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ABSTRACT: Osteosarcoma is the most common primary malignant bone tumor in pediatric populations. This work
presents an extended Physics-Informed Neural Network framework that incorporates interferon-gamma (IFN-γ) as
a fifth biological variable, complementing previous four-variable formulations with an explicit cytokine-mediated
macrophage activation pathway. The model couples five biological fields with mechanical tissue response through
Biot’s poroelastic theory over a two-dimensional domain. Four distinct initial macrophage distributions were inves-
tigated. Numerical stability was achieved across all scenarios, with total loss values between 0.056 and 0.158 and
mechanical residuals below 3.2 × 10−5. The boundary-concentrated configuration yielded the lowest biological loss.
Predicted dynamics are biologically consistent, exhibiting initial immune-mediated suppression followed by progressive
macrophage depletion. Comparison of the four scenarios suggests that spatial co-localization between macrophages
and tumor boundaries enhances early immune-tumor contact via pressure-driven advection, while sustained immune
engagement leads to measurable macrophage exhaustion. Temporal stiffness introduced by the rapid interferon-gamma
decay was managed through curriculum learning and adaptive loss weighting.

KEYWORDS: Physics-informed neural networks; osteosarcoma; tumor-immune dynamics; poroelastic model;
interferon-gamma; reaction-diffusion equations; computational oncology; mesh-free methods

1 Introduction
Osteosarcoma constitutes the predominant malignant bone tumor in adolescent populations, with an

annual global incidence of approximately 4–5 cases per million [1]. Epidemiological analysis of the SEER
database spanning 1975–2017 indicates peak incidence among individuals aged 10–24 years, with significantly
higher rates in males [2]. The disease presents substantial therapeutic challenges due to the heterogeneous
tumor microenvironment, where malignant cells engage in dynamic interactions with immune components
and extracellular matrix, generating behaviors resistant to simple characterization. Existing mathematical
frameworks based on ordinary differential equations fail to capture spatial variability and mechanical
influences on tumor growth and dissemination [3,4]. This deficiency has motivated the development of
multiphysics models employing partial differential equations to provide more realistic representations of
tumor-immune interactions and long-term evolutionary trajectories.

Physics-Informed Neural Networks (PINNs) have emerged as a methodology addressing limitations
of both traditional machine learning and conventional numerical methods [5,6]. Whereas data-driven
approaches require substantial experimental datasets often unavailable in biological contexts, PINNs

Copyright © 2026 The Authors. Published by Tech Science Press. This work is licensed under a Creative Commons Attribution 4.0 International
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

https://www.techscience.com/journal/CMES
https://www.techscience.com/
https://doi.org/10.32604/cmes.2026.082664
https://www.techscience.com/doi/10.32604/cmes.2026.082664
mailto:pasquale.deluca@uniparthenope.it


2 Comput Model Eng Sci. 2026;147(3):27

incorporate physical laws directly into the learning objective [7]. In the context of the present coupled
tumor-immune-mechanical problem, three specific advantages motivate the PINN choice over conventional
finite element method (FEM) or finite difference method (FDM) solvers. First, the mesh-free character
circumvents the generation and adaptive refinement of meshes over the circular domain, which would
otherwise be required to capture localized gradients near the tumor core. Second, automatic differentiation
delivers exact spatial and temporal derivatives entering the residual functionals, avoiding discretization
errors associated with stiff terms such as the rapid IFN-γ decay. Third, once trained, the network provides
a continuous surrogate Ω × T → R

8 that can be queried at arbitrary points without additional solver
invocations, which simplifies downstream sensitivity and inverse studies. Recent work has extended PINN
formulations to coupled mechano-biological problems, including lymph-node remodeling under inflamma-
tion and homeostasis [8] and solid-mechanics problems with complex geometries [9], further supporting
the applicability of this class of methods to multiphysics biomedical models.

A complementary motivation arises from the biology of macrophage polarization. In four-variable
tumor-immune models, macrophage activation is typically expressed as a direct response to cancer cell
density [5]. In reality, polarization toward the anti-tumoral M1 phenotype is primarily cytokine-mediated,
with IFN-γ acting as the dominant activating signal [8,10]. The present work introduces IFN-γ as an explicit
fifth variable so that T-cells activated by tumor cells produce IFN-γ, which in turn polarizes macrophages
and directly inhibits tumor proliferation. This single modification makes the activation cascade fully explicit.

The aims of this paper are therefore three-fold: (i) to formulate an extended five-variable tumor-
immune-mechanical model that embeds the IFN-γ-mediated activation cascade within a Biot poroelastic
framework; (ii) to develop a dedicated PINN training protocol capable of handling the temporal stiffness
induced by the rapid IFN-γ decay through curriculum learning and adaptive loss weighting; and (iii) to
systematically investigate the influence of macrophage spatial distribution on tumor dynamics across four
initial configurations representative of distinct immune-infiltration patterns.

The main findings can be summarized as follows. The proposed framework achieves stable convergence
across all four scenarios, with total loss values in the range [0.056, 0.158] and mechanical residuals below
3.2 × 10−5. The boundary-concentrated macrophage configuration yields the lowest biological loss and the
strongest early tumor suppression, while the cluster configuration exhibits the highest residual due to
asymmetric spatial gradients. Across all scenarios, the model predicts initial immune-mediated control
followed by progressive macrophage depletion consistent with exhaustion patterns observed in solid tumors,
with pressure-driven advection contributing cumulatively to tumor displacement.

The rest of the paper is organized as follows. Section 2 presents the coupled biological-mechanical
model. Section 3 describes the neural network architecture and training methodology. Section 4 reports
computational results, computational performance, and biological interpretation. Section 5 closes the paper
with conclusions and limitations.

2 Mathematical Model
This section presents the complete mathematical formulation governing osteosarcoma tumor-immune-

mechanical dynamics. The biological system is based on the reduced model proposed in [4], extended here
with the IFN-γ variable and coupled to a poroelastic mechanical component. The full model is first presented
in compact form, then discussed with biological and mechanical interpretation.
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Model Formulation
The tumor microenvironment occupies a two-dimensional circular domain Ω ⊂ R

2 with radius
R = 0.01 m, representing a tissue cross-section:

Ω = {(x , y) ∈ R2 ∶ x2 + y2 ≤ R2}.

The boundary is denoted ∂Ω = {(x , y) ∈ R2 ∶ x2 + y2 = R2}. The time evolution is considered over the
interval T = [0, T] with T = 500 days. All field variables are functions of the spatiotemporal coordinates
(x , y, t) ∈ Ω × T . Throughout the manuscript, the domain is assumed fixed in time: this is a common
simplifying assumption for studies focusing on mass-exchange and transport dynamics over physiologically
short time scales, and its limitations are discussed in Section 5.

The model comprises five biological fields Ψ = (C , m, Tc , N , Iγ) and three mechanical fields
Φ = (ux , uy , p), defined on Ω × T . Cancer cell density C(x , y, t) [cells/m2], macrophage density M(x , y, t)
[cells/m2], cytotoxic T lymphocyte density Tc(x , y, t) [cells/m2], necrotic cell density N(x , y, t) [cells/m2],
and interferon-gamma concentration Iγ(x , y, t) [dimensionless, normalized to a reference physiologi-
cal concentration] constitute the biological state. The displacement field u(x , y, t) = (ux , uy)T [m] and
interstitial pressure p(x , y, t) [Pa] characterize the mechanical state.

The biological variables satisfy

C , m, Tc , N , Iγ ∶ Ω × T → R+, (1)

and are governed by the following system of coupled reaction-diffusion-advection equations:

∂C
∂t

−∇ ⋅ (DC∇C) + ∇ ⋅ (Cv f ) = λC C (1 − C
C0

) − δCTc Tc C + λC M MC − δCIγ IγC − δC C , (2)

∂M
∂t

−∇ ⋅ (DM∇M) + ∇ ⋅ (Mv f ) = λMIγ Iγ M − δM m, (3)

∂Tc

∂t
−∇ ⋅ (DTc∇Tc) + ∇ ⋅ (Tcv f ) = λTc C CTc − δTc Tc , (4)

∂N
∂t

= αNC δCTc Tc C − δN N , (5)

∂Iγ

∂t
= λIγ Tc Tc − δIγ Iγ . (6)

Eq. (2) governs cancer cell evolution, incorporating proliferation following logistic growth with carrying
capacity C0, killing by cytotoxic T-cells at rate δCTc , promotion by macrophages at rate λC M , direct inhibition
by IFN-γ at rate δCIγ , and natural death at rate δC . The diffusion coefficient DC quantifies random cell
motility, while the advection term ∇ ⋅ (Cv f ) couples cancer cell transport to the interstitial fluid velocity v f .

Eq. (3) describes macrophage dynamics, where activation at rate λMIγ occurs through IFN-γ-mediated
polarization toward the M1 phenotype. In the present formulation, the total macrophage density M is treated
as a net pool dominated by the anti-tumoral M1 phenotype; M2 polarization and phenotype switching are
not resolved explicitly, and the rate λMIγ therefore represents the net activation balance toward the M1
compartment. This simplification is consistent with the reduced formulation of [4] and with the cluster 1
cohort of the TARGET data, characterized by a moderately polarized M1-dominant infiltrate. Macrophage
death proceeds at rate δM . The implications of this closed-pool assumption (in particular the absence of
circulatory monocyte recruitment) are discussed in Section 5.
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Eq. (4) governs cytotoxic T-cell evolution, with activation by cancer cells at rate λTc C and natural death at
rate δTc . Eq. (5) models necrotic cell accumulation from T-cell-mediated cancer cell killing, with conversion
factor αNC and removal rate δN . Necrotic cells are assumed immobile and to occupy the same reference
specific volume as the cancer cells they replace; a refined treatment accounting for edema- or fragmentation-
induced volume differences would require distinct specific volumes in Eq. (11) and is left to future work.

Finally, Eq. (6) governs IFN-γ dynamics with production by activated cytotoxic T-cells at rate λIγ Tc and
natural decay at rate δIγ . The rapid decay rate δIγ = 33.27 day−1 reflects the short half-life of this cytokine in
vivo, introducing temporal stiffness into the system.
Remark 1: Eq. (6) models IFN-γ without spatial diffusion or advection. This simplification is justified by
the separation of scales: the characteristic diffusion length of IFN-γ over its half-life (t1/2 ≈ 0.02 days) is
� =

√
DIγ t1/2 ∼ O(10−4) m for typical cytokine diffusivities DIγ ∼ 10−10 m2/s [11], which is small compared to

the domain radius R = 0.01 m. Given the rapid decay, IFN-γ concentration at any point is effectively determined
by local T-cell production.

The interstitial fluid velocity v f appearing in the advection terms of Eqs. (2)–(4) couples the biological
system to the mechanical component through Darcy’s law:

v f = −κ∇p, (7)

where κ = 5.0 × 10−14 m2/(Pa⋅s) denotes the hydraulic conductivity and p represents the interstitial fluid
pressure. Parameter values for the biological component are presented in Table 1 and derive from fitting
to experimental gene expression data from the TARGET cohort, corresponding to cluster 1 patients
characterized by moderate immune infiltration and intermediate prognosis [3].

Table 1: Biological model parameters (cluster 1 of TARGET cohort [3]).

Parameter Value Description
λC 0.08 day−1 Cancer proliferation rate
C0 1.343 × 1010 cells/m2 Tumor carrying capacity/reference concentration
δC 3.0 × 10−4 day−1 Cancer natural death rate

δCTc 0.05 day−1 T-cell killing rate
δCIγ 4.59 × 10−3 day−1 Cancer inhibition by IFN-γ
λC M 0.07 day−1 Macrophage-mediated tumor promotion
λMIγ 4.36 × 10−3 day−1 Macrophage activation by IFN-γ
δM 0.03 day−1 Macrophage death rate

λTc C 0.04 day−1 T-cell activation by cancer cells
δTc 0.04 day−1 T-cell death rate
αNC 0.85 Necrotic conversion factor
δN 0.02 day−1 Necrotic removal rate
N0 6.69 × 108 cells/m2 Reference necrotic concentration

λIγ Tc 26.96 day−1 IFN-γ production rate by T-cells
δIγ 33.27 day−1 IFN-γ decay rate

DC , DM , DTc 10−11 m2/day Cellular diffusion coefficients

Tissue mechanical behavior follows Biot’s poroelastic theory [12], modeling the interaction between
solid-phase deformation and fluid flow through porous media. Let u ∶ Ω × T → R

2 denote the displacement
field and p ∶ Ω × T → R the fluid pressure.
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The governing equations comprise quasi-static mechanical equilibrium:

−∇ ⋅ σ = 0, (8)

and fluid pressure evolution:

∂
∂t
(c0 p + α∇ ⋅ u) − ∇ ⋅ (κ∇p) = 0, (9)

where c0 denotes the specific storage coefficient, α the Biot–Willis coefficient, and κ the hydraulic conduc-
tivity already introduced in Eq. (7).

The total stress tensor σ accounts for elastic deformation, fluid pressure, and volumetric changes from
cellular growth and death:

σ = 2με + λ̄(∇ ⋅ u)I − αpI − KV∗I, (10)

where ε = 1
2(∇u + (∇u)T) denotes the strain tensor, μ and λ̄ are Lamé parameters (the overbar is introduced

to distinguish the Lamé constant from the biological rate constants λ(⋅)), I is the identity tensor, K the bulk
modulus, and V∗ the normalized volume change. The Lamé parameters relate to Young’s modulus E and
Poisson’s ratio ν through:

μ = E
2(1 + ν) , λ̄ = Eν

(1 + ν)(1 − 2ν) .

The volume change term V∗ couples mechanical and biological components, defined as:

V∗ = AC(C − C0) + AN(N − N0), (11)

where AC = 1/C0 and AN = 1/N0 represent specific volumes associated with cancer and necrotic cells,
respectively. Here the reference parameter C0 plays the dual role of logistic carrying capacity in Eq. (2) and of
reference concentration for the volumetric coupling, while N0 denotes the reference necrotic concentration.

Substituting Eqs. (10) into (8) yields:

−μ Δu − (μ + λ̄)∇(∇ ⋅ u) + α∇p + K∇V∗ = 0, (12)

where Δu = (∇2ux ,∇2uy)T denotes the componentwise (vector) Laplacian; throughout the rest of the
manuscript ∇2 without vector decoration refers to the scalar Laplacian applied to scalar fields. Mechanical
parameter values are reported in Table 2.

Table 2: Poroelastic mechanical parameters.

Parameter Value Description
K 40,000 Pa Bulk modulus
μ 30,000 Pa Shear modulus (Lamé parameter)
λ̄ Derived from E , ν Lamé first parameter
α 0.7 Biot–Willis coefficient
κ 5.0 × 10−14 m2/(Pa⋅s) Hydraulic conductivity
c0 5.0 × 10−6 Pa−1 Specific storage coefficient
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The problem requires specification of initial conditions at t = 0:

C(x, 0) = 0.02 C0,
M(x, 0) = M0(x),
Tc(x, 0) = Tc0 ≈ 1.90 × 107 cells/m2,
N(x, 0) = 0.16 N0,
Iγ(x, 0) = 0.868,
u(x, 0) = 0,
p(x, 0) = p0 = 0 Pa, (13)

where M0(x) varies with spatial position according to scenario-specific distributions, described in Section 4.
The value Iγ(x, 0) = 0.868 represents a physiological baseline normalized to a reference cytokine concentra-
tion; it is significant but sub-saturated, since the reference equilibrium level corresponds to Iγ = 1. This initial
condition is imposed uniformly in space.

Homogeneous Neumann boundary conditions enforce no-flux for the biological fields:

∂C
∂n

= ∂M
∂n

= ∂Tc

∂n
=

∂Iγ

∂n
= 0 on ∂Ω × T , (14)

where n denotes the outward unit normal. Mechanical boundary conditions impose traction-free surfaces
and continuity with surrounding tissue pressure:

σ ⋅ n = 0, p = p0 on ∂Ω × T .

3 Physics-Informed Neural Network Approach
The PINN framework employs two separate neural networks coupled through the governing equations:

a biological network Nbio ∶ R3 → R
5 mapping spatiotemporal coordinates to biological variables, and a

mechanical network Nmech ∶ R3 → R
3 mapping coordinates to pressure and displacement components. The

biological network produces:

Nbio(x , y, t; θbio) = [C(x , y, t), M(x , y, t), Tc(x , y, t), N(x , y, t), Iγ(x , y, t)]T , (15)

where θbio denotes trainable parameters (weights and biases). The mechanical network produces:

Nmech(x , y, t; θmech) = [p(x , y, t), ux(x , y, t), uy(x , y, t)]T (16)

with trainable parameters θmech.
The biological network architecture in Eq. (15) comprises four hidden layers with neuron counts [50,

100, 100, 50], implementing a bottleneck structure. This configuration follows from empirical observations
showing that moderate depth (three to five layers) with symmetric expansion-contraction patterns effectively
captures multiscale features in biological PDE systems [13,14]. The mechanical network in Eq. (16) employs
three hidden layers with counts [30, 60, 30], reflecting the reduced representational capacity required for
mechanical fields exhibiting greater regularity compared to biological dynamics [9]. Hidden layers utilize
hyperbolic tangent activation functions, h(l) = tanh(W(l)h(l−1) + b(l)), where h(l) denotes the output of
layer l , W(l) the weight matrix, and b(l) the bias vector.
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The biological network output layer applies the softplus activation to ensure strict positivity of the
predicted concentrations:

Nbio(x, t; θbio) = softplus(W(L)h(L−1) + b(L)), (17)

with softplus(z) = ln(1 + ez) and L the total number of layers. Because softplus(z) > 0 for every z ∈ R, the
output layer does not admit negative values, which prevents the non-physical oscillations that an identity or
ReLU output would permit when populations approach extinction. However, the softplus output can become
arbitrarily small without ever reaching exactly zero; the practical implication of this asymptotic behavior on
the predicted tumor extinction in Scenario 4 is discussed in Section 4 and in the Limitations of Section 5.
Network parameters are initialized using the Glorot normal distribution:

W(l)
i j ∼ N

⎛
⎝

0,
√

2
nin + nout

⎞
⎠

,

b(l)
i ∼ N (0, 0.1),

where nin and nout denote input and output dimensions of layer l .

3.1 Loss Function Construction
Training proceeds by minimizing a composite loss function enforcing PDE residuals, initial conditions,

and boundary conditions:

Ltotal = LPDE + λICLIC + λBCLBC, (18)

where λIC and λBC balance component contributions. The PDE loss decomposes into biological and
mechanical parts:

LPDE = Lbio +Lmech. (19)

The biological loss aggregates squared residuals of Eqs. (2)–(6):

Lbio =
1

N f

N f

∑
j=1

[wC ∣RC ∣2 + wM ∣RM ∣2 + wTc ∣RTc ∣2 + wN ∣RN ∣2 + wIγ ∣RIγ ∣2](x j ,t j)
, (20)

where {(x j , t j)}
N f
j=1 represent collocation points, w(⋅) are component weights, and R(⋅) denote PDE residuals.

The cancer cell residual from Eq. (2) takes the form:

RC = ∂Ĉ
∂t

− DC∇2Ĉ +∇ ⋅ (Ĉv̂ f ) − λC Ĉ (1 − Ĉ
C0

)

+ δCTc T̂c Ĉ − λC M M̂Ĉ + δCIγ Îγ Ĉ + δC Ĉ ,

where hat notation indicates network predictions and v̂ f = −κ∇p̂ derives from Eq. (7) using the mechanical
network output. The IFN-γ residual from Eq. (6) yields:

RIγ =
∂Îγ

∂t
− λIγ Tc T̂c + δIγ Îγ . (21)
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Residuals for remaining biological variables follow analogously from Eqs. (3)–(5). The mechanical loss
combines displacement and pressure equation residuals:

Lmech = 1
N f

N f

∑
j=1

[wu ∣Ru∣2 + wp∣Rp∣2](x j ,t j)
.

The displacement residual from Eq. (12) reads:

Ru = −μΔû − (μ + λ̄)∇(∇ ⋅ û) + α∇p̂ + K∇V̂∗,

where V̂∗ = AC(Ĉ − C0) + AN(N̂ − N0) from Eq. (11) couples to biological network outputs. The pressure
residual from Eq. (9) becomes:

Rp =
∂
∂t
(c0 p̂ + α∇ ⋅ û) − ∇ ⋅ (κ∇p̂).

Automatic differentiation computes all spatial and temporal derivatives appearing in residual expres-
sions, ensuring exact gradient evaluation without introducing discretization errors.

The initial and boundary condition losses are

LIC = Lbio
IC +Lmech

IC ,

Lbio
IC = 1

N0

N0

∑
j=1

[∣Ĉ j − 0.02C0∣2 + ∣M̂ j − M0(x j)∣2 + ∣T̂c , j − Tc0∣2 + ∣N̂ j − 0.16N0∣2 + ∣Îγ , j − 0.868∣2] ,

Lmech
IC = 1

N0

N0

∑
j=1

[∣û j ∣2 + ∣p̂ j − p0∣2] ,

evaluated on {x j}N0
j=1 sampled in Ω at t = 0, and

LBC = Lbio
BC +Lmech

BC ,

Lbio
BC = 1

Nb

Nb

∑
j=1

⎡⎢⎢⎢⎢⎣
∣∂Ĉ

∂n
∣

2

+ ∣∂M̂
∂n

∣
2

+ ∣∂T̂c

∂n
∣

2

+ ∣
∂Îγ

∂n
∣

2⎤⎥⎥⎥⎥⎦(x j ,t j)

,

Lmech
BC = 1

Nb

Nb

∑
j=1

[∣σ̂(x j , t j) ⋅ n(x j)∣2 + ∣p̂(x j , t j) − p0∣2] ,

with {(x j , t j)}Nb
j=1 sampling ∂Ω × T .

3.2 Computational Implementation
The spatial domain Ω is the circular region with radius R = 0.01 m representing initial tumor extent,

while the temporal domain spans T = [0, 500] days capturing long-term evolution. Collocation points total-
ing N f = 20,000 sample the spatiotemporal domain through probabilistic distributions ensuring uniform
coverage with enhanced density in regions of interest. For each point, the angular coordinate θ ∼ U(0, 2π)
is uniform, the radial coordinate r = R

√
U with U ∼ U(0, 1) ensures uniform areal density (here r is the

sampling radius, not the domain radius), and the temporal coordinate t = 500 ⋅ B with B ∼ Beta(1.5, 3.0)
emphasizes early evolution phases where dynamics proceed most rapidly. Cartesian coordinates follow from
x = r cos θ, y = r sin θ.
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Initial condition enforcement employs N0 = 2000 points uniformly distributed spatially at t = 0. Cancer
cells follow Gaussian distributions centered in the domain. Macrophage distributions vary by scenario
as detailed in Section 4. T-cells exhibit nearly uniform concentrations with slight elevation near tumor
regions. Necrotic cells and IFN-γ initialize to the baseline values specified in Eq. (13). Boundary condition
enforcement samples Nb = 2000 points along ∂Ω with uniform angular spacing and random temporal
sampling across T .

3.3 Training Strategy
Network parameters are optimized using the Adam algorithm [15] with adaptive learning rate schedul-

ing and gradient clipping. Exponentially decaying first and second moment estimates of the gradient use
β1 = 0.9, β2 = 0.999, ε = 10−8. The learning rate η follows polynomial decay from ηmax = 10−3 to ηmin = 10−5.
Curriculum learning gradually increases the PDE loss weight:

λPDE(e) = min(1.0, 0.1 + 0.9 ⋅ e
Nwarmup

)

with Nwarmup = 1000 epochs, allowing the network to first learn initial and boundary conditions before
enforcing full PDE constraints. Gradient clipping at threshold 1.0 prevents instabilities from large gradient
magnitudes. Early stopping terminates training after 150 consecutive non-improving epochs, restoring
parameters corresponding to the minimum observed loss.

Component loss weights are set to λIC = 10.0, λBC = 5.0, wC = 1.0, wM = 1.0, wTc = 1.0,
wN = 0.5, wIγ = 0.1. The elevated initial condition weight reflects the well-known importance of accurate
initialization for temporal PDE integration [13], while the reduced wIγ compensates for the fast-scale
contribution of the stiff IFN-γ residual to the loss landscape. These values were determined starting from
uniform weights and progressively reducing wIγ until stable convergence was obtained in a preliminary
Scenario 1 run; the same weights were then used without further tuning across all scenarios.

The full procedure is reported in Algorithm 1.

Algorithm 1: PINN training for osteosarcoma model
Require: Network architectures, training parameters, domain Ω, interval T
Ensure: Optimized parameters θ∗bio, θ∗mech

1: Initialize θbio, θmech via Glorot normal distribution
2: Generate collocation points Xf , initial points X0, boundary points Xb
3: for e = 1 to Nepochs do
4: Compute PDE weight λPDE(e) from curriculum schedule
5: for each batch do
6: Sample points from Xf , X0, Xb
7: Evaluate Nbio, Nmech and compute PDE residuals via automatic differentiation
8: Compute Ltotal from Eq. (18) using λPDE(e)
9: Update θbio, θmech via Adam with gradient clipping
10: end for
11: Update learning rate η(e)
12: if Ltotal improves then
13: Save parameters and reset patience counter
14: else

(Continued)
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Algorithm 1 (continued)
15: Increment patience counter; if >150 restore best parameters and terminate
16: end if
17: end for
18: return θ∗bio, θ∗mech

4 Results
Computational experiments were executed on a workstation equipped with an AMD Ryzen 7 Pro 4750U

CPU (8 cores, 16 threads, base clock 1.7 GHz) and 16 GB RAM, running a Linux distribution. Implementation
utilized Python 3.10 with TensorFlow 2.15 (CPU backend, graph-compiled automatic differentiation; no GPU
acceleration was used), NumPy 1.24, and Matplotlib 3.8.

Four scenarios were investigated, distinguished by initial macrophage spatial distributions (Fig. 1):
Scenario 1 employed uniform distribution with M0 = 5.0 × 106 cells/m2 throughout the domain. Scenario
2 concentrated macrophages in a concentric ring at radius r = 0.005 m with Gaussian profile width
σ = 0.002 m. Scenario 3 positioned two Gaussian clusters at diagonal corners (−0.004,−0.004) and
(0.004, 0.004) m. Scenario 4 accumulated macrophages within 0.002 m of domain boundaries following
exponential decay inward. Initial distributions for the remaining biological variables remained identical
across scenarios (Fig. 2). Throughout this section we adopt the convention that executed runs are described
in the past tense while steady-pattern physical interpretations use the present tense.

Figure 1: Initial macrophage distributions (cells/m2) defining the four simulation scenarios.
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Figure 2: Overview of the initial conditions for the cellular and cytokine distributions.

Training employed batch size 1000 with N f = 20,000 collocation points, N0 = 2000 initial condition
points, and Nb = 2000 boundary points. Adam parameters: β1 = 0.9, β2 = 0.999, ε = 10−8, with learning rate
decaying polynomially from 10−3 to 10−5. Curriculum learning ramped the PDE weight from 0.1 to 1.0 over
1000 epochs. Early stopping patience: 150 epochs. Maximum training was capped at 2000 epochs.

4.1 Convergence Behavior
Table 3 presents final loss values and training characteristics. Scenario 1 converged after 897 epochs with

Ltotal = 0.0616,Lbio = 0.0089,Lmech = 6.0 × 10−6, requiring 7.2 h. Initial lossL(0)total = 155.04 decreased rapidly
during curriculum learning, reaching L(200)

total = 0.0809 by epoch 200, with subsequent monotonic descent:
L(400)

total = 0.0697, L(600)
total = 0.0630, and early stopping at epoch 897.
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Table 3: Convergence metrics for the extended five-variable PINN model across initial condition scenarios.

Scenario Epochs Ltotal Lbio Lmech Time (h)
1 (Uniform) 897 0.0616 0.0089 6.0 × 10−6 7.2

2 (Ring) 631 0.1577 0.0089 2.8 × 10−5 5.1
3 (Clusters) 728 0.1067 0.0127 3.1 × 10−5 5.9

4 (Boundary) 2000 0.0557 0.0024 1.2 × 10−6 14.3

Scenario 2 demonstrated stable convergence from initial L(0)total = 51.32, progressing through
L(200)

total = 0.1949 and L(400)
total = 0.1750, reaching final Ltotal = 0.1577 at epoch 631 (5.1 h). The concentric ring

geometry produced spatial gradients raising the total loss relative to Scenario 1, while the biological loss
remained at the sameLbio = 0.0089. Scenario 3 showed more fluctuating behavior from the highest initial loss
L(0)total = 194.88, with persistent oscillations between 0.101–0.108 through epochs 400–700 before stabilizing at
Ltotal = 0.1067 (epoch 728, 5.9 h) and the highest biological loss (Lbio = 0.0127), consistent with asymmetric
residuals in the cluster transition regions.

Scenario 4 achieved optimal performance despite starting from L(0)total = 148.81, running the full 2000
epochs (14.3 h) and reaching Ltotal = 0.0557. Biological loss reached Lbio = 0.0024, the lowest across all
scenarios by 73%, while Lmech = 1.2 × 10−6 remained minimal. The boundary configuration appears to create
spatial gradients naturally compatible with no-flux boundary conditions, reducing constraint conflicts. We
note that Scenario 4 never triggered early stopping, suggesting that the current patience threshold may be
conservative for high-gradient configurations and that further training could potentially improve Scenarios
2–3 as well.

Mechanical loss components remained consistently low across scenarios (Lmech < 3.2 × 10−5), confirm-
ing excellent satisfaction of the poroelastic constraints. The elevation of biological loss relative to mechanical
components reflects increased system complexity arising from the stiff IFN-γ kinetics.

4.2 Computational Performance
Per-epoch training time averaged 26 ± 2 s on the hardware described above, yielding 7.2 h for the

shortest run (Scenario 1, 897 epochs) and 14.3 h for the longest (Scenario 4, 2000 epochs). After training,
inference at an arbitrary (x , y, t) is executed in roughly 10−3 s, so that post-training evaluation over a
200 × 200 × 200 visualization grid (8 × 106 points) requires on the order of 2 min. A direct, like-for-like
FEM benchmark of the fully coupled poroelastic-biological system was not performed in the present
work, and we prefer to report the PINN costs in isolation rather than comparing against figures we did
not personally measure. We note, however, that adaptive mesh-based solvers for coupled tumor-immune
reaction-diffusion-advection problems of comparable size typically report forward-simulation times of the
order of minutes to tens of minutes on standard desktop hardware, and that stiff cytokine decay terms such
as the one arising from δIγ are known to impose tight time-step restrictions on explicit schemes [8]. For
this problem class, the PINN is therefore unlikely to outperform FEM as a one-shot forward solver; its
competitive advantage lies rather in (i) continuous inference over Ω × T without remeshing, (ii) natural
extension to inverse problems by making physical parameters trainable, and (iii) robustness against stiffness-
induced adaptive-stepping instabilities. A rigorous FEM validation study is explicitly identified as future
work in Section 5. The scaling of cost and accuracy with the collocation density was probed with two auxiliary
runs on Scenario 1 with N f ∈ {5000, 10,000} (keeping N0, Nb unchanged). The final biological loss increased
from Lbio = 0.0089 at N f = 20,000 to Lbio ≈ 0.013 at N f = 10,000 and Lbio ≈ 0.021 at N f = 5000, while
training time scaled approximately linearly. The density N f = 20,000 was therefore retained as a reasonable
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accuracy-cost compromise for the present architecture and domain size. Regarding design-choice sensitivity,
the bottleneck architecture [50, 100, 100, 50] was compared on Scenario 1 during the development phase
against a uniform-width [100, 100, 100, 100] and a shallower [50, 100, 50]; the bottleneck reached the lowest
biological loss by approximately 15% at comparable training cost, motivating its selection. A preliminary
local sensitivity on the two parameters governing the novel IFN-γ pathway, δIγ and λMIγ , perturbed one-
at-a-time by ±20% on Scenario 1, preserved the qualitative dynamics but shifted the timing of the cancer
peak by 15–20 days; a systematic sensitivity analysis over the full parameter set is deferred to future work via
inverse-PINN techniques.

4.3 Spatiotemporal Evolution of Cancer Cells
Fig. 3 displays cancer cell distributions at representative time points across scenarios. For readability,

color scales are normalized per sub-panel because the predicted cancer concentrations span more than twelve
orders of magnitude across scenarios; a global logarithmic scale was tested and preserved the qualitative
comparison but compressed intra-scenario features. The values quoted below are the raw field values and
should be read together with the panel-specific color legends.

Scenario 1 (uniform macrophages) showed an initial Gaussian concentration centered at the origin with
peak C(0, 0, 0) = 2.69 × 108 cells/m2 expanding through combined diffusion and advection. By t = 100 days,
concentration increased to C(100)

max = 8.94 × 109 cells/m2 (≈0.67C0), representing 33-fold growth reflecting
early proliferation dominance. The spatial distribution shifted toward (x , y) = (0.003, 0.002) m, driven by
pressure gradient-induced fluid flow.

At t = 300 days, peak concentration reached C(300)
max = 9.58 × 109 cells/m2 (0.71C0), approaching carrying

capacity with growth slowing per the logistic term λC C(1 − C/C0) in Eq. (2). The distribution homogenized
while maintaining rightward bias, with tumor diameter expanding from initial 0.004 m to approximately
0.012 m. By t = 500 days, concentration declined to C(500)

max = 3.21 × 109 cells/m2 (0.24C0), indicating late
immune control. The spatial pattern revealed concentration shifting toward (−0.003,−0.003) m with
fragmented distribution suggesting heterogeneous immune infiltration.

Scenario 2 (concentric ring) created spatial heterogeneity in immune pressure. Central tumor growth
proceeded rapidly to C(100)

max = 9.41 × 109 cells/m2 by t = 100 days, but expansion toward the ring region
encountered elevated macrophage-mediated killing. At t = 300 days, asymmetric development emerged with
higher density in the upper-right quadrant (C ≈ 9.71 × 109 cells/m2) and suppressed growth in the lower-left
(C ≈ 7.2 × 109 cells/m2) where macrophages remained elevated. By t = 500 days, the peak C(500)

max = 9.48 × 109

cells/m2 persisted in the upper-right, while central regions showed lower density.
Scenario 3 (two clusters) generated pronounced asymmetry. Early growth (t = 100 days) showed

selective suppression near cluster locations: concentration reached only C ≈ 5.2 × 109 cells/m2 at
(−0.004,−0.004) m vs. C ≈ 9.1 × 109 cells/m2 in the opposite low-macrophage region. By t = 300 days,
preferential expansion toward the upper-left quadrant achieved C ≈ 9.83 × 109 cells/m2. Late evolution
(t = 500 days) showed overall decrease to C(500)

max = 7.26 × 109 cells/m2 but maintained a spatial gradient.
Scenario 4 (boundary concentration) exhibited qualitatively different dynamics. The centralized tumor,

expanding through a macrophage-poor interior, reached only C(100)
max = 2.84 × 10−4 cells/m2 at t = 100 days.

Because the model is continuous and the domain area is πR2 ≈ 3.14 × 10−4 m2, such a concentration
corresponds to fractional cell numbers per unit area with no direct biological counterpart. We therefore
interpret the Scenario 4 prediction at t ∈ [50, 150] days as effective extinction of the tumor field, not as a
literal cell count. This extreme suppression is consistent with the advective mechanism: pressure gradients
drive fluid flow per Eq. (7), advecting cancer cells via ∇ ⋅ (Cv f ) toward boundaries where macrophage
concentrations peak, producing enhanced tumor-immune contact and elevated killing rates. The subsequent
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increase to C(300)
max = 1.07 × 104 and C(500)

max = 1.08 × 104 cells/m2 should be read as continuous-field regrowth
from vanishingly small residuals preserved by the softplus activation (which never outputs exactly zero), i.e.,
model-level recurrence from sub-threshold residual disease, not biological re-seeding from an exogenous
source. Imposing a numerical extinction threshold Cmin below which C is clamped to zero would eliminate
this artifact and is identified as a future refinement in Section 5.

Figure 3: Spatiotemporal evolution of the cancer cell fields across the four different macrophage distribution scenarios.



Comput Model Eng Sci. 2026;147(3):27 15

4.4 Temporal Dynamics of Immune Components
Fig. 4 presents domain-averaged temporal profiles for all biological variables and pressure across

scenarios. All axis quantities carry the units reported in the caption: cell densities in cells/m2, IFN-γ
dimensionless, pressure in Pa, time in days.

Figure 4: Temporal dynamics of domain-averaged cell densities, cytokine concentration, and interstitial fluid pressure
over 500 days.

Cancer cell evolution (panel A) shows a universal early growth phase reaching peaks between
t = 100–150 days, followed by scenario-dependent trajectories. Scenario 1 declined gradually from ⟨C⟩(100) ≈
6.2 × 109 cells/m2 to ⟨C⟩(500) ≈ 2.1 × 109 cells/m2. Scenarios 2–3 maintained elevated concentrations:
⟨C⟩(500) ≈ 7.8 × 109 cells/m2 (Scenario 2), ⟨C⟩(500) ≈ 5.9 × 109 cells/m2 (Scenario 3), indicating partial
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immune escape. Scenario 4 exhibited a dramatically suppressed trajectory with ⟨C⟩(100) ≈ 1.8 × 10−4 cells/m2,
remaining below 104 cells/m2 throughout evolution.

Macrophage temporal profiles (panel B) revealed scenario-dependent depletion patterns. Scenario 1
maintained relatively stable ⟨M⟩ ≈ 5.1 × 107 cells/m2 through t = 200 days, then declined to ⟨M⟩(500) ≈ 3.8 ×
107 cells/m2 (25% reduction). Scenarios 2–3 showed more pronounced depletion: Scenario 2 decreased
from 5.0 × 107 to ⟨M⟩(500) = 2.1 × 107 cells/m2 (58% reduction). Scenario 4 demonstrated the most severe
depletion, dropping from initial domain-average ⟨M⟩(0) ≈ 5.0 × 107 cells/m2 to ⟨M⟩(500) = 1.4 × 107 cells/m2

(72% reduction), with boundary regions declining to M(500) = 8.2 × 106 cells/m2 (95% local reduction). This
depletion reflects the death rate δM = 0.03 day−1 operating continuously while IFN-γ-mediated activation
λMIγ Iγ M diminishes with declining cytokine levels. We emphasize that in the present closed-system
formulation the only counterbalance to macrophage death is IFN-γ-mediated activation. In vivo, circulatory
monocyte recruitment would partially replenish the tissue macrophage pool; the depletion values predicted
here should therefore be regarded as upper bounds relative to the physiological scenario, and the predicted
long-term quasi-equilibria would shift toward higher macrophage densities once a recruitment source term
is introduced. This limitation is revisited in Section 5.

T-cell dynamics (panel C) exhibited biphasic behavior. Initial T(0)c = 1.90 × 107 cells/m2 increased
during early cancer expansion as the activation term λTc C CTc dominated, reaching peaks between
t = 80–120 days: Tmax

c = 2.78 × 107 (Scenario 1), 2.91 × 107 (Scenario 2), 2.64 × 107 (Scenario 3),
2.52 × 107 cells/m2 (Scenario 4). Subsequent decline occurred as cancer concentrations decreased. By
t = 500 days:
T(500)

c = 1.82, 1.76, 1.69, 1.58 × 107 cells/m2, within 10%–20% of baseline.
Necrotic cell accumulation (panel D) reflected T-cell-mediated killing history. Starting from

N(0) = 1.07 × 108 cells/m2, concentrations initially decreased to minima around t = 50 days as the removal
rate δN N exceeded production, then peaked at t = 150–180 days: Nmax = 1.32, 1.41, 1.28, 1.18 × 108 cells/m2

for Scenarios 1–4, stabilizing at N(500) = 1.14, 1.19, 1.08, 0.97 × 108 cells/m2.
IFN-γ temporal evolution (panel E) exhibited characteristic biphasic profiles. From I(0)γ = 0.868,

concentrations rose rapidly during T-cell expansion to t = 90–110 day peaks: Imax
γ = 0.951, 0.968, 0.932, 0.913.

Peak timing correlated closely with T-cell maxima, confirming the production term λIγ Tc Tc as the primary
driver. By t = 500 days: I(500)

γ = 0.821, 0.796, 0.763, 0.713. The rapid decay rate δIγ = 33.27 day−1 main-
tains cytokine levels within 10%–15% of the equilibrium value Ieq

γ = (λIγ Tc/δIγ)Tc for the instantaneous
T-cell concentration.

Pressure evolution (panel F) coupled directly to tumor growth through the volume change term V∗
in Eqs. (11) and (12). Maxima pmax = 4.21, 4.38, 3.87, 0.42 Pa occurred at t = 100–120 days, with relaxation to
p(500) = 1.82, 1.96, 1.64, 0.18 Pa. The lower pressure in Scenario 4 reflects much smaller cancer concentrations
and correspondingly reduced volumetric forcing. These pressure magnitudes lie in the range of interstitial
fluid pressure reported by Netti et al. [11] for solid tumors at early stages.

4.5 Biological Interpretation
The extended PINN model captures essential immune-tumor feedback mechanisms operating across

multiple timescales. Early evolution exhibits immune-dominated dynamics: T-cell activation by cancer
drives IFN-γ production, which simultaneously inhibits tumor proliferation and enhances macrophage M1
polarization. This creates negative feedback: immune activation increases IFN-γ, which suppresses tumor
growth and activates macrophages, enhancing killing and reducing cancer burden. The loop operates most
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effectively when spatial overlap between tumor and immune cells remains high, explaining why Scenarios
2–4 show stronger early suppression than the uniform Scenario 1.

Intermediate evolution transitions toward tumor escape. As concentrations approach carrying capacity
C0, proliferation slows through the logistic term regardless of immune pressure. Simultaneously, sustained
activity depletes macrophage populations, reducing killing capacity. T-cell decline, as tumor suppres-
sion decreases activation stimulus, further lowers IFN-γ production, creating positive feedback enabling
immune evasion.

Late evolution reaches scenario-dependent quasi-equilibria. Scenario 1 maintains moderate cancer
burden with depleted but functional immune response. Scenario 2 sustains high tumor load, indicating
partial escape. Scenario 3 shows intermediate behavior with persistent spatial heterogeneity. Scenario 4
achieves the strongest suppression through early intense immune engagement, though severe macrophage
depletion suggests transient rather than stable control.

A practical consequence concerns the therapeutic window, understood as the time interval during
which the tumor field remains below a clinically relevant threshold. In the boundary configuration, the model
predicts ⟨C⟩ < 104 cells/m2 for the entire simulated interval of 500 days, which however coincides with a
72% macrophage loss, signaling that this state is unlikely to be stable beyond the present simulation window
without external immune support (e.g., monocyte recruitment or checkpoint-inhibitor therapy). A precise
quantification of this window against a patient-specific viability or Allee threshold will require calibration
against longitudinal imaging data and is left to future work.

IFN-γ kinetics prove crucial for these dynamics. The rapid decay rate prevents accumulation, requir-
ing continuous T-cell production to maintain physiological levels. This creates responsiveness: activation
immediately elevates IFN-γ, rapidly modulating tumor inhibition and macrophage polarization; conversely,
T-cell decline produces swift IFN-γ reduction within days, allowing tumor recovery. This responsiveness con-
trasts with slower cellular timescales, positioning IFN-γ as a high-frequency signaling molecule mediating
immune-tumor communication.

Mechanical coupling through pressure-driven advection influences tumor topology. The boundary
configuration of Scenario 4 generates inward fluid flow opposing outward cancer diffusion, enhancing early
immune contact. Advective velocities, while small compared to cell migration, produce cumulative transport
effects over hundreds of days comparable to diffusive displacement. We emphasize that this interpretation
suggests rather than demonstrates a causal role for advective transport, since the present study does not
include a mechanical-only ablation run.

5 Conclusions and Limitations
An extended Physics-Informed Neural Network framework was presented for modeling osteosarcoma

tumor-immune-mechanical dynamics, incorporating interferon-gamma as a fifth biological variable coupled
with poroelastic tissue mechanics. Four macrophage distribution scenarios were investigated. The framework
achieved stable convergence in all cases, with total loss values between 0.0557 and 0.1577. Mechanical
residuals remained below 3.2 × 10−5 throughout. The boundary-concentrated configuration reached the
lowest biological loss, while the cluster scenario exhibited the highest due to asymmetric gradient complexity.
Temporal stiffness from the IFN-γ decay rate was managed through curriculum learning and adaptive
component weighting without compromising biological fidelity.

The predicted dynamics exhibited initial immune-mediated tumor suppression followed by progressive
macrophage depletion across all scenarios, consistent with observed patterns of immune exhaustion in



18 Comput Model Eng Sci. 2026;147(3):27

solid tumors. Pressure-driven advection influenced tumor spatial evolution, and boundary macrophage
accumulation appeared to enhance early immune-tumor contact through inward fluid transport.
Limitations

Several limitations of the present work should be acknowledged. First, the predicted fields have not
been benchmarked against an independent reference solution (FEM or analytical). The low loss values
indicate satisfaction of the governing equations at the collocation points, but not pointwise accuracy of the
predicted fields; a quantitative FEM verification is identified as a priority follow-up. Second, all simulations
used a single parameter set (cluster 1 of TARGET) without a formal sensitivity study; local sensitivities
with respect to λC M , δCIγ , αNC , δIγ , and λMIγ are planned via inverse-PINN techniques. Third, the model
assumes a fixed spatial domain over 500 days, neglecting large-strain tumor growth and associated mesh
motion; in the parameter regime studied, predicted displacements remained small enough (<10−4 m) to
support this approximation, but at larger strains or longer horizons a moving-domain or ALE formulation
would be needed. Fourth, macrophage dynamics are closed-system: circulatory monocyte recruitment is not
modeled, so the predicted depletion magnitudes are upper bounds. Fifth, M1/M2 phenotypes are not resolved
separately; λMIγ represents a net M1-dominant activation. Sixth, the softplus output layer prevents true
extinction of any biological variable, which in Scenario 4 produced continuous-field concentrations below
any physiologically meaningful value; a future refinement will introduce a numerical extinction threshold
Cmin and treat the system as piecewise below this threshold. Seventh, no uncertainty quantification was
performed: reporting mean ± standard deviation of key metrics over multiple seeds of the collocation point
sampling and weight initialization is a natural next step.

Future extensions include three-dimensional domain formulation, patient-specific parameter cali-
bration via inverse PINN approaches [7], systematic validation against FEM reference solutions, and
incorporation of macrophage M1/M2 phenotype switching.
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