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Cancer remains a major global health challenge, motivating personalized treatments. PDE-based models can
capture tumor dynamics and enable patient-specific predictions, but traditional solvers like FDM or FEM can
be computationally costly and require extensive calibration, while purely data-driven neural networks often
lack interpretability. Physics-Informed Neural Networks (PINNs) address these limitations by embedding PDE
constraints, supporting both forward simulations and inverse parameter estimation. We model glioblastoma
growth using a reproducible, open-source PINN framework based on the Fisher—KPP equation. A system-
atic hyperparameter study evaluates architecture, activation functions, optimizers, learning rates, batching,
and sampling strategies. Experiments on synthetic tumors show accurate dynamics and reliable recovery of
biophysical parameters. We further provide a standalone Python implementation, transparent datasets, and

practical guidelines for reproducible research in personalized oncology.

1 INTRODUCTION

Cancer remains a major global health challenge (Filho
et al., 2025)). Tumors exhibit strong heterogeneity in
size, invasion patterns, and therapy response, com-
plicating treatment design and motivating patient-
specific strategies (Zhang et al., 2025b)). Mathemat-
ical models offer a way to quantify this variability,
ranging from ordinary differential equations (ODEs)
for overall behavior (Lima et al., 2022), to partial
differential equations (PDEs) for spatiotemporal dy-
namics (Murray, 2012)), and agent-based models for
cell-level interactions (Poleszczuk et al., 2016)). This
work focuses on PDE-based tumor models, which
capture spatial growth and are naturally compatible
with imaging data (Wu et al., 2022; [Lorenzo et al.,
2024). A key step for clinical applicability is solving
the inverse problem of estimating patient-specific pa-
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rameters from limited observations. These parameters
are typically unknown and exhibit substantial inter-
patient variability (Swanson et al., 2008)), making ac-
curate estimation essential.

While numerical solvers are accurate, they require
complex meshing, high computational cost, and care-
ful calibration (Harish et al., 2021; [Lorenzo et al.,
2024). In contrast, purely data-driven neural networks
can learn complex patterns but lack interpretability
and perform poorly with scarce data (Linardatos et al.,
2020; [Vinuesa and Beril, 2021). Physics-informed
neural networks (PINNs) address these limitations by
embedding the governing PDEs directly into the loss
function, combining clinical observations with phys-
ical laws during training (Raissi et al., 2019). This
enables efficient simulations, supports inverse param-
eter estimation, and maintains consistency with un-
derlying tumor biology.

We apply PINNs to both forward and inverse
problems for modeling glioblastoma growth in two
spatial dimensions using representative brain slices.
The novelty of this work is a systematic and re-
producible analysis of PINN design choices for tu-



mor growth, combined with a fully standalone, open-
source implementation. Our contributions are three-
fold: (i) We independently reproduce prior results
and provide open-source access to the code, promot-
ing transparency and reproducibility; (ii) We intro-
duce a standalone, Python-based TensorFlow frame-
work without reliance on proprietary software or
third-party libraries, lowering technical barriers to fu-
ture clinical adoption; (iii) We systematically analyze
the impact of network architecture and hyperparam-
eters on accuracy. Validation on synthetic tumors
with known parameters, simulated on real MRI scans,
demonstrates the feasibility and potential of the ap-
proach for patient-specific modeling.

The paper reviews existing approaches to tumor
growth modeling, describes the Fisher—KPP equation
and the proposed open-source PINN framewor for
both forward and inverse problems, presents results,
and discusses model performance and future direc-
tions for PDE-based oncology modeling.

2 RELATED WORK

Modeling tumor growth remains a significant chal-
lenge, and recent studies have proposed a range of ap-
proaches that can be broadly classified into traditional
numerical methods, data-driven techniques based on
deep learning, and, more recently, on PINNs.

Classical numerical methods such as the finite dif-
ference method (FDM) and finite element method
(FEM) have long been standard tools for solving
PDEs (Peird and Spencer, 2005). In tumor growth
modeling, FDM has been used, for example, to sim-
ulate avascular breast tumors (Maganin et al., 2020),
as well as in patient-specific settings such as the two-
species glioma model of Hormuth et al., calibrated us-
ing multiparametric MRI (Hormuth, 2021). FEM has
been applied in a similar context, for example by Wu
et al. to model breast tumor growth (Wu et al., 2022).
Despite their success, these methods face major limi-
tations: high computational cost in 3D, complex mesh
generation, and reliance on longitudinal imaging data
that are often scarce in clinical settings (Harish et al.,
2021 Lorenzo et al., 2024).

Neural networks methods have also been explored
for tumor growth prediction, leveraging their abil-
ity to approximate nonlinear mappings directly from
imaging data. Zhang et al. proposed a spatio-
temporal ConvLSTM architecture to model 3D spa-
tial consistency and temporal dynamics from longitu-
dinal imaging (Zhang et al., 2020)), while more recent

ICode available at https://github.com/juliettevdh/pinn._
tumor_growth_framework

work combines ConvLSTM with transformers to pre-
dict lung tumor evolution (Ma et al., 2023)). Although
these approaches enable rapid prediction, they often
lack interpretability, generalize poorly under limited
data, and may produce unrealistic outputs due to the
absence of explicit physical constraints (Linardatos
et al., 2020; |Vinuesa and Beril, 2021)).

PINNs incorporate PDE residuals directly into
their loss, reducing data requirements and enforc-
ing physical consistency (Raissi et al., 2019). While
increasingly adopted in other engineering domains
and emerging in biomedical areas such as cardiology
(Mitchell et al., 2024)), their use in tumor growth mod-
eling remains limited. To the best of our knowledge,
only a small number of studies have applied PINNs to
the Fisher—KPP equation for modeling tumor growth.
Notably, Zhang et al. demonstrated patient-specific
parameter estimation from a single 3D MRI, high-
lighting the potential of PINNs for minimally invasive
and personalized neuro-oncology modeling (Zhang
et al., 2025a). Beyond reaction—diffusion systems,
Rodrigues et al. also explored PINNs for modeling
multicellular tumor spheroid growth under the Ver-
hulst and Montroll frameworks (Rodrigues, 2024)).

Despite these advances, deploying PINNs in
biomedical contexts remains challenging. Existing
implementations for glioblastoma growth often in-
volve complex pipelines, limiting accessibility and
clinical applicability. Moreover, PINN training is
highly sensitive to network architecture, optimizer
choice, and hyperparameter selection. Balancing data
fidelity, PDE residuals, and boundary conditions leads
to ill-conditioned, multi-objective losses that hinder
convergence (Roquemen-E and Mosquera-L, 2025).

3 METHODS

To overcome the complexity of existing PINN
pipelines and training instabilities, this work proposes
a lightweight and open-source framework for tumor
growth modeling using PINNs. The framework is im-
plemented exclusively in TensorFlow and distributed
with complete code to ensure transparency and repro-
ducibility. This section introduces the mathematical
model and the data processing pipeline.

3.1 Tumor Growth Model

This study uses the Fisher—Kolmogorov—Petrovsky
—Piskunov (Fisher—-KPP) equation, a classical reac-
tion—diffusion model (Fisher, 1937) widely applied
in population dynamics and later adapted to tumor
growth (Murray, 2012).
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The Fisher—-KPP equation combines two key pro-
cesses: diffusion, representing spatial cell migration,
and a logistic reaction term modeling proliferation
limited by environmental capacity. The paper fo-
cuses on glioma growth in 2D using representative
brain slices, with tumor dynamics governed by the
Fisher—KPP equation:

ou(x,t
MO0 — D) Vu(n,r) + pulr)(1 - (),
M(X,O) = u()(X),
n-Vu(x,t) =0 on 0Q.

(D
Here, u(x,t) denotes the tumor cell density at location
x = (x,y) € R? and time 7. The computational domain
Q models the brain, with homogeneous Neumann
boundary conditions on dQ2 enforcing zero flux across
the skull. The diffusion coefficient D(x) [mm?/day]
varies spatially, reflecting heterogeneous tumor inva-
siveness, while the proliferation rate p [dayfl] is as-
sumed constant, characterizing overall tumor growth.
The initial cell density is modeled as a scaled two-
dimensional Gaussian distribution:

u(x,0) = 05-exp(-200- [(x—x0)* + (v —30)*] ).,
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where (xo,yo) is the tumor center. Following Zhang
et al., the diffusion coefficient is defined as:

D(x) =D,, - Py(X) + Dy - Py(x), 3)
where P, (Xx) and P,(x) denote the fraction of
white and gray matter, respectively, and D,, and
D, [mm?/day] are tissue-specific diffusion con-
stants (Zhang et al., 2025a). To reflect lower mo-
bility of tumor cells in gray matter, we assume a ra-
tio ¢ = Dg/D,, = 0.1 (Zhang et al., 2025a). For the
forward problem, model parameters are taken from
Tracqui et al., with the proliferation rate set to p =
0.012 [day*'] (Tracqui et al., 1995). The diffusion
coefficient in white matter is fixed at D,, = 0.013
[mm?/day]. Using Fisher’s approximation (Fisher,
1937), this yields a tumor invasion speed correspond-
ing to roughly 9.13 mm per year, consistent with re-
ported low-grade glioma growth rates (Swanson et al.,
2008)). For the inverse problem, D,, and p are treated
as unknown, patient-specific parameters. A key ad-
vantage of combining the Fisher-KPP framework with
PINNS is the ability to infer these parameters directly
from sparse tumor observations, enabling personal-
ized growth predictions and treatment planning.

3.2 Physics-Informed Neural Networks

PINNSs extend standard neural networks by enforcing
both data consistency and compliance with the gov-
erning PDE during training. Let u(x,7) denote the
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Figure 1: PINN architecture for forward and inverse settings
in brain tumor growth modeling application.

neural network approximation of the solution. The
residual associated with a general PDE is defined as:

=MD | a N, @)

r(x,t) = 5

where A is the nonlinear differential operator, and A
denotes the physical parameters of the system (Raissi
et al., 2019). In our application, the residual asso-
ciated with the Fisher-KPP equation can be derived
from Equations|[T]and [3]as follows:

ou(x,t)

r(x,t) = o

—pu(x,1) (1 —u(x,1)),
where P(x) = P, (X) + ¢ - Ps(x) encodes the patient
brain geometry. The learning task is then formu-
lated as the minimization of a composite loss func-
tion, which combines the data mismatch with the PDE
residual:

— D,V (P(x)Vu(x,1)) 5)

MSE = MSE, + MSE,, (6)
where:
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Nu =
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Here, {X;,t;,u’}izul denotes sampling locations with

available data, while {xi,ti}?ﬁl represents colloca-
tion points sampled within the spatiotemporal do-
main. These collocation points are artificially gen-
erated and allow the model to enforce the governing
equations without direct observations. This formu-
lation naturally accommodates both forward and in-
verse problems. In forward problems, the parameters
A are known, and the goal is to approximate the so-
lution u(x,7). In inverse problems, partial observa-
tions of the solution are available, and the parameters
A are treated as unknowns to be inferred from the data.
A schematic view of the neural network architecture
used to approximate the solution is shown in Figure[T]
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Figure 2: Distribution of training points for the forward
problem. Left: Collocation points centered around tumor
region. Right: Initial condition data points at = 0 within
the circular region; points outside the brain sampled over
time to enforce boundary conditions. Colors indicate u(x, )
values.

3.3 Data Processing

To provide meaningful inputs to the PINN, brain
imaging datg|are preprocessed via anatomical mask-
ing and spatial normalization. Brain geome-
try is modeled using the diffuse domain method,
which introduces a phase-field function ¢(x) to en-
code anatomical boundaries on a rectangular do-
main (Zhang et al., 2025a; |L1 et al., 2009). The field
satisfies 0(x) = 1 inside brain tissue and ¢(x) = 0 out-
side, with a narrow diffuse interface replacing sharp
boundaries. This avoids explicit segmentation and
complex meshing while restricting tumor growth to
biologically plausible regions. The original images
(rescaled to 150 x 180 pixels) are mapped to the com-
putational domain Q = [—1,1] x [—1,1] to provide
compatibility with the input space expected by the
PINN. Then, D,, is rescaled to maintain physical con-
sistency:

1{/2\* [2)\?
Dnorm:Dw'E fx + fy y (9)

where L, = 150 and L, = 180. The temporal coordi-
nate is similarly normalized to T € [0, 1] via T=1/fmax,
where tn,x corresponds to the total simulation time
in days used in the FDM. Under these transforma-
tions, the Fisher-KPP residual enforced by the PINN
becomes:

d(du(x
r(x,T) = W — Imax (D,w,mV- (q)P(x)Vu(x,’c))

+0pu(x,7) (1 —u(x,7)) )

(10)
which simultaneously encodes anatomical constraints
and normalized spatiotemporal tumor dynamics.
With normalized inputs, the PINN is trained using a

2This work uses NIfTI images of Patient 1 slice 171
publicly available at: https://github.com/Rayzhangzirui/
pinngbm/tree/main
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Figure 3: Alternative distribution of training points ex-
plored in the hyperparameter study. Left: Collocation
points uniformly sampled. Right: Initial condition data
points at # = 0 uniformly sampled; points outside the brain
sampled over time for boundary enforcement. Colors indi-
cate u(x,t) values.

targeted sampling strategy. For the forward problem,
three point types are used (Figure[2): data points out-
side the brain, initial condition points, and collocation
points, with the latter two concentrated near the tumor
origin. An alternative sampling strategy is explored
in the hyperparameter study (Figure[3). In the inverse
problem, collocation points and data points extracted
from the synthetic tumor solutions are used to infer
model parameters.

4 RESULTS

We systematically evaluated network architectures,
optimizers, and hyperparameters for the forward
problem, using glioblastoma as a representative case.
The goal is to provide practical guidelines for robust
and efficient PINN training in biomedical contexts.
Results for forward and inverse problem are then con-
ducted. Training data were generated by simulat-
ing tumor growth with an FDM solver applied to the
Fisher-KPP equation. This synthetic solution serves
three purposes: providing the initial condition for the
forward problem, reference data for the inverse prob-
lem (inferring PDE parameters), and a benchmark for
evaluating prediction accuracy. Prediction accuracy is
quantified using absolute and relative errors between
the PINN predicted tumor density fipreq(X,?) and the
reference FDM solution uggn (X,#) at a selected time
tp. The absolute error is given by:

Error(x,1,) = |fpred(X,1p) — tfam (X,7p)|  (11)

Finally, the relative error at location X is defined as:

|'2pred (thp)fufdm (thp) ‘
Ugqm (X,1p)+€ ’

07 if ufdm(X,tp),ﬁpred(X,tp) < 0.017
otherwise,
(12)
where € = 10~* ensures numerical stability in regions
of very low tumor density.
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Table 1: Effect of varying key PINN hyperparameters on model accuracy and computational cost. In this table, 5 x 32

indicates 5 layers with 32 neurons.

Modified parameters Rel. Err. [%] | Max Abs. Err. | Computation Time
Baseline 5 x 32, tanh, Adam, 103, a=B=y=1 0.0165 0.0294 15min 5s
Architecture 3x32 0.0639 0.0417 9min 20s
5% 128 0.0392 0.0061 19min 59s
5 x 32 (without batching) 0.0120 0.0285 70min 7s
Loss weights 0=0.1,p=1,y=1 0.2079 0.0569 14min 59s
o=1,p=10,y=1 0.0362 0.0282 15min 3s
o=1,B=1,y=10 0.1813 0.0411 15min 4s
Activation swish 0.0175 0.0349 18min 2s
sigmoid 0.4232 0.0526 15min 19s
Optimizer SGD 49.51 0.6876 13min 58s
RMSprop 0.4101 0.049 14min 28s
AdamW 0.0364 0.0275 15min 16s
Learning rate 1072 2.0216 0.8632 15min 3s
1074 0.2413 0.0603 15min 2s
Sampling Centered with less points 0.0207 0.0261 15min 2s
Distribution of points across all domain 0.4453 0.1397 15min 6s

4.1 Hyperparameter Study

To evaluate the impact of architectural and training
choices on glioblastoma growth modeling, we con-
ducted a hyperparameter study for the forward prob-
lem across seven factors: network architecture, acti-
vation function, optimizer, learning rate, loss weight-
ing, sampling strategy, and batch size.

Each experiment varied one factor while keeping
others fixed. Architectural tests included 3-5 hidden
layers with 32—128 neurons each (default activation
tanh), alongside alternative activations (swish, sig-
moid), optimizers (Adam, AdamW, RMSprop, SGD),
and learning rates (1072—10"%). Loss weights o, B,
v balanced contributions from the initial condition,
PDE residual, and boundary terms. Sampling strate-
gies varied the number and distribution of colloca-
tion, initial, and boundary points. All models except
one used batching, which reduced computation time
by a factor of five without loss of accuracy. Batched
training used random batches of 256 points per set
per iteration (see Figure [2). Models were trained for
120,000 epochs with fixed D,, = 0.013 [mm?/day]
and p = 0.012 [day~!]. Performance was evaluated
using relative and absolute errors. Table[T|reports rep-
resentative configurations; other results are discussed.

Increasing network depth or width improves accu-
racy at the cost of longer training times. Optimizer
choice is critical: Adam and AdamW consistently
perform best, while RMSprop is less accurate and
SGD performs poorly. A learning rate of 10~3 bal-
ances performance. While tanh ensures stable train-
ing; swish yields similar accuracy, whereas sigmoid
underperforms. Balanced loss weights give the best
results, while overemphasizing terms degrades accu-
racy. If batching is not used, the sampling strategy
influence accuracy: distributed sampling can lead to

severe accuracy loss. Reducing the number of col-
location points accelerates training without compro-
mising accuracy. With batching, these effects largely
disappear, and the distribution of points has less im-
pact. Based on this, the optimal configuration for the
forward problem is a 5-layer network with 32 neurons
per layer, Adam optimizer (learning rate 10~3), tanh
activation, tumor-centered sampling, and batch size
256. For the inverse problem, we used a batch size of
512, swish activation, and distributed Latin hypercube
sampling.

4.2 Forward Problem

To assess accuracy of the proposed PINN frame-
work, we first analyze the forward problem. Figure 4]
presents a comparison of glioblastoma growth simu-
lations in a brain slice, as computed using PINNs and
FDM. Three distinct times are reported: ¢ = 0 day
(first row), t = 100 days (second row), and ¢t = 200
days (third row). The first two columns show the
PINN and FDM solutions, while the third and fourth
columns display the relative and absolute error maps.

At early times ( = 0 and r = 100 days), the PINN
predictions closely match the FDM reference, and
even at t = 200 days, absolute errors remain low de-
spite small peripheral discrepancies.

4.3 Inverse Problem

This section focuses on the inverse problem. In this
case, the PINN is used to estimate unknown biophys-
ical parameters D,, and p from the synthetic solution.

Figure [5| monitors the coupled convergence of the
biophysical parameters D,, and p during PINN train-
ing. The proliferation rate p is identified robustly
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Figure 4: Comparison of PINN predictions with FDM reference solutions for forward simulations of glioblastoma growth.
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Figure 5: Coupled convergence of biophysical parameters during PINN training. A: Evolution of the estimated diffusion
coefficient D,, during training. B: Evolution of the estimated proliferation rate p during training.

Table 2: Relative error of PINN-estimated parameters com-
pared to ground-truth values.

Estimated parameters | Error [%] | Epochs
Unknown p and D,, | 0.75and 3.52 | 500,000

and rapidly with a very small eror of 0.75%, whereas
D,, is recovered more gradually. After 500,000
epochs, the relative error for D,, is 3.52%. These re-
sults demonstrate that the PINN framework can suc-
cessfully identify key parameters in the Fisher—KPP
model. Accurate parameter recovery translates into
tumor profiles that closely match the FDM reference
solution. In Figure[6] the PINN predictions at = 0,
t =100, and ¢ = 200 days remain closely aligned with
the FDM solution, showing reliable forward recon-
structions based on the inferred parameters.

S DISCUSSION

The first contribution of this study is a comprehensive
analysis of PINN hyperparameters and architecture
for the forward problem. Batched training reduced
computation time fivefold without compromising ac-
curacy as well as overfitting, highlighting its effi-
ciency for biomedical modeling. While common tanh
achieved the lowest relative error (0.0165%), swish
performed comparably (0.0175%), indicating the po-
tential of alternative activation functions.

Unlike FDM solvers, which efficiently simulate
tumor evolution for known parameters (forward prob-
lem) but do not support parameter inference (inverse
problem), PINNs enforce the PDE residual across the
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Figure 6: Comparison of PINN predictions with the FDM reference solution for the inverse problem of glioblastoma growth.

This figure uses the same conventions as FigureEl

domain, enabling simultaneous solution of the equa-
tions and estimation of unknown parameters. In our
experiments, both the proliferation rate p and diffu-
sion coefficient D,, were successfully recovered. The
proliferation rate p was rapidly identified (with 0.75%
error), while D,, (with 3.52% error) converged more
slowly due to its small normalized value reducing sen-
sitivity in the loss function. While estimating D,, is
more challenging, the resulting PINN predictions re-
main close to the ground truth, as shown in Figure [f]

These findings support reported evidence of the
potential of PINNs for parameter recovery in biomed-
ical applications (Zhang et al., 2025a)), although our
approach differs by avoiding grid search and adimen-
sionalization. Our goal is to provide complemen-
tary insights and a clear framework for reproducible
application and further development. Future work
could extend these results to multiple slices and 3D
volumes. Key challenges in translating this PINN
framework to real patient data include imaging noise
and sparsity, limited resolution, and discrepancies be-
tween the simplified tumor model and patient-specific
tumor biology. Several strategies could enhance effi-
ciency and clinical relevance. Bayesian PINNs en-
able uncertainty quantification (Yang et al., 2021),
while domain decomposition and parallel training can
accelerate computation (Jagtap et al., 2020). More-
over, expanding PINNs to other cancers is impor-
tant. Incorporating treatment effects, biological mark-

ers (HER2, Ki67, etc.), and microenvironmental fac-
tors represents also a major opportunity. While FEM
solvers have explored treatment integration (Wu et al.,
2022), extending it to PINNs could support robust,
predictive frameworks for treatment optimization.

6 CONCLUSION

This study presents results for both forward and in-
verse glioblastoma growth problems using PINNs.
Under the Fisher—KPP model, PINNs accurately re-
produce tumor dynamics and reliably recover diffu-
sion (3.52% error) and proliferation (0.75% error) pa-
rameters, confirming that combining data-driven ap-
proaches with PDE constraints can disentangle these
processes. A key contribution is a fully open-source
Python framework for PINN-based tumor modeling,
designed for accessibility and reproducibility. Our
systematic hyperparameter study also highlights the
benefits of batching and offers practical guidance for
robust and efficient PINN configuration.

Future work will focus on extending the frame-
work to 3D settings, improving robustness, computa-
tional efficiency, uncertainty quantification, and vali-
dating performance on real patient data. Incorporat-
ing treatment effects and extending the approach to
other cancer types are necessary steps to assess the
versatility and clinical relevance of PINNs.
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