑 these cells die, 
following an exponential decay. Therefore, the subsequent evolution of 
the lethally damaged cells (𝜌𝑖𝑑) follow Eq. (11): 
𝜕𝜌𝑖𝑑
𝜕𝑡

= 𝜌𝑖(1 − 𝑆𝐹 𝑖)𝛿(𝑡 − 𝑡𝑘) −
∑

𝑘
𝜌𝑖(𝑡𝑘)

(

1 − 𝑆𝐹 𝑖) exp
(

−
𝑡 − 𝑡𝑘
𝜏𝑑

)

(11)

During treatment, radiosensitive tumoural cells decrease their rate 
of cell proliferation through cell cycle arrest stimulated by DNA dam-
age. Then, DNA repair mechanisms are activated to alleviate damage, 
but cell death mechanisms are activated if damage persists and can-
not be repaired. Interestingly, some cells can avoid apoptosis because 
genome damage triggers cellular overactivation of some DNA repair 
pathways [49]. RT often induces a temporary decrease in cell prolifer-
ation due to damage and cell cycle arrest. This is described in Eq. (12). 

𝑘𝑖𝑔 =

⎧

⎪

⎨

⎪

⎩

𝑘𝑔,0, if 𝑡 < 𝑡𝑘,

𝑘𝑔,0
(

1 − exp
(

− 𝑡−𝑡𝑘
𝜏𝑟,𝑅𝑇

))

, if 𝑡 ≥ 𝑡𝑘.
(12)

where 𝑘𝑖𝑔 is the proliferation variable rate, 𝜏𝑟,𝑅𝑇  is the characteristic 
time of cell repopulation [25] and 𝑡𝑘 is again any instant when RT is 
applied. After RT, cells initially recover slowly (dominated by sublethal 
damage repair and cell cycle arrest), and as time progresses, recovery 
accelerates and approaches a plateau (full recovery) [50].

2.2. Implementation

The proposed model was implemented in FE to simulate tumour and 
prostate growth based on patient-specific MRIs. Following the model 
in [39], biological and mechanical analyses are decoupled, with tumour 
growth programmed in Python and elastic deformation calculated in 
Ansys®Academic Research Mechanical using thermoelastic expansion 
equations as an analogy to growth equations [19,51]. The growth 
kinematics involving the tumour and prostate are explained in detail 
in [39]. Prostate domain is modelled by assuming that cells and the 
stroma contribute to total stress under finite strain assumption, with 
equal strain in both components. Both cells and stroma are assumed 
linear elastic isotropic material. Their elastic moduli and Poisson ratio 
are listed in Table  2.

To do so, the tumour domain is discretised in two overlapping 
conforming meshes sharing the nodes of the elements, one for the 
cells and the other for the stroma. Time-integration of the biological 
solver module is achieved using an explicit numerical scheme (forward 
Euler method), whereas the growth solver uses a full-implicit iterative 
scheme (Newton–Raphson). The prostate volume is discretised into a 
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Table 1
Number of nodes and elements for each patient.
 Patient Number nodes Number elements 
 PATIENT A 2272 9780  
 PATIENT B 4304 20,156  
 PATIENT C 3105 14,295  
 PATIENT D 3026 13,857  
 PATIENT E 3029 13,651  
 PATIENT F 5765 28,260  
 PATIENT G 2535 11,500  

3D tetrahedral mesh with an element size of 2.5 mm, as this provides 
a good compromise between computational efficiency and accuracy. 
Table  1 summarises the number of nodes and elements of the FE mesh 
for each patient.

As detailed in previous work [39], a multiscale temporal algorithm 
is employed to integrate cellular processes like proliferation and death 
(time step of 10 days) with faster phenomena such as species transport 
and PSA leakage. For species transport, equilibrium is assumed to 
be reached within a small interval (𝛥𝑡𝑑) before each simulation step 
(𝛥𝑡). Cellular processes are then updated using an 8th-order explicit 
Runge–Kutta method for Ordinary Differential Equations (ODEs).

Similarly, PSA dynamics assume rapid equilibrium between tissue 
and blood concentrations within 𝛥𝑡. The total PSA produced or decayed 
(𝑃 ∗) is estimated (Eq. (13)), and equilibrium serum PSA levels are cal-
culated to determine the corresponding tissue concentration (Eq. (14) 
and Eq.  (15)). These steps simplify computation using the explicit Euler 
method for ODEs. 
𝛥𝑃 ∗

𝛥𝑡
= 𝜆𝑡

𝜌𝑡

𝜌𝑡𝑐
− 𝛾𝑃 (13)

𝛥𝑃𝑠
𝛥𝑡

=
∑

𝐾𝑇 𝑟𝑎𝑛𝑠(𝑃 ∗ − 𝑃𝑠) − 𝛾𝑠𝑃𝑠 = 0 (14)

𝛥𝑃
𝛥𝑡

= 𝜆𝑡
𝜌𝑡

𝜌𝑡𝑐
−𝐾𝑇 𝑟𝑎𝑛𝑠(𝑃 − 𝑃𝑠) − 𝛾𝑃 = 0 (15)

The prostate is situated within a region defined by neighbouring 
organs, primarily the rectum and bladder. These organs undergo nat-
ural daily variations due to their physiological activities, which alter 
their physical properties and make it difficult to determine a material 
stiffness that accurately reflects the surrounding anatomy. To simplify 
this complexity, the mechanical properties of these organs are often 
approximated using an elastic model [60,61]. In this approach, to 
replicate the stiffness of the surrounding tissues, a distributed elas-
tic foundation (𝐾𝑠𝑡𝑖𝑓𝑓𝑛𝑒𝑠𝑠) is applied as boundary conditions in the 
direction normal to the prostate.

The parameters employed in this study were initially calibrated 
and validated in our previous work Pérez-Benito et al. [39], and 
are summarised in Table  2. This earlier study focused on modelling 
tumour evolution during AS, and involved an optimisation procedure 
to estimate key parameters, ensuring the biological realism and clin-
ical relevance of the model. The Supplementary Material provides 
the results of a global sensitivity analysis of the parameters of the 
model based on the Morris screening method. In the present work, 
these parameters are adopted as a foundation, extending the model 
to include treatment dynamics and additional biological processes. To 
fit the model, some parameters from the PSA dynamics equations are 
optimised. The parameters related to RT and HT have been collected 
in Tables  3 and 4 and have been extracted from bibliography. This 
work focuses primarily on the tumour response to treatments. As a first 
approximation, it is assumed that the treatments do not directly affect 
the healthy cell populations. This assumption is based on two factors: 
firstly, healthy cells are not as sensitive to androgen fluctuations as 
tumoural cells; secondly, the planning of both EBRT and HDR-BT 
schemes explicitly takes into account the recovery times of healthy cells 
in order to minimise collateral damage.
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Table 2
Parameters of the model.
 Symbol Parameter Value Units References 
 𝑘𝑔,0 Proliferation rate 4.03 ⋅ 10−3 day−1 [39]  
 𝑘 Carrying capacity corrected 0.57 – [39]  
 𝜌𝑡𝑐 Tissue tumour cell carrying capacity 100 ⋅ 103 cells mm−3 [20]  
 𝜌ℎ𝑐 Tissue healthy cell carrying capacity 75 ⋅ 103 cells mm−3 [20]  
 𝜌𝑠𝑐 Tissue stroma carrying capacity 1.50 g mm−3 [52]  
 𝑘𝑑 Death rate 0.02 day−1 [2]  
 𝜃𝑡,𝑜𝑝 Proliferation oxygen threshold (tumoral cells) 3500 pmol [53]  
 𝜃𝑡,𝑜𝑑 Necrosis oxygen threshold (tumoral cells) 3000 pmol [53,54]  
 𝜃ℎ,𝑜𝑝 Proliferation oxygen threshold (healthy cells) 4000 pmol [53]  
 𝜃ℎ,𝑜𝑑 Necrosis oxygen threshold (healthy cells) 3300 pmol [53,54]  
 𝜃𝑠,𝑜𝑝 Oxygen threshold for stroma production 4000 pmol [53]  
 𝜃𝑠,𝑜𝑑 Necrosis oxygen threshold (stroma) 3900 pmol [53,54]  
 𝐴𝑜 Maximum oxygen consumption rate 25.50 pmol s−1 [55]  
 𝑘𝑜 Oxygen concentration at one-half of the total consumption term 4.64 pmol [55]  
 𝜌𝑜𝑏 Oxygen blood concentration 4124 pmol [55]  
 𝐾𝑠𝑡𝑖𝑓𝑓𝑛𝑒𝑠𝑠 Stiffness of prostate surroundings 14 kPa/mm [39]  
 𝐸𝑡 Young’s modulus of tumoral cells 3 kPa [56,57]  
 𝐸ℎ Young’s modulus of healthy cells 5 kPa [56,57]  
 𝐸𝑠 Young’s modulus of stroma 30 kPa [58]  
 𝜈 Poisson’s ratio 0.40 – [59]  
 𝜆𝑡 PSA production rate (tumoral cells) 142.55 ng mL−1 day−1 Optimised  
 𝛾 Tissue PSA decay rate 0.018 day−1 Optimised  
 𝛾𝑠 Blood PSA decay rate 0.25 day−1 [2]  
Table 3
HT parameters.
 Symbol Parameter Value Units References 
 𝜌𝑎𝑏,0 Basal androgen concentration in blood 25 nmol [29,30]  
 𝐴𝑎 Maximum androgen consumption rate 0.00127 nmol/s [29]  
 𝑘𝑎 Androgen concentration at one-half of the total consumption term 0.104 nmol [29]  
 𝜏𝑟,𝐻𝑇 Characteristic time of androgens recover in blood 558 days [42]  
 𝜃𝑡,𝑎𝑝 Proliferation androgen threshold (tumoural cells) 10 nmol [29]  
 𝜃𝑡,𝑎𝑑 Death androgen threshold (tumoural cells) 0.05 nmol [29]  
 𝜃(ℎ,𝑠),𝑎𝑝 Proliferation androgen threshold (healthy cells and stroma) 35 nmol Estimated  
 𝜃(ℎ,𝑠),𝑎𝑑 Death androgen threshold (healthy cells and stroma) 0 nmol Estimated  
Table 4
RT parameters.
 Symbol Parameter Value Units References 
 𝛼 Radiosensitivity parameter (tumour cells) 0.073 Gy−1 [24]  
 𝛼∕𝛽 𝛼∕𝛽 ratio (tumour cells) 2.29 Gy [24]  
 𝜏𝑟,𝑅𝑇 Characteristic time of cell repopulation 28 days [25]  
 𝜏𝑑 Characteristic time of death by radiation 60 days [62]  

2.3. Adjusting PSA parameters

The PSA model parameters for production and tissue decay (𝜆𝑡
and 𝛾) are determined through an optimisation process due to their 
model-specific nature and the significant variability reported in existing 
research. This variability makes the assignment of fixed, universally 
applicable values challenging. To address this, an optimisation process 
is performed using the Python library Optuna [63]. Optuna is a robust 
and widely used hyperparameter optimisation framework that uses 
advanced techniques to fine-tune machine learning and computational 
models. Its standard sampler, the Tree-structured Parzen Estimator 
(TPE), implements a Bayesian optimisation algorithm to efficiently 
explore the parameter space [63]. This involves running the tumour 
growth model a number of times, each run being referred to as a ‘trial’. 
During each trial, the parameters (𝜆𝑡 and 𝛾) are varied within prede-
fined ranges representing the search space. The goal of optimisation is 
to identify the set of parameter values that minimises a defined loss 
function.

To do this, clinical PSA data are used. Therefore, the loss function 
evaluates how well the simulated PSA data matche the real clinical PSA 
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data to capture the dynamics of the PSA behaviour. As PSA data is 
often insufficient, moreover just before the treatment starts, synthetic 
pretreatment PSA is generated, assuming PSA levels before treatment 
follow an exponential growth curve [64,65]. Given the variability of 
these measurements due to various patient and environmental factors, 
the Mean Absolute Error (MAE) is selected as the objective function for 
minimisation (Eq. (16)), owing to its robustness against outliers: 

MAE = 1
𝑁

𝑁
∑

𝑖=1

|

|

PSAsim − PSAclin|| (16)

where PSAsim is the simulated PSA value, PSAclin is the clinical PSA 
value and 𝑁 is the number of clinical PSA time points.

To ensure the simulated PSA data reflects an increasing trend before 
treatment, decreases in the simulated PSA during the pretreatment 
phase are penalised. The trend penalty is defined as Eq. (17): 

Penaltytrend =
⎛

⎜

⎜

⎝

1
𝑁pre − 1

𝑁pre−1
∑

𝑖=1
min(0,PSAsim(𝑡𝑖+1) − PSAsim(𝑡𝑖))

⎞

⎟

⎟

⎠

2

(17)

where PSAsim(𝑡𝑖+1) − PSAsim(𝑡𝑖) is the difference between consecutive 
simulated PSA values and 𝑁pre is the are the PSA data point pre-
treatment.

The total loss combines the MAE and the trend penalty: 

 = 𝑤PSA ⋅MAE +𝑤pen ⋅ Penaltytrend (18)

where 𝑤PSA and 𝑤pen represent the weights for the MAE and penalty 
terms, set to 1 and 0.5, respectively.
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2.4. Integration of patient-specific data

The model presented in this study has been applied to retrospective 
data from patients diagnosed with prostate cancer at Hospital Univer-
sitario 𝑦 Politécnico de La Fe de Valencia (HULAFE) between 2015 and 
2020 as part of the ProCanAid research project (PLEC2021-007709). 
The study did not influence routine clinical practice.

To be included, patients had to meet specific criteria: they had to 
be men over 18 years old with a confirmed prostate cancer diagnosis 
through a positive biopsy, have received treatment at HULAFE, under-
gone at least one pre-treatment mpMRI scan, had regular PSA blood 
tests, and possess essential clinical and pathological data such as risk-
group stratification, treatment regimen, GS, or biopsy tumour burden. 
Upon meeting these inclusion criteria, patient data were anonymised, 
structured, and curated before being integrated into the study and 
uploaded to the Qp-Insights®(Quibim S.L) project platform.

Patient-specific imaging biomarkers were extracted from mpMRI 
scans (see Supplementary Material for acquisition details) and anal-
ysed using QP-Prostate®(Quibim S.L.) software, a module within Qp-
Insights®(Quibim S.L). The software first performed image pre-
processing, including spatial smoothing, motion correction, and intra-
series registration of dynamic volumes from DWI and DCE sequences. 
This was followed by inter-series registration of the DWI and DCE se-
quences to the T2WI sequence. Following pre-processing, key biomark-
ers were extracted. Prostate segmentation was based on the T2WI 
sequence, while tumour segmentation utilised a combination of T2WI 
and DWI sequences. Additionally, the ADC map was obtained from 
the DWI sequence, while perfusion parameters, such as 𝐾𝑇 𝑟𝑎𝑛𝑠, were 
computed from the DCE sequence using the STM approach [66]. To 
further ensure consistency, a standardised arterial input function (AIF) 
is applied during pharmacokinetic modelling to compute 𝐾𝑇 𝑟𝑎𝑛𝑠. The 
ADC quantifies the diffusion magnitude of water molecules within 
tissue and has been shown to inversely correlate with tissue cellularity. 
Consequently, cellularity can be estimated using Eq. (19) [20]: 

𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟𝑖𝑡𝑦 =
𝐴𝐷𝐶𝑤 − 𝐴𝐷𝐶(𝐱)
𝐴𝐷𝐶𝑤 − 𝐴𝐷𝐶𝑚𝑖𝑛

(19)

where 𝐴𝐷𝐶𝑤 represents the ADC value of free water molecules, with 
𝐴𝐷𝐶𝑤 = 3 ⋅ 10−3 mm2∕s [20], 𝐴𝐷𝐶min is the minimum acquired 
ADC value, set to 0 to ensure consistency of cellularity values across 
different patients and follow-up MRIs and 𝐴𝐷𝐶(𝐱) is the ADC value in 
each point, x, of the prostate. This formulation inherently normalises 
cellularity with respect to the patient-specific ADC distribution, helping 
to reduce sensitivity to inter-patient acquisition variability.

The 𝐾𝑇 𝑟𝑎𝑛𝑠 parameter is obtained from the DCE sequence and 
represents the transfer constant, which quantifies the rate at which 
the contrast agent moves from blood plasma into the extracellular ex-
travascular space or tumour interstitium [67]. This parameter provides 
crucial insights into tissue permeability, vessel surface area, and blood 
flow, making it a valuable indicator of prostate vascularisation [33].

To reconstruct the 3D geometry of the different prostates and gen-
erate the volumetric FE mesh required for subsequent simulations, the 
Python library im2mesh [68] is employed. The values of cellularity and 
𝐾𝑇 𝑟𝑎𝑛𝑠 are then interpolated at the integration points of each mesh 
element using a nearest-neighbour interpolation method to establish 
the model’s initial parameters. Furthermore, tumour segmentations are 
used to create a mask that identifies the mesh elements containing 
tumour cells. Biopsy data provide additional details, such as the GS 
and tumour burden, which indicate the overall proportion of tumour 
cells within each sampled cylinder. For patients who have received RT, 
a radiation dose map (registered in the T2WI sequence) is available, 
outlining the radiation absorbed by the tissue. These isodose curves 
are derived from RT treatment planning techniques that utilise medical 
imaging data. Similar to ADC and 𝐾𝑇 𝑟𝑎𝑛𝑠, the absorbed radiation doses 
are interpolated at the integration points of the mesh elements to define 
the model’s initial conditions.
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3. Results

3.1. Application to patient-specific data

The proposed methodology is applied to seven patients diagnosed 
with PCa, all presenting localised tumours and classified as
intermediate-risk by the EAU risk classification. These patients have 
a GS of (3+4) 7 and a PIRADS v2.1 score between 4 and 5. They 
have received different combinations of treatment, including EBRT, 
HDR-BT and HT. All patients received EBRT at some stage of their 
clinical history; five also underwent HDR-BT three were treated with 
a combination of HT, EBRT, and HDR-BT and one was treated with 
a combination EBRT and HT. At the time of diagnosis, these patients 
underwent mpMRI. From these images, the prostate volume and FE 
mesh are reconstructed. In addition, image biomarkers, clinical data 
and tumour location are interpolated to initialise the model. Additional 
patient-specific details are provided in Fig.  2. Patient A is used to 
optimise the PSA parameters while the rest six patients are used to 
validate the model.

3.2. PSA dynamics fitting

Patient A was chosen to undergo the optimisation process. Out of 
132 trials, the process successfully identified the optimal parameter 
combination for accurately fitting the PSA dynamic curve. The best 
fit was achieved with a minimal loss of 0.7563, corresponding to 
parameter values of 𝜆𝑡 = 142.55 ng mL−1 day−1 and 𝛾 = 0.018 day−1.

Analysing the PSA curve obtained, the MAE post-treatment is of 
0.5 ng/mL and the Root Mean Square Error (RMSE) of 0.5 ng/mL, 
indicating a relatively small deviation from the expected values after 
the intervention (Fig.  3). The computational analysis of the PSA curve 
reveals that the PSA half-life (the time required for the PSA level 
to decrease by half) is approximately 40 days following treatment. 
According to the estimated computational curve, PSA levels drop below 
0.5 ng/mL approximately 180 days after the treatment was adminis-
tered. Clinically, measurements show that PSA reached a value of 0.2 
ng/mL 155 days post-treatment, suggesting a favourable response to 
the therapy.

Despite the fact that PSA is the only direct data available to optimise 
or validate the response of tumour volume to treatment, the model 
provides insight into the expected effects. By the time PSA levels 
fall below 0.5 ng/mL computationally, the model estimates a 17.6% 
reduction in tumour volume. The tumour reaches its minimum volume 
at the end of the simulation, with a final reduction of 30.2% from its 
initial size. These volume changes highlight the effectiveness of the 
treatment in reducing the tumour.

3.3. Model prediction after treatment

The presented model is applied to patients B to G to assess whether 
the predicted PSA values accurately align with those observed in clin-
ical practice. For all six patients, the PSA dynamics exhibit an initial 
rise prior to treatment, followed by a sharp drop post-treatment and 
subsequent stabilisation (Fig.  4), closely mirroring clinical observa-
tions. Patient C demonstrates the closest correspondence to clinical data 
(MAE  =  0.08). Nonetheless, the MAE for all patients ranges from 0.08 
ng/mL to 0.23 ng/mL and the RMSE from 0.15 ng/mL to 0.25 ng/mL, 
indicating that the simulation effectively predicts clinically observed 
PSA outcomes.

The time to PSA half-life represents how quickly PSA levels decrease 
by half, reflecting the tumour’s immediate response to therapy. Among 
the patients, the model estimates that this metric varies from 48 days 
(Patient E) to 70 days (Patient B), suggesting that Patient E exhibited 
the fastest reduction in PSA levels, while Patient B showed the slowest 
initial response (Table  5). Patient E was only treated with EBRT while 
patient B has undergone a combination of the three modalities of 
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Fig. 2. Patients clinical history and initial parameters. All patients underwent mpMRI at the time of diagnosis, from which the initial prostate FE mesh was generated. Elements 
containing tumoural cells are highlighted in red and the total percentage of such cells is given, information extracted from the biopsy reports at the diagnosis time. In addition, 
for patients who underwent HDR-BT, a mid-section view is provided to illustrate the dose map during treatment. The table illustrates the diagnosis characteristics of each patient 
(GS and PIRADS v2.1), the treatments that have received and the total dose received of EBRT. Patient E received EBRT exclusively, patients A and C received HDR-BT in addition 
to EBRT; patients B, D and G received a combination of HT, HDR-BT and EBRT; and patient F received HT and EBRT.
treatments presented. It is also observed that patient G and D, also with 
EBRT, HDR-BT and HT, have the second and third slowest responses, 
respectively, followed by patient F, whose line of treatment was EBRT 
and HT. Therefore, slower treatment responses are predicted in patients 
who undergo HT.

The time to decay below 0.5 ng/mL represents the total duration 
required for PSA levels to fall below the clinically significant threshold 
of 0.5 ng/mL. This metric captures both the initial response and the 
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sustained efficacy of treatment. In this case, the variation predicted 
is more pronounced, ranging from 166 days (Patient F) to 240 days 
(Patient B). These values cannot be directly compared with clinical data 
due to insufficient clinical measurements. However, the first observed 
clinical values post-treatment were already below 0.5 ng/mL, occurring 
within 112–266 days after treatment. Despite Patient E demonstrating 
the fastest PSA half-life, their PSA levels do not fall below 0.5 ng/mL, 
possibly due to slower PSA clearance following the initial decline. This 
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Fig. 3. Simulated PSA curve for patient A after the optimisation process, with parameters 𝜆𝑡 = 142.55 ng mL−1 day−1 and 𝛾 = 0.018 𝑑𝑎𝑦−1. The adjusted computational serum 
PSA (red dotted line) compared with clinical PSA data (orange triangles) with the estimated post-treatment MAE and RSME. Synthetic pre-treatment PSA values generated for 
calibration purposes are shown as light orange triangles. Clinical pre-treatment PSA values are not displayed here, as they are temporally distant from the start of the simulation 
and would distort the graphical representation. Instead, a table with clinical pre-treatment data is shown. The date is relative to the beginning of the simulation. Treatments are 
indicated on the graphs: orange dashed lines for HDR-BT and yellow for the duration of EBRT. The 3D representation of the patient’s prostate is represented on the right of the 
image, with the final tumour geometry highlighted in red and the initial configuration in dark grey.
Table 5
Clinical and computational data for tumour response to treatment. The clinical data includes the time after treatment to the first PSA value 
below 0.5 ng/mL and the corresponding PSA value. The computational forecast includes the time to PSA half-life, the time to decay below 
0.5 ng/mL, the percentage of tumour volume shrinkage when PSA is below 0.5 ng/mL, and the maximum percentage volume reduction.
 Clinical data Computational forecast
 Time after 

treatment 
[days]

First 
clinical PSA 
value below 
0.5 
[ng/mL]

Time to 
PSA 
half-life

Time to 
decay 
below 0.5 
ng/mL

% Volume 
shrinkage 
when PSA 
< 0.5 
ng/mL

Maximum 
% volume 
shrinkage

 

 PATIENT 
B

266 0.012 70 240 29.19 37.96  

 PATIENT 
C

222 0.003 55 195 10.57 34.76  

 PATIENT 
D

266 0.016 58 218 22.21 39.4  

 PATIENT 
E

387a 0.61a 48 315b 17.22b 28.2  

 PATIENT 
F

112 0.09 56 166 24.37 40.44  

 PATIENT 
G

246 0.06 69 189 32.28 40.58  

a Last acquired clinical value did not reach a value below 0.5 ng/mL.
b Computational simulations did not reach a value below 0.5 ng/mL; this data corresponds to a PSA of 0.7 ng/mL.
aligns with clinical data, as the most recent PSA measurement, taken 
387 days after treatment, showed a value of 0.61 ng/mL.

The observed drop in PSA reflects the death of tumoural cells, 
which is accompanied by a reduction in tumour volume. Thus, the 
model primarily estimates the tumour’s response to treatment. The 
tumour volume shrinkage at the time PSA levels fall below 0.5 ng/mL 
is measured (Table  5). Patients exhibit varying degrees of predicted 
tumour shrinkage, ranging from 10.57% (Patient C) to 32.28% (Patient 
G). This indicates that while Patient C achieved a rapid PSA decline, 
the physical reduction in tumour size was less pronounced compared 
to others.

Additionally, the maximum percentage of predicted volume reduc-
tion during the course of treatment is assessed (Table  5), offering a 
broader perspective on treatment efficacy. This reduction ranges from 
28.2% (Patient E) to 40.58% (Patient G). These findings reveal that 
although Patient E demonstrated a rapid PSA decline, their overall tu-
mour shrinkage was lower, and their minimum PSA value (0.7 ng/mL) 
remained higher than that of other patients. Conversely, Patient G, who 
exhibited a more moderate PSA response, achieved the greatest tumour 
volume reduction.
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Table 6
Analysis of patient B computational results for different treatment strategies. It includes 
the maximum percentage of tumour volume shrinkage, the time to PSA half-life, the 
time to decay below a threshold of 0.5 ng/mL and the minimum PSA.
 Treatment Max

Shrinkage
[%]

PSA
Half-Life
[days]

Time to
Threshold
[days]

PSA min
[ng/mL]

 Control 33.11 52.55 195.09 0.141  
 HT(3M)+ 32.31 52.55 196.83 0.338  
 EBRT+HDR-BT  
 EBRT+HDR-BT 35.22 44.94 169.56 0.075  
 EBRT 33.68 44.94 169.56 0.136  
 HDR-BT 35.33 44.95 169.71 0.080  

3.4. Further analysis

In order to evaluate the effects of different treatment strategies on 
individual patient responses and show the model predictive capacity, 
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Fig. 4. Computational serum PSA forecasts for the different patients (red line) compared with clinical PSA data (orange triangles). The MAE and RMSE is estimated post-treatment. 
Treatments are indicated on the graphs: green for the duration of HT, orange dashed lines for HDR-BT, and yellow for the duration of EBRT. The 3D representation of the patient’s 
prostate is represented on the right corner of each patient’s graph, with the final tumour geometry highlighted in red and the initial configuration in dark grey.
an additional analysis was conducted using Patients B and C. For Pa-
tient B, five treatment variations were examined (Fig.  5 A): (i) reducing 
HT to three months, (ii) omitting HT and proceeding directly with HDR-
BT and EBRT, (iii) administering EBRT alone and (iv) using HDR-BT 
alone. In contrast, Patient C underwent three treatment scenarios (Fig. 
6 A): (i) incorporating HT two months prior to radiation, following 
standard clinical practice [69], (ii) administering EBRT alone, and (iii) 
applying HDR-BT alone. This comparative approach aimed to assess the 
impact of HT and RT modality on tumour shrinkage and PSA dynamics 
in each patient.
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The analysis of Patient B (Table  6) shows that the combination of 
EBRT and HDR-BT achieved the highest tumour shrinkage (35.22%) 
and the lowest PSA (0.075 ng/mL), highlighting its strong efficacy in 
controlling tumour growth and PSA levels. HDR-BT alone showed a 
similar response, with a maximum shrinkage of 35.33% and a min-
imum PSA of 0.080 ng/mL, suggesting that HDR-BT is an important 
contributor to treatment success. In contrast, HT combined with EBRT 
and HDR-BT for three months resulted in a slightly lower shrinkage 
(32.31%) and a higher minimum PSA (0.338 ng/mL), indicating a 
slower response. Notably, the time to reach the lowest PSA was longest 
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Fig. 5. Analysis of Patient B under different treatment strategies. (A) Overview of the treatment plans and their timelines. The control treatment represents the actual plan applied 
to this patient (six months of HT, followed by the concurrent administration of EBRT and HDR-BT). Alternative strategies include (i) reducing HT to three months before initiating 
EBRT and HDR-BT while HT is still being administered, (ii) omitting HT and proceeding directly with the concurrent administration of HDR-BT and EBRT, (iii) administering 
EBRT alone, and (iv) administering HDR-BT alone. (B) Predicted PSA dynamics for each treatment strategy. (C) Estimated tumour volume evolution under the different treatment 
strategies.
for the HT-based treatments (197 days), suggesting that while HT 
prolongs PSA suppression, it may not significantly improve tumour 
shrinkage. The PSA and tumour volume plots support these findings 
(Fig.  5 B and C). The curves for EBRT + HDR-BT and HDR-BT alone 
show a steep decline in PSA levels and tumour volume, stabilising at 
lower levels over time. Conversely, the HT-containing treatments show 
a more gradual decline, with PSA levels remaining slightly higher. The 
control treatment (HT for six months + EBRT + HDR-BT) achieved the 
lowest PSA of 0.141 ng/mL, which is lower than HT (3M) + EBRT 
+ HDR-BT, but still higher than the non-HT regimens. This suggests 
that HT affects PSA kinetics but does not necessarily increase tumour 
shrinkage. The computational 3D tumour geometries illustrating the 
treatment outcomes for these therapeutic combinations are shown in 
Fig. S1 (top).

For Patient C, the treatment responses exhibited greater variability 
(Fig.  6 and Table  7). The control treatment (EBRT + HDR-BT) resulted 
in a reduction in tumour size of 34.70%, a PSA half-life of 44.94 
days, and a very low minimum PSA (0.0007 ng/mL) at 680 days. The 
addition of HT for a period of six months prior to the beginning of 
RT resulted in a enhancement of the response, characterised by an 
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Table 7
Analysis of patient C computational results for different treatment strategies. It includes 
the maximum percentage of tumour volume shrinkage, the time to PSA half-life, the 
time to decay below a threshold of 0.5 ng/mL and the minimum PSA.
 Treatment Max

Shrinkage
[%]

PSA
Half-Life
[days]

Time to
Threshold
[days]

PSA min
[ng/mL]

 Control 34.70 44.94 187.35 0.0007  
 HT(6M)+ 36.48 66.29 211.08 0.0028  
 EBRT+HDR-BT  
 EBRT 19.10 138.63 – 4.7643  
 HDR-BT 33.75 44.94 187.36 0.0008  

increase in shrinkage to 36.48%, a prolongation of the PSA half-life to 
66.29 days, and a slightly elevated minimum PSA (0.0028 ng/mL) at 
650 days. However, the most concerning outcome was observed in the 
EBRT-only treatment, where shrinkage was drastically lower (19.10%), 
the PSA half-life was much longer (139 days), and the minimum PSA 
was exceptionally high (4.7643 ng/mL). Furthermore, this treatment 
failed to maintain control over disease progression, with PSA rising 
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Fig. 6. Analysis of Patient C under different treatment strategies. (A) Overview of the treatment plans and their timelines. The control treatment corresponds to the actual plan 
applied to this patient, consisting of EBRT and HDR-BT. Alternative strategies include (i) incorporating HT for six months, (ii) administering EBRT alone, and (iii) applying HDR-BT 
alone. (B) Predicted PSA dynamics for each treatment strategy. (C) Estimated tumour volume evolution under the different treatment strategies.
rapidly to 12.6 ng/mL by the end of the simulation. Conversely, HDR-
BT exhibited a comparable efficacy to the control group, achieving a 
reduction in tumour size of 33.75% and a minimum PSA concentra-
tion of 0.0008 ng/mL at 680 days, thereby validating its therapeutic 
potential in this patient population. The computational 3D tumour 
geometries illustrating the treatment outcomes for these therapeutic 
combinations are shown in Fig. S1 (bottom).

A comparative analysis of the two patients revealed that Patient B 
demonstrated greater tumour shrinkage across all treatment modalities, 
with EBRT alone exhibiting particular efficacy. In contrast, Patient 
C exhibited a more pronounced and sustained PSA suppression. The 
combination of EBRT and HDR-BT yielded favourable outcomes for 
both patients; however, Patient C demonstrated significantly lower PSA 
values, indicating a more profound biochemical response. The PSA half-
life was faster in Patient B, suggesting a quicker response to treatment 
in terms of PSA kinetics. In contrast, Patient C exhibited a prolonged 
time to PSA half-life, which may indicate a more sustained response. 
The role of HT was more evident in Patient C, where it improved 
shrinkage and slowed PSA progression, while in Patient B, its effects 
were less pronounced. It can be hypothesised that these observations 
may reflect differences in the aggressiveness of the tumours. Patient 
C’s more sustained PSA suppression, slower PSA half-life, and need 
for intensified treatment align with the characteristics of his PIRADS 
5 score, which is indicative of a more aggressive tumour. In contrast, 
Patient B’s PIRADS 4 score suggests a less aggressive tumour, consistent 
with his faster response and greater tumour shrinkage.
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4. Discussion

This work extends the study presented in Pérez-Benito et al. [39], 
which introduced a patient-specific model for PCa tumour growth. The 
focus here is on the tumour’s response to the most common treatments 
for PCa - HT, HDR-BT and EBRT-, with particular emphasis on PSA 
dynamics, as PSA is the primary biomarker used to evaluate tumour 
response to therapy. In contrast to the previous model, which was 
limited to patients under AS and did not incorporate therapeutic effects, 
the current study introduces several key advances. These include the 
simulation of treatment-specific spatial and temporal dynamics, the 
modelling of androgen transport as a new variable influencing tumour 
behaviour under hormone therapy, and the incorporation of a com-
partment for lethally damaged cells to better capture post-radiotherapy 
tumour response. These additions contribute to a more comprehen-
sive and clinically relevant framework, allowing for the evaluation of 
combination therapies in patients undergoing active treatment.

The model considers three coexisting constituents, taking into ac-
count the nature of the prostate: healthy cells, stroma and, in areas 
defined as tumour, tumoural cells. The model assumes that cell pro-
liferation and cell death are regulated by the concentration of specific 
tissue species (oxygen and androgens): sufficient concentration triggers 
proliferation, while its absence induces cell death. Since prostate cancer 
cells are heavily reliant on androgens for growth and survival, it is 
biologically plausible to model androgen concentration as a key driver 
in the evolution of tumoural cells [14,16,41]. In this way, HT lowers 
the level of androgens in the blood, so that the androgens that reach 
the tissues are not sufficient for the tumoural cells to survive. The time 
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these levels takes to return to normal after treatment is stopped is also 
taken into account [42]. Conversely, healthy cells and stroma exhibit 
lower sensitivity to androgen levels [70,71].

To model the cellular response to radiation, the LQ model is em-
ployed, a widely recognised and established framework for simulating 
RT effects. This model predicts cellular responses to ionising radiation, 
providing a straightforward relationship between cell survival and the 
radiation dose delivered [43]. It is particularly effective for modelling 
the effects of EBRT, where the total dose is divided into smaller 
fractions to minimise damage to surrounding healthy tissues. This 
fractionation allows healthy cells adequate time to recover between 
doses, ensuring that sub-lethal damage from the initial exposure is 
fully repaired, and the cells behave as if they had not been irradiated 
at all. However, the LQ model has limitations at high doses, where 
its predictions for cell death become less accurate [44–46,72,73]. To 
address this, a modification to the standard LQ model, known as the 
LQ-L model, is applied. This adjustment better aligns with the observed 
biological response of cells at higher doses, where the assumption of 
proportional damage no longer holds [47].

Furthermore, since cells do not immediately die upon exposure to 
RT [48], a new constituent is introduced: lethally damaged cells. These 
are cells that, despite receiving radiation, cannot repair the damage 
and ultimately die after a characteristic time period [62]. Although 
these cells contribute to the overall tumour volume, it is assumed in 
the model that they are incapable of producing PSA, a key biomarker 
for tumour activity. In this model, it is hypothesised that healthy cells 
completely recover after radiation exposure, and only tumoural cells 
are considered to be affected by the treatment [74]. This assumption 
simplifies the model by focusing on the tumour’s response to RT, which 
is the primary concern for treatment planning and effectiveness. The 
model also accounts for damage to cell proliferation capacity caused by 
RT, taking into account the typical recovery time from the last moment 
of treatment.

The computation of PSA in the tissue involves considering that 
in the tumour area, where lumens and ducts are obstructed due to 
abnormal cell proliferation, the accumulation of PSA in the tissue 
surpasses that in the healthy region [40,75]. To account for this effect 
and as a simplification, it is assumed that only tumoural cells produce 
PSA.

Seven patients from routine clinical practice are used to test this 
novel methodology. As the patients were selected from a retrospective 
study, the available data are limited. In the clinical practice, PSA blood 
tests are typically performed every three to six months after treatment 
to monitor tumour progression. While this frequency is sufficient for 
clinical purposes, it is lacking for detailed analysis using in-silico models 
such as the one proposed here. In addition, there are often no data 
available between the first MRI scan and the start of treatment. In stan-
dard practice, the PSA level is the primary diagnostic indicator. If an 
elevated PSA suggests the possibility of cancer, an MRI and biopsy are 
performed, and if cancer is confirmed, treatment is started immediately. 
If treatment appears to be successful and there is no sign of recurrence, 
follow-up MRIs after treatment are rarely performed. Therefore, due 
to the nature of the patients included in this retrospective study—
who were classified as intermediate-risk and demonstrated favourable 
responses to therapy—follow-up MRIs were not conducted. As a result, 
post-treatment tumour geometry was not available, preventing direct 
validation of tumour evolution using imaging data.

In view of these limitations, the focus of the study is on modelling 
the effect of treatments on the basis of their influence on PSA dynamics. 
Patient A was chosen to calibrate the specific parameters of the model 
related to PSA production by tumoural cells and PSA decay in tissue, 
values for which reliable data are scarce in the literature. This patient 
was selected because sufficient pre- and post-treatment PSA measure-
ments were available for calibration. Although no PSA data were 
recorded between the initial MRI diagnosis and the start of treatment, 
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the available PSA values were fitted to an exponential curve to gener-
ate synthetic data points for optimisation purposes. Once the general 
parameters of the model had been defined using patient A, it is run on 
six additional patients. The results show that the model successfully 
reproduces PSA dynamics. Specifically, the observed decline in PSA 
levels was associated with tumour cell death. As the concentration of 
tumoural cells decreases, PSA production becomes negligible, leading 
to a situation where PSA is cleared from the tissue faster than it is 
produced. The decline in PSA levels is a well-documented consequence 
of treatment [76–78]. Consequently, the model provides an estimate 
of tumour shrinkage based on the observed PSA dynamics, providing 
a valuable tool for understanding the relationship between tumour cell 
behaviour and PSA response to treatment.

In parallel, a sensitivity analysis is conducted to assess the impact 
of key model parameters on tumour progression and PSA response. 
Although not included in the main text due to focus and space consid-
erations, the Supplementary Material provides the results of a global 
sensitivity analysis based on the Morris screening method. For the 
local sensitivity analysis based on parameter optimisation, we refer the 
reader to our previous work [39], where this approach is applied and 
discussed in detail.

The model attains patient-specificity by integrating individualised 
clinical data from MRIs and biopsies, which directly influence the 
predictions, despite employing a unified parameter set calibrated on a 
single patient. This approach captures inter-patient variability through 
personalised inputs rather than per-patient parameter tuning [19]. 
Given the heterogeneity of treatment strategies in our cohort—where 
nearly every patient received a unique combination of therapies—
stratifying the calibration by treatment type would not be feasible 
and would ultimately result in a distinct parameter set for each pa-
tient. Moreover, since the immediate post-treatment PSA response typ-
ically follows a consistent pattern across modalities—characterised by 
a sharp decline—the benefits of separate calibrations per treatment 
type are limited in this context. By relying on general parameters and 
patient-specific input data, our approach avoids overfitting, enhances 
reproducibility, and streamlines clinical integration while still enabling 
personalised predictions. This work represents a first approximation; 
future studies should explore cross-calibration strategies and model 
stratification by treatment type to further assess the robustness and 
generalisability of the model.

It is important to note that the imaging data used in this study 
were obtained retrospectively from routine clinical practice, where 
the primary objective was patient evaluation rather than research 
standardisation. As such, variations in acquisition protocols reflect the 
realities of clinical imaging workflows. Nevertheless, the importance of 
protocol harmonisation for future research applications is recognised 
and emphasise the need for more standardised imaging acquisition in 
prospective studies to enhance consistency and reproducibility.

The predictive capability of the model was evaluated using the 
MAE and the RMSE. These metrics provide complementary insights 
into the accuracy of the simulated PSA dynamics relative to clinical 
data, with RMSE offering greater sensitivity to larger deviations. While 
percentage-based error metrics, such as the Mean Absolute Percentage 
Error (MAPE), could offer a standardised approach to compare model 
performance across patients, their application is limited in this context. 
This is primarily due to the fact that post-treatment PSA values are 
frequently close to zero, which may lead to numerically unstable or 
inflated percentage errors. As such, absolute error metrics were deemed 
more appropriate for assessing model accuracy in the present study.

In order to more accurately estimate the model’s capacity to as-
sess tumour response to various treatments, a comparative analysis of 
treatment strategies is conducted in two distinct patients. The results of 
this analysis highlight the significant impact of patient-specific factors 
on treatment efficacy, underscoring the limitations of a universally ap-
plicable approach. For Patient B, the employment of diverse radiation 
strategies led to comparable outcomes, suggesting a greater degree of 
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treatment flexibility. Conversely, Patient C exhibited an unfavourable 
response to EBRT alone, characterised by rapid PSA progression, un-
derscoring the importance of combination or alternative therapies for 
effective disease management. HDR-BT proved to be a highly effective 
treatment in both patients, either as a standalone modality or in combi-
nation with other treatments, while prolonged HT did not consistently 
demonstrate added benefit. In conclusion, these findings underscore the 
need for personalised treatment strategies that are tailored to individual 
patient responses to ensure optimal outcomes in the treatment of 
PCa [79,80]. The observed variations in response may be associated 
with the patient’s PIRADS classification. Patient B, who was classified 
as PIRADS 4, exhibited enhanced tumour shrinkage and accelerated 
PSA decline, indicating a less aggressive tumour [81,82]. In contrast, 
Patient C, who was classified as PIRADS 5, demonstrated a more pro-
nounced biochemical response but demonstrated PSA progression with 
EBRT alone. This suggests that Patient C harbours a more aggressive 
tumour, potentially resistant to radiation, and is more likely to benefit 
from combination therapies [83].

In order to gain a deeper understanding of the mechanisms in-
volved in tumour development, access to additional data is essential, 
though currently unavailable. Acquiring comprehensive datasets for 
such analyses is challenging, as retrospective studies often rely on 
data from patients treated in hospitals, where non-invasive tests are 
prioritised to ensure patient safety and comfort. Improving treatment 
outcomes and quality of life remains a key objective, and projects such 
as CHAIMELEON [84], ProCAncer-I [85] and ProCanAid [86] aim to 
address data limitations. CHAIMELEON [84] focuses on establishing a 
cancer imaging repository containing large, high-quality anonymised 
datasets, including prostate cancer cases. In contrast, ProCAncer-I [85] 
is developing an extensive, interoperable medical image repository and 
advancing artificial intelligence models to support diagnosis, metastasis 
detection, and treatment response prediction. These datasets are crucial 
for the future development and refinement of computational models, 
enabling more accurate simulations of tumour growth and treatment 
response. ProCanAid [86], in addition to the patient database, goes a 
step further with the aim of developing a computational tool to create 
a 4D digital twin of the entire prostate of a patient.

In summary, this study highlights the valuable role of computa-
tional modelling in enhancing our understanding of PCa growth and 
treatment response, particularly in relation to PSA dynamics. Such 
models serve as powerful tools to support clinical decision-making by 
enabling personalised treatment planning and prediction of therapeutic 
outcomes. This work represents an initial contribution to the develop-
ment of a future digital PCa twin. In the future, patient-specific digital 
twins for PCa could provide clinicians with robust tools to predict 
disease progression on an individual basis, facilitating the selection of 
the most appropriate treatment strategies and minimising the risk of 
both over- and under-treatment, which can cause significant patient 
distress. Future extensions of the model could incorporate additional 
biological mechanisms such as the immune response, further improving 
predictive accuracy. Ultimately, integrating digital twins into clini-
cal workflows holds great promise for advancing precision medicine, 
improving treatment outcomes, and enhancing patients’ quality of life.
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