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Physics-informedmachine learningdigital
twin for reconstructing prostate cancer
tumor growth via PSA tests
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Existing prostate cancer monitoring methods, reliant on prostate-specific antigen (PSA)
measurements in blood tests often fail to detect tumor growth. We develop a computational
framework to reconstruct tumor growth from the PSA integrating physics-based modeling and
machine learning in digital twins. The physics-based model considers PSA secretion and flux from
tissue to blood, depending on local vascularity. This model is enhanced by deep learning, which
regulates tumor growth dynamics through the patient’s PSA blood tests and 3D spatial interactions of
physiological variables of the digital twin. We showcase our framework by reconstructing tumor
growth in real patients over 2.5 years from diagnosis, with tumor volume relative errors ranging from
0.8% to 12.28%. Additionally, our results reveal scenarios of tumor growth despite no significant rise
in PSA levels. Therefore, our framework serves as a promising tool for prostate cancer monitoring,
supporting the advancement of personalized monitoring protocols.

Prostate cancer (PCa) is one of themost prevalent formsof cancer that affect
men1. It is estimated that prostate cancer accounted for 1.4millionnewcases
globally and resulted in more than 370,000 deaths in 2020 alone2. Prostate
cancer is characterized by the uncontrolled growth and division of luminal
cells within the prostate gland. Over time, these cancerous cells can invade
nearby tissues and potentially spread to other parts of the body, mainly to
the bones, lymph nodes, liver, and lungs3–6 in a process called metastasis7.
Therefore, predicting the evolution of prostate cancer is essential for timely
detection of growth and halting the expansion of the disease.

The diagnosis of prostate cancer typically relies on the Prostate Ima-
ging Reporting andData System (PI-RADS), which assigns scores on a five-
point scale to lesions observed in magnetic resonance imaging (MRI)
images8, and the Gleason score, which assesses the differentiation of cells in
biopsy samples9, serving as an indicator of tumor prognosis10. After con-
firming tumor presence through MRI and biopsy, prostate cancer mon-
itoring is commonly based on the prostate-specific antigen (PSA)
biomarker11. The PSA is a protein produced by both normal and cancerous
cells within the prostate gland. Its main function is to liquefy semen, aiding
in themobility and transportation of sperm during ejaculation12. PSA levels
in the blood have been extensively employed as a biomarker for both the
detection and ongoingmonitoring of prostate cancer. Elevated levels of PSA
may indicate various prostate conditions, including prostate cancer13.While

the exact reason for increased PSA levels in prostate cancer is not fully
understood, it is believed that cancerous cells can disrupt the normal
architecture of the prostate gland, leading to increased production and
leakage ofPSA into thebloodstream.Consequently,measuringPSA levels in
the blood can help in both the detection and the monitoring of prostate
cancer. Yet, tumor progression and growth often occurwithout a significant
rise in PSA levels, thereby obscuring the prognosis of the tumor. The limited
specificity and sensitivity of the PSA as biomarker14–16 are linked with poor
diagnosis, as well as treatment and screening-related adverse effects17.
Consequently, it is essential to deepen our understanding of the relationship
between PSA levels and tumor development.

Significant improvements have been made in the comprehension of
prostate cancer through computational models18,19. Jain et al.20 studied
through a systemof differential equations the progression of prostate cancer
under continuous and intermittent antiandrogen treatment regimes,
emphasizing the heterogeneous nature of the disease and adjusting perso-
nalized parameters to the average patients. Colli et al.21 analyzed prostate
cancer growth with chemotherapy and antiangiogenic therapy effects,
suggesting that, while cytotoxic drugs may suffice to treat mild tumors, the
combination of cytotoxic actionwith the reduction of intratumoral nutrient
availability is essential to kill the aggressive tumor. Lorenzo et al.22 for-
mulated a model for the PSA dynamics after radiotherapy treatment,
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showing good agreement with the patients’ PSA. However, these works do
not incorporate the anatomical and physiological characteristics of the
prostate gland itself, nor do they fully capture personalized aspects of
prostate cancer. By considering the specific features of the prostate through
image-based biomarkers, such as its shape, vascularization, or the spatial
distribution of cancer cells, computational models could provide more
detailed and accurate insights into tumor growth dynamics and treatment
response. This enhanced precision would allow for more personalized and
effective treatment strategies that would ultimately benefit the patients.

Advancing along these lines, digital twins are emerging as a promising
approach. Digital twins23–25 are virtual representations of physical objects,
processes, or systems, that mimic the behavior, characteristics, and func-
tionalities of their physical counterparts26. In the context of biology, digital
twins offer a means to integrate the anatomical and physiological char-
acteristics of patients’ tissues, together with medical records, and other
relevant information into computationalmodels27–29. Thus, digital twins are
a powerful tool for providing a more accurate and personalized under-
standing of tumor growth and treatment response in prostate cancer,
allowing for a more comprehensive representation of the disease. Various
authors have made efforts in this direction. For example, Boubaker et al.30

performafinite element simulation of the interaction of the prostate and the
surrounding organs to predict their deformation to improve radiotherapy
delivery. Lorenzo et al.31 simulate a patient’s specific prostate generated from
computed tomography (CT) images. Lorenzo et al.32 extend the model to
include the mechanical interaction of prostate cancer and benign prostatic
hyperplasia. Hadjicharalambous et al.33 data-driven framework for perso-
nalized brachytherapy simulation, integrating prostate biomechanical
modeling, catheter insertion, and tissue deformation to optimize prostate
cancer treatment planning. Despite significant advances, the aforemen-
tionedworks still present several limitations. First, using onlyCT imaging to
determine prostate geometry falls short in precisely identifying prostate
cancer and pinpointing its location. Second, thesemodels lack the capability
to incorporate detailed information at the cellular level within the prostate
tissue, such as cell density or cellularity, crucial for accurately simulating
tumor growth. Moreover, the lack of perfusion data eliminates the possi-
bility of accounting for the spatial arrangement of the vascular network.
Recent work by Lorenzo et al.34 address some of these limitations by
leveragingmultiparametricMRI to account for tumor cellularity in prostate
cancer. Since tumor growth is driven directly by the proliferation of cancer
cells, incorporating cell concentration is important for accurately capturing
its progression and development. Advancing in this direction holds the
potential to enhance patient-specific representation and the biological
relevance of simulations, thereby better supporting clinicians in persona-
lized disease management.

In this work, we present a physics-informed machine-learning fra-
mework to predict the prognosis of prostate cancer using digital twins.
Initially, we generate patient-specific digital twins of the prostate from T2-
weighted MRI images, incorporating cellular-level data such as cellularity,
vascularization, and tumor location. These digital twins are then introduced
into the computational framework to obtain the tumor’s growth over time.
In this physics-based model of prostate cancer, we consider the production
of tissue PSA by cancer cells and propose amathematicalmodel to calculate
serum PSA levels based on the prostate’s vascularization. Consequently,
serum PSA dynamics are primarily driven by tumor cell proliferation, and
the actual variations in serum PSA levels arise from the complex interplay
among tumor cell concentration, local vascularity, and the production and
decay of PSA in both tissue and blood. Todetermine the tumor’s growth, we
incorporate a patient-agnostic deep-learning method that regulates its
dynamics in the physics-based model. To achieve this, it considers the
spatial interaction of both MRI-derived variables, such as cellularity, vas-
cularization, and tumor location, as well as simulation-derived variables,
including tissue PSAand the fraction of proliferating tumor cells, alongwith
clinical patient data such as serum PSA levels and time points.We calibrate
the physics-based model to reflect patient-specific tumor growth dynamics
by integrating a serum PSA measurement alongside one additional follow-
upMRI data point. This process enables the determination of personalized
physical parameters, enhancing the accuracy of tumor prognoses. After this
calibration, no further adjustments are needed, and tumor growth recon-
structions can be made from serum PSA follow-up assessments. We illus-
trate our approach with two real patients sourced from the La Fe Hospital
(HULAFE) database. Our findings demonstrate the efficacy of our meth-
odology in accurately predicting the growth of prostate cancer, based on
patient follow-ups using serum PSA data. This approach helps reduce the
uncertainty of tumor growth during periods when monitoring relies solely
on PSA measurements, enabling more informed clinical decisions. Ulti-
mately, this method enhances the interpretability of PSA monitoring and
contributes to more personalized patient care protocols.

Results
Physics-informed machine learning digital twin framework for
prostate cancer
We present a computational framework for prostate cancer in digital twins,
combining a physics-based model for tumor growth with a machine-
learning model that regulates its growth dynamics (Fig. 1). This patient-
specific digital twin of the prostate is generated from theT2-weighted image
(T2WI) sequences on magnetic resonance imaging (MRI), which include
DiffusionWeighted (DW) and Dynamic Contrast Enhanced (DCE) image
sequences, as well as the tumor segmented by expert radiologists from

Fig. 1 | Prostate cancer digital twin framework. a The digital twin geometry is
reconstructed from the T2-weighted image sequences on magnetic resonance
imaging, including the spatial distributions of cellularity from the apparent diffusion
coefficient maps in the diffusion-weighted images, ktrans from dynamic contrast-
enhanced sequences, and the tumor mask. b The computational model consists of
two main parts. First, a physics-based model simulates the evolution of tissue PSA

P(x, t), serum PSA Ps(t), and tumor growth ct(x, t). Second, a machine learning
model based on a neural network (NN) determines the fraction of proliferating
tumor cells ϕθ(x, t) in the tumor growth equation based on the data from the digital
twin and the patient follow-up serum PSA blood test. c The outcome of the model is
the patient’s tumor growth from diagnosis to the follow-up date.
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HULAFE, all common procedures in the evaluation and diagnosis of
prostate cancer (Fig. 1a). Using these MRI sequences, a 3D voxelized geo-
metry is generated, containing thepatient’s data such as the cellularity c(x, t),
the spatial distribution of vascularization considered through ktrans(x),
whichprovides crucial information about tissueperfusion andpermeability,
and the tumor binary mask Tmask(x, t) (see Imaging and postprocessingMRI
sequences in Methods for further details).

We propose a physics-informed machine learning model to simulate
the growth of prostate cancer (Fig. 1b). The purpose of the physics-based
model is to represent the biological processes involved in prostate cancer
within the digital twin framework to predict the growth of the diagnosed
tumor. In thismodel,we simulate the tissuePSAperunit volumeofprostatic
tissue P(x, t) as a consequence of the PSA leakage from cancer cells. Addi-
tionally, we incorporate the exchange of PSA between the tissue and the
bloodstream. To achieve this, we consider the capillaries located in the
tissue, represented through ktrans(x). This exchange depends on the con-
centration difference between the tissue PSA distribution (P(x, t)) and the
serum PSA (Ps(t)), as well as the permeability of the capillaries. We also
consider the natural decay of the tissue PSA. The serum PSA (Ps(t)) is
obtainedby integrating thefluxbetween the bloodstreamand the tissue, also
considering its natural decay. Finally, we model the evolution of the con-
centrationof tumor cells ct(x, t),which represents tumorgrowth.This tumor
cell concentration is responsible for the production of tissue PSA, and
therefore, for the variations in the simulated serum PSA concentration.
Hence, the dynamics of tumor growth cause the variations in serum PSA
(see Physics-based model for prostate cancer in Methods for details of the
physics-based model).

In this physics-basedmodel, we integrate amachine-learningmodel to
determine the dynamics of tumor growth (ct(x, t)) based on the patient’s
serum PSA tests from their follow-ups. This machine learning model
approximates, through a fully connected neural network (NN), the fraction
of proliferating tumor cells ϕθ(x, t), which is incorporated into the equation
describing tumor growth (see next section for further details). To accom-
plish this, the deep-learning model receives data from the physics-based
model and the patient follow-up data based on serum PSA blood tests.
Consequently, it regulates the tumor growth dynamics in the physics-based
model so the simulated PSA accurately reproduces the patient’s serum PSA

values. Finally, we predict the tumor’s growth from the time of diagnosis to
the follow-up date which is responsible for the observed serum PSA
variations.

Machine learning model for tumor growth dynamics
We propose a deep-learning algorithm to determine tumor growth by
regulating the fraction of proliferating tumor cells (ϕθ(x, t)) in Eq. (3)
(Fig. 2). To approximate this function that controls tumor growth, we
employ data from the digital twin and the patient. First, for each
voxel of the digital twin, we extract the following data: cellularity
(c(x, t)), normalized tissue PSA (Pðx; tÞ=maxðPðx; tÞÞ), normalized
ktrans (ktransðxÞ=maxðktransðxÞÞ), the tumor mask (Tmask(x, t)), and the
fraction of proliferating tumor cells (ϕθ(x, t)). Second, we use as
patient data the serum PSA measured in the follow-up blood test
(ðPst

Þ), which we aim to replicate. This is compared to the current
simulated PSA at the time the NN is called (Ps), and normalized as
ðPst

� PsðtÞÞ=Pst
. Similarly, we consider the time when the follow-up

blood test is conducted (tt), compared to the current simulation time
t, and normalize it as (tt − t)/tt.

Then, we construct the input matrix for the neural network using this
data. For each voxel of the digital twin, we gather its extracted data and
concatenate it with the data from adjacent neighboring voxels and the data
from the patient, following a standardized sequence.Due to the voxel-based
geometry, each voxel is typically surrounded by 26 neighbors, except for
edge voxels. For these edge voxels, we insert -1 values in the positions of the
non-existent neighboring voxels to substitute themissing data (seeMachine
learning input matrix construction in Supplementary Material). This
method enables us to estimate the proportion of proliferating cells not solely
from individual voxel data but by also considering the spatial context of
surrounding voxels, thus incorporating spatial dynamics into our analysis.
Additionally, it is patient-agnostic,meaning it is independentof thepatient’s
specific digital twin geometry, not requiring changes in architecture or
retraining due to geometrical changes in the patient’s prostate. Finally, this
matrix is fed forward to theNN to obtain the fraction of proliferating tumor
cells for the next time step ϕθ(x, t+ Δt). This data extraction, input matrix
construction and feed-forwarding is repeated at every time step of the
physics-based simulation.
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Fig. 2 | Machine learning model. This model approximates the evolution of the
fraction of proliferating tumor cells in each location (ϕθ(x, t)). To do that, it employs
data from the digital twin and the patient’s follow-up serum PSA test to construct an
inputmatrix. Thematrix is then processed through aNN to determine the fraction of

proliferating tumor cells. Spatial interactions are considered by incorporating data
from neighboring voxels. This process is repeated at every time step in the physics-
based simulation.
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Calibration for patient-specific tumor growth dynamics
The calibration of the framework involves two phases. The initial phase
entails training the patient-agnostic NN of the machine learning model to
learn serum PSA dynamics. The second phase involves obtaining patient-
specific parameters for the physics-based model for personalized tumor
growth (Fig. 3).

In the initial phase, the weights of the NN (θ) are obtained to learn
serum PSA dynamics through adequate spatial and temporal regulation of
the fraction of proliferating tumor cells (Fig. 3a). It is important to note that
this training step uses a single case of initial conditions (either synthetic or
from an actual patient) which is subjected to a multi-objective simulation:
reach a certain blood level of PSA (target serum PSA dataset (Pst

)) within a
definedperiod (target times dataset (tt)). Then,we calculate the loss between
the simulated serum PSA and the target serumPSA at the target times. This
loss is then backpropagated to optimize the NN weights (see Model cali-
bration in the Methods section). In this way, the NN learns the underlying
relationships between PSA production and the spatial distribution of cel-
lularity, ktrans, and tumor growth that result in the different evolutions of the
serum PSA. This deep-learning model addresses the inverse problem of
predicting tumor growth from serumPSAat a certain date.At this point, the
physics-basedparameters are not required to be patient-specific, so this step
is performed only once during the model setup.

Once the machine learning model is set up with the trained NN, the
next phase involves obtaining the patient’s specific parameters of the
physics-basedmodel tomake personalizedpredictions from their blood test
(Fig. 3b). This ensures that the predicted tumor aligns with the patient’s
actual tumor when replicating serum PSA levels. For this purpose, we
conduct a simulation incorporating the patient’s follow-up data as targets
for theNN, resulting in the personalized growth of the tumor and evolution
of the serum PSA. Subsequently, we calculate the error between the pre-
dicted volume and serum PSA and the actual values obtained from the
follow-up and minimize it by optimizing the parameters of the physics-
based model (refer to Model calibration in the Methods section). After
determining the patient-specific parameters of the physics-based model
with a single MRI follow-up, we can make further predictions of tumor
growth using only subsequent serum PSA follow-ups.

Unveiling patient-specific tumor growth
To demonstrate the potential of the framework for predicting patient-
specific prostate cancer growth, we utilize data from two anonymized
patients from HULAFE, whom we will henceforth name Patient A and
Patient B. PatientAwas diagnosed at the age of 68,with a PI-RADScategory
5 and a Gleason score of 3+ 3. Patient B, diagnosed at the age of 60, had a
PI-RADS category 4. Patient B’s biopsy reveals a Gleason score of 3+ 3 and
a 2% concentration of tumor cells. Since the concentration of tumor cells
was not measured in the biopsy of Patient A, we assume it to be the same as
that of Patient B.

We apply the calibrationmethod presented in Fig. 3b to determine the
patient-specific parameters of the physics-based model which replicate the
serum PSA and tumor growth from the diagnosis to the first follow-up

(Fig. 4a). Notably, the obtained parameters outline substantial differences
between the two patients. The tissue PSA production rate (αp) is 49.05%
lower in the case of Patient A compared to Patient B. Conversely, the tumor
growth rate (αt) is 124.07% higher in Patient A than in Patient B. This
indicates that while Patient A’s tumor secretes less PSA, it exhibits a higher
growth rate. Regarding decay rates, Patient B has higher decay rates both in
tissue and serum, although our parametric analysis suggests that the serum
PSA decay rate (γs) is the least influential parameter in the computa-
tional model.

We illustrate the tumor growth of Patient A from diagnosis to follow-
up (Fig. 4b). The serum PSA level at diagnosis is 6.60 ng/mL with a corre-
sponding tumor volume of 579mm3. Subsequently, after 393 days, the
clinical tumorvolume increases to 862mm3, accompaniedby a rise in serum
PSA to 7.40 ng/mL. We reproduce this clinical growth with our computa-
tional model, with a simulated serum PSA of 7.70 ng/mL and a tumor
volume of 887mm3, resulting in a relative error of 2.82% compared to the
clinical tumor volume at follow-up 1. Furthermore, our model not only
accurately replicates the serum PSA levels and tumor volume, but also
captures the shapeof the tumor as shown in the comparisonof the tumors in
Fig. 4b. To quantitatively assess the differences in tumor shape between the
data and the simulation, we calculate the principal moments of inertia. This
analysis demonstrates that our model accurately captures and reproduces
the tumor shape over time.

We also depict the tumor growth of Patient B from diagnosis to
the follow-up 1 after 710 days (Fig. 4c). In this case, the diagnosed
tumor volume is 249 mm3 with a serum PSA level of 7.64 ng/mL.
Subsequently, at the follow-up 1, the clinical serum PSA increases to
10.85 ng/mL and the tumor volume to 407 mm3. Here, we also repli-
cate both the serum PSA (10.94 ng/mL) and tumor volume (404 mm3),
with relative errors of 0.7% and 0.8%, respectively. Moreover, the
simulated tumor mimics the real shape of the tumor at the follow-up,
as indicated by the principal moments of inertia in Fig. 4c.

Interestingly, we canobserve that the patients have different tumor and
PSA dynamics. Patient A’s tumor volume increased from diagnosis to
follow-up 1 at a rate of 0.72mm3/day with only a 2.0 × 10−3 ng/mL/day
increase in serum PSA, while Patient B’s tumor volume and serum PSA
increased at rates of 0.22 mm3/day and 4.5 × 10−3 ng/mL/day, respectively.
Thus, the growth rate of Patient A’s tumor is 3.27 times higher, while the
serum PSA increase rate is 2.25 times lower. These clinical prognoses of the
patients alignwith the calibration results of the physics-based parameters in
Fig. 4a, which indicate that Patient A’s tumor grows faster but secretes less
than Patient B’s tumor. Consequently, our model demonstrates the cap-
ability to precisely reproduce prostate tumor growth, obtaining patient-
specific parameters that account for interpatient prostate cancer
heterogeneity.

Reconstructing long-term patient-specific tumor growth from
serum PSA tests
Our framework’s greatest contribution is the capability to predict long-term
tumor growth solely from serum PSA measurements in subsequent

Fig. 3 | Calibration of the framework to reproduce
patient-specific tumor growth. a Training of the
NN to learn to replicate serum PSA dynamics by
controlling tumor growth. This involves conducting
simulations with each serum PSA dataset, followed
by minimizing the loss between the simulated and
dataset serum PSA. b Calibration of the patient-
specific parameters of the physics-based model for
personalized predictions. The serum PSA is inte-
grated into the computational model to predict
tumor growth at the follow-up. Subsequently, the
error between the predicted tumor volume and
serum PSA and the clinical outcomes is minimized.
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follow-up blood tests, potentially reducing the need for frequent MRIs and
thereby optimizing patient care. To do this, we fix the parameters of the
physics-based model obtained from each patient and infer tumor growth
from serum PSA levels at their subsequent follow-ups (Fig. 5). Using this
approach,wepredict the clinical evolutionof PatientA (Fig. 5a). The clinical

follow-ups for Patient A’s serum PSA show a 5.94% increase from Follow-
up 1 (7.40 ng/mL) to Follow-up 2 (7.84 ng/mL) at day 582. Subsequently, in
Follow-up 3, the serum PSA increases by 7.22% (8.45 ng/mL) from Follow-
up 2. We incorporate these measurements into our computational model
and accurately replicate the serum PSA evolution, obtaining the growth of
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follow-up are provided. Additionally, comparisons between tumor volume, serum
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the tumor that produces these variations. For PatientA, follow-ups included
both blood tests and MRI scans. Thus, we can compare not only the PSA
levels but the tumors to further validate our predictions. At follow-up 1, the
clinical tumor volumewas 862mm3. By follow-up 2, it increases to 991mm3

(a 13% increase from follow-up 1), and at follow-up 3, it further grows to
1181mm3 (a 16% increase from follow-up 2), confirming that the nature of
Patient A’s tumor produces minimal PSA elevation despite continuous
tumor growth. As shown in Fig. 5a, our predictions align with the actual
evolution of PatientA, demonstrating relative errors of 3.10%and 2.90% for
PSA and tumor volume, respectively, at follow-up 2, and 4.47% and 12.28%
at follow-up 3. These results highlight the potential of our model to infer
patient-specific parameters and future tumor growth and shape (see Sup-
plementary Fig. 2a in SupplementaryMaterial for the principal moments of
inertia of the tumors) solely from serum PSA data (see Supplementary
Movie 1 for the simulation of Patient A’s tumor growth from diagnosis to
follow-up 3).

We also predict the clinical evolution of Patient B based on blood tests
conducted on days 900 and 956 (Fig. 5b). Patient B’s follow-ups rely solely
on serumPSA tests (noMRIdata), so predicted tumor volume at follow-ups
2 and 3 cannot be compared with imaging data. In this case, the serum PSA
levels increase by29.82%onday900 compared toFollow-up1, followedbya
further increase of 6.53% on day 956. Our approach predicts a tumor
volume increase of 38.61% on day 900 compared to Follow-up 1, followed
by an additional increase of 5.18% over the next 56 days, consistent with the
percentage increases in serum PSA (see Supplementary Movie 2 for the
simulation of Patient B’s tumor growth from diagnosis to day 956 and
Supplementary Fig. 2b in Supplementary Material for the principal
moments of the inertia of the tumors). We confirm that the tumor recon-
structions for both patients remain consistent, despite variations in serum
PSA data arising from uncertainties in its measurement due to biological or
instrumental factors (refer to Tumor volume sensitivity to serum PSA var-
iations in Supplementary Material). We conclude that tumor growth in
Patient B is directly correlatedwith increased serumPSA levels, allowing for
better detection compared to Patient A.

Discussion
We have developed an innovative framework consisting of a digital twin
for the prostate with a physics-informed machine-learning model to
predict the prognosis of prostate cancer. Through this model, we can

predict a patient’s specific prostate tumor growth based on an initial MRI
and subsequentPSAblood tests. This approach involves employing a deep
learning model to regulate tumor dynamics within the physics-based
model, determining the fraction of proliferating tumor cells in each
location of the prostate. The machine-learning model we have developed
takes into account the three-dimensional spatial interaction of physiolo-
gical variables in the prostate, including cellularity levels, vascularization,
tumor location, as well as simulation-derived variables, including tissue
PSA and the fraction of proliferating tumor cells, along with clinical
patient data such as serum PSA levels and time points, to capture the
spatial-physical interactions driving disease progression. Importantly, our
approach relies on a deep NN independent of the prostate’s geometry
(geometry agnostic). In our proposed method, we voxelize the prostate’s
geometry, standardizing voxel connections and, consequently, the num-
ber of neighboring voxels. To obtain the fraction of proliferating tumor
cells in a voxel,we incorporate data from that voxel, its neighboring voxels,
and the patient’s follow-up data. Since the connections between voxels
remain constant regardless of the specific prostate geometry, we can
maintain a consistent input structure for the NN. Therefore, this allows
the NN to be applied effectively across patients without changing archi-
tectures or requiring retraining due to geometrical changes, all while
considering spatial interactions.

We have preliminarily validated our methodology by calibrating and
then reconstructing tumor growth in two real patients, showcasing accurate
simulated PSA evolutions and robust tumor growth reconstructions despite
PSA uncertainty (refer to Tumorvolumesensitivity to variations in PSA in
Supplementary Material), although uncertainty quantification will be
explored in future work to further enhance its robustness. We have
demonstrated its potential to accurately reproduce not only clinical tumor
volume and shape over time (refer to Supplementary Fig. 2 in Supple-
mentaryMaterial for comparisons of the principalmoments of inertia of the
tumors), but also to obtain patient-specific parameters of the physics-based
model that accounts for interpatient prostate cancer heterogeneity (Fig. 4a)
This determination of the physics-based patient parameters enabled us to
characterize two distinct patient profiles. In one scenario (Patient B), tumor
growth is directly correlated with the increase in serum PSA levels, which
could be readily detected through blood tests. Conversely, in Patient A
tumor grows without a significant elevation in PSA levels. This mechanism
elucidates the well-known lack of sensitivity of PSA as a standalone
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Fig. 5 | Reconstruction of patient-specific prostate tumor growth. a Predictions
for Patient A. b Predictions for Patient B. For both patients, the clinical serum PSA
measurements from follow-up blood tests and the simulated evolution of serumPSA

are shown.Additionally, a comparison between the clinical and reconstructed tumor
volumes is provided (no subsequent image-based follow-up was conducted for
Patient B after day 710).
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biomarker for screening14–16. With further characterization of these para-
meters across a broader patient population, we could potentially establish
correlations between the model’s parameters and tumor aggressiveness
metrics, such as the Gleason score. Therefore, our model allows for the
identification of patients with hidden tumor growth, where serum PSA
levels remain stable despite tumor development. This addresses the chal-
lenges of monitoring the disease through serum PSA in periods between
MRIs, enabling more timely and personalized interventions.

Furthermore, our computational framework allows for the recon-
struction of tumor growth even in cases with multiple primary tumors (see
Multiple primary foci tumor growth reconstruction in Supplementary
Material) from periodic blood tests, offering the potential to predict long-
term outcomes over periods spanning months or even years with remark-
able computational speed (a simulation spanning 956 real-world days takes
~23 s to complete (see Model implementation in Methods for further
details)). This efficiency enables rapid prognosis evaluations, an important
feature to assist clinicians in making real-time decisions for personalized
cancer management. In our proposed physics-based model, we integrated
biologically relevant aspects of prostate cancer, including the increase in
tissue PSA caused by the PSA leakage from cancer cells. Under normal
conditions, PSA produced by healthy cells is delivered to the urethra,
however, in cancer pathological conditions, tumor cells proliferate without
generating the necessary ducts for PSA delivery to the urethra, resulting in
leakage. Depending on the prostate’s vascularization, as described by the
ktrans distribution, this abnormal concentration of PSA passes into the
bloodstream. Thus, ktrans reflects the spatial distribution of vascularization,
tissue perfusion, and permeability in dynamic contrast-enhanced magnetic
resonance imaging (DCE-MRI) within our physics-basedmodel35. The flux
of fluid and substances between tissue and blood through the ktrans dis-
tribution has already been modeled36–38. However, to the best of our
knowledge, this is also the first computational work in prostate cancer
considering the intravasation of PSA from the tissue to the blood while
taking into account the spatial distribution of vascularization through the
ktrans distribution.

Weproposed amathematicalmethodology to simulate these biological
processes that occur on different timescales and perform long-term simu-
lations with reduced computational burden. In this model, certain
assumptions weremade.We inferred the concentration of tumor cells from
cellularity and the percentage of tumor cells from biopsy results. If the
biopsy is randomly sampled from the prostate, there may be samples
without tumor, leading to an underestimation of the percentage. Ideally, our
estimation would be more precise if the biopsy were guided to the tumor
location. Additionally, the updating algorithm of the tumormask considers
an upper threshold for expansion, representing the carrying capacity that
the voxel cannot exceed in that area. Although this upper threshold aligns
with evidence that the cell population reaches a maximum tissue carrying
capacity39,40, other algorithms could be introduced, such as considering this
threshold as a stochastic parameter or increasing a certain percentage of the
initial concentration. Nonetheless, we evaluated the effect of the carrying
capacity on tumor reconstructions and demonstrated the model’s ability to
replicate tumor growth with different values by recalibrating the physics-
based parameters. Despite recalibrating the physics-based parameters for
the new carrying capacities, the trends in the parameters across patients
remain consistent (see Carrying capacity sensitivity analysis in Supple-
mentary Material.) A limitation of this study is that we did not perform
longitudinal image registration for each patient. Incorporating this in future
work would enhancemodel validation by enabling voxel-wise comparisons
of tumor growth and spatial maps, such as cellularity concentration, across
multiple time points. Furthermore, clinical segmented tumors may have
inaccuracies, resulting in small deviations in clinical tumor volumes, which
can be minimized with the utilization of available automated segmentation
tools for prostate cancer41,42 and for geometry reconstruction43. Regarding
the machine learning model, larger datasets of serum PSA at different time
points could be employed, enhancing the capacity to reproduce various
dynamic behaviors or training on different geometries. However, despite

these simplifications, we have demonstrated the predictive capabilities of
ourmodel indetermining thepatient’s prognosis. Thus, theproposedmodel
framework can be applied to patients with prostate cancer. To simulate
patients with concomitant benign prostatic hyperplasia or episodes of
prostatitis, we should include other factors not included in the
current model.

Therefore, this framework, which integrates a physics-informed
machine learning model into the prostate digital twin, offers a novel
approach to improving the monitoring of prostate cancer. By providing a
clearer understanding of tumor growth trends from serum PSA blood tests,
it can guide clinicians in determining the optimal timing for further diag-
nostic actions, such as MRI or biopsy.

Methods
Imaging and postprocessing MRI sequences
The 3D geometry of the prostate is reconstructed from the T2-weighted
MRI sequences using the im2mesh library43 and then meshed with voxels.
Then, the tumor mask Tmask(x, t) is interpolated onto this voxelized geo-
metry from the binary mask of the tumor segmented by clinicians in the
T2WMRI sequences. The cellularity c(x, t) is calculated from the Apparent
Diffusion Coefficient (ADC) maps extracted from DW sequences44, which
measure the diffusion of water molecules, following45 and then interpolated
in this voxelized mesh:

cðx; tÞ ¼ ADCw � ADCðxÞ
ADCw � ADCmin

; ð1Þ

with ADCw = 3 × 10−3 mm2/s the magnitude of diffusion of free water
molecules from ref. 45 andADCmin theminimumvalue of theADCmaps of
the MRI at time t.

Finally, we employ the Standard Tofts Model as the pharmacokinetic
model to describe the behavior of gadolinium in the DCE-MRI sequences35

and characterize tissue vascularization. This model helps assess key para-
meters such as tissue perfusion, vascular permeability, and the rate of
contrast washout. By adjusting the parameters of the model to fit the con-
centration of the contrast agent in the tissue over time, derived from the
time-intensity curves, we can obtain ktrans(x) and interpolate it onto the
geometry, which represents the rate at which the contrast agentmoves from
the blood vessels into the tissue, influenced by both blood flow and vessel
permeability46.

Imaging acquisitiondetails for eachMRIperformedon thepatients can
be found in Supplementary Tables 1 and 2.

Physics-based model for prostate cancer
The physics-based model has three main variables, the tissue PSA per unit
volumeof prostatic tissueP(x, t), the serumPSAPs(t), and the concentration
of tumor cells ct(x, t). First, the initial concentration of tumor cells ct(x, t0) is
calculated from the diagnostic image-data derived cellularity c(x, t0), the
mean percentage of tumor cells estimated in the patient’s biopsy pb, and the
tumor mask Tmask(x, t0):

ctðx; t0Þ ¼ pbTmaskðx; t0Þcðx; t0Þ: ð2Þ

Then, we introduce amathematical model to simulate the evolution of
the concentration of tumor cells:

∂ctðx; tÞ
∂t

¼ ϕθðx; tÞαtctðx; tÞ; ð3Þ

where ϕθ(x, t) is a function approximated by a NN that determines tem-
porarily and spatially the fraction of tumor cells that are proliferating and αt
the tumor growth rate. We consider that when the concentration of cells
reaches a maximum tissue-carrying capacity equal to 0.839,40, the tumor
mask is expanded to theneighboringvoxels (seeCarrying capacity sensitivity
analysis in Supplementary Material). Then, we compute the concentration
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of tumor cells in the expanded regions. The temporal growth of the tumor
volume Tvol(t) can be obtained by integrating tumor mask across the
prostate domain (Ωx):

TvolðtÞ ¼
Z

Ωx

Tmaskðx; tÞdx: ð4Þ

The tissue PSA increase is a consequence of the PSA leakage of cancer
cells. Thus, the tissue PSA per unit volume of prostatic tissue (P(x, t)) is
calculated from:

∂Pðx; tÞ
∂t

¼ αpctðx; tÞ � γpPðx; tÞ �
mwgad

mwPSA

ktransðxÞ Pðx; tÞ � PsðtÞ
Ωvox

� �
:

ð5Þ
Here, αp is the tissue PSA production rate per unit volume of prostatic

tissue by tumor cells, γp denotes the natural tissue PSA decay rate, mwPSA

represents the molecular weight of PSA47 (mwPSA
¼ 26Da), mwgad

denotes
the molecular weight of gadolinium-based contrast agent48, and Ωvox the
volume of the interchanging region. The gadolinium-based contrast agent
used for theMRI scanswasGadoterateMeglumine49, which has amolecular
weight of 753.9 Da. The last term represents the PSA exchange between the
tissue and blood in vascularized regions of the prostate, as depicted by the
spatial distribution of ktrans(x). We assume constant and sufficient blood
flow, allowing for a steady concentration of serum PSA (Ps(t)) through the
capillaries. The serum PSA’s evolution (Ps(t)) is determined by integrating
the PSA exchange between the tissue and blood:

dPsðtÞ
dt

¼
Z

Ωx

mwgad

mwPSA

ktransðxÞ Pðx; tÞ � PsðtÞ
Ωvox

� �
dx � γsPsðtÞ ð6Þ

with γs the natural serum PSA decay rate.
Finally, the temporal scale of the PSA exchange between blood and

tissue through ktrans(x) occurs within seconds, whereas the dynamics of
tumor growth typically occur over months. To simulate time frames
spanning years and enable follow-ups at any time point, we elaborate a
methodology to address the different timescales in this physics-basedmodel
(refer to PSA dynamics simulation in Supplementary Material).

Model calibration
The NN is trained with 20% dropout employing a training and validation
dataset. We employed the Python package Optuna50 for hyperparameter
tuning. The loss function used was mean squared error (squared L2
norm). At each epoch, we used a stochastic gradient optimizer (Adam)51

for the training dataset and then tested over the validation dataset. The
training dataset included three different serum PSA values, Pstrain

¼
½1:5; 3; 5� ng=mL at 60 days, representing a slow, medium and fast
serum PSA increase from an initial serum PSA of 1 ng/mL. The valida-
tion dataset comprised three different serum PSA values, Psval

¼
½1; 2; 4� ng=mL at day 60, starting from an initial serum PSA of 1 ng/mL.
We tuned the hyperparameters until minimizing the loss over the vali-
dation dataset. The optimized NN hyperparameters resulted in 2 hidden
layers of 353 nodes each one, trained with a learning rate of 0.001 and
4585 epochs. The patient-specific parameters of the physics-based model
are also optimized using the Optuna framework. In this case, we mini-
mize the error based on the mean squared error (squared L2 norm)
between the predicted and the clinical tumor volume and the serum PSA.

Model implementation
The digital twin’s geometry reconstruction from T2-weighted MRI
sequences was done using im2mesh library43 in Python and the voxelization
was performed in Matlab R2023b. The entire computational model was
implemented in Python, utilizing the library PyTorch for the machine
learning model. The physics-based model was integrated in time using the
forward Euler method, with a time step ofΔt = 1 day. The simulations were

performedusing an Intel(R)Core(TM) i9-7900XCPU@3.30GHz, 32.0 GB
RAM, and NVIDIA GeForce GTX 1050 Ti GPU. For Patient A, a full
simulation spanning 786 real-world days, with a geometry discretization of
1mm3 and 66,691 voxels, takes ~25 s on the GPU and 53 s on the CPU. For
Patient B, a simulation covering 956 real-world days, with a geometry dis-
cretization of 1mm3 and 52,709 voxels, takes ~25 s on the GPU and 52 s on
the CPU.

Data availability
The data used for the reproducibility of the model are openly available on
GitHub https://github.com/daniel-camacho-gomez/ProstateNet. Addi-
tional data can be provided upon request.

Code availability
The code is openly available on GitHub at https://github.com/daniel-
camacho-gomez/ProstateNet.
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