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Abstract: Understanding the metabolic adaptations of cancer cells is crucial for uncovering potential
therapeutic targets and improving treatment strategies. In this study, we present a hybrid modeling
framework that combines Physics-Informed Neural Networks (PINNs) and Universal PINNs (UPINNs)
to investigate glucose-lactate metabolism in glioblastoma cell lines. We first employed PINNs to
infer critical model parameters governing glucose uptake and phenotypic switching in tumor cells,
demonstrating high accuracy using synthetic data. We then extended this framework using UPINNs to
uncover hidden metabolic dynamics that could not be explicitly modeled, introducing a latent variable
W to represent unknown functional behavior in glycolytic processes. Our approach was validated
for both synthetic and experimental datasets for two glioblastoma cell lines (LN18 and LN229) with
distinct metabolic phenotypes. The UPINN framework not only captured cell-type-specific behaviors
but also remained robust in the presence of moderate experimental noise. Furthermore, we explored the
sensitivity of the model to the trade-off between data fidelity and mechanistic constraints, showing that
the choice of loss term weighting significantly impacts predictive performance. While our application
centered on cancer metabolism, the proposed method was general and applicable to a wide range of
systems described by differential equations, including problems in biology, engineering, and physical
sciences. This work demonstrates the potential of UPINNSs as a powerful and interpretable tool for
data-driven discovery in partially observed dynamical systems.
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1. Introduction

Cancer is a multifaceted disease marked by unchecked cell growth and the ability to spread, primarily
resulting from genetic alterations that impair normal regulatory mechanisms [1,2]. As these malignant
cells multiply, they can form tumors that infiltrate surrounding tissues or spread throughout the body [3,
4]. Despite advances in research and treatment, cancer remains a major public health challenge
worldwide [5]. Among the many defining features of cancer, one key biological hallmark is metabolic
reprogramming [2,6]. Cancer cells frequently reprogram their metabolism by favoring aerobic glycolysis
over oxidative phosphorylation, a process widely referred to as the Warburg effect, enabling them to
sustain growth even under oxygen-limited conditions [7, 8]. This metabolic adaptation involves elevated
glucose uptake and significant lactate production [9].

Lactate plays a central role in shaping the tumor microenvironment. It acidifies the extracellular
space, suppresses immune responses, and modulates surrounding normal cells [10]. Additionally, lactate
can be used as a metabolic fuel via the lactate shuttle, where glycolytic and oxidative tumor cells
exchange lactate through MCT transporters to optimize energy usage and maintain pH balance. This
metabolic symbiosis enhances tumor robustness and survival in hypoxic niches.

Glioblastoma multiforme (GBM) represents the most malignant type of primary brain cancer in
adults [11]. GBM displays rapid proliferation, infiltrative behavior, and resistance to therapy, with
patients typically surviving only 12—15 months after diagnosis. Understanding its metabolic adaptations
is crucial to identifying vulnerabilities and designing targeted treatments.

Mathematical modeling offers a powerful tool for quantifying the metabolic dynamics in cancer.
Models based on systems of differential equations have helped simulate shifts in energy production,
including glucose and oxygen consumption, lactate generation, and ATP production [12]. These
frameworks enable researchers to probe the influence of microenvironmental factors and test hypothetical
interventions computationally [13]. However, detailed mechanistic models face limitations due to
incomplete knowledge of system parameters and dynamics. To address this, researchers have integrated
machine learning (ML) approaches with mechanistic models [14]. ML is particularly effective in
analyzing complex omics data and uncovering hidden patterns. Comparative studies show that hybrid
modeling, combining ML’s predictive power with mechanistic interpretability, can enhance insight into
cancer metabolism [15].

Physics-Informed Neural Networks (PINNs) integrate differential equations directly into neural
network training [16—18], enabling reliable learning from limited or noisy data. Universal Physics-
Informed Neural Networks (UPINNSs) extend this approach by also learning unknown functional
components, making them well-suited for partially understood biological systems such as cancer
metabolism [19].

In this study, we apply PINNSs to infer unknown parameters in a metabolic model of glucose and
lactate dynamics based on the work of Mendoza-Juez et al. [20]. We validate the approach on synthetic
data before applying it to experimental measurements of glucose, lactate, and cancer cell populations.
To further enhance the model’s flexibility and biological insight, we employ UPINNS to learn unknown
regulatory terms and investigate hypotheses related to metabolic switching, such as transitions from
glycolysis to lactate-supported respiration [18,21].
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2. Related work

A growing body of research shows that researchers employ mathematical and multi-scale com-
putational models to explore tumor metabolism, including the Warburg effect, lactate shuttling, and
glutamine addiction. Shan et al. [22] developed a multi-scale agent-based model to examine how
tumor growth is influenced by metabolic strategies, showing that both Warburg and reverse Warburg
effects can provide selective advantages under spatial constraints [7,8,23]. Almeida et al. [24] used
integro-differential models to study MCT1 regulation via lactate signaling under glucose deprivation.

Roy and Finley [25] proposed a multiscale model integrating intracellular metabolite dynamics
with tissue-scale growth in tumor spheroids. Jayathilake et al. [26] and McGillen et al. [27] developed
agent-based and spatial models simulating glucose-lactate symbiosis between tumor cell populations.
Both studies highlighted how metabolic cooperation reduces glucose depletion and supports tumor
viability.

Yang et al. [28] developed and validated a mechanistic model to predict tumor cell proliferation as
a function of glucose availability. Building on Mendoza-Juez et al. [20], they simplified the model to
a single tumor cell population and used time-resolved microscopy data from breast cancer cell lines
to calibrate a system of ODEs capturing glucose consumption, proliferation, and death. Their model
achieved high predictive accuracy and identified subtype-specific metabolic parameters. Notably, the
researchers addressed limitations of earlier models by explicitly calibrating to experimental data and
analyzing dependence of model parameters on initial glucose and confluence conditions.

Experimental studies by Sonveaux et al. [29] provided the biological foundation for lactate-fueled
respiration in oxygenated tumor cells, which has inspired several modeling frameworks [30,31]. These
include game-theoretical and agent-based models that explore evolutionary dynamics and spatial
heterogeneity in tumor metabolism.

We build on this literature using UPINNS to flexibly incorporate known physical principles while
learning unknown dynamics directly from data. This positions our framework as a hybrid modeling
approach that balances predictive accuracy, mechanistic interpretability, and adaptability to complex
biological systems.

3. Methods

3.1. Glucose-lactate metabolism model

A mathematical model for tumor cell nutrient uptake driven by glucose and lactate [20], containing
the total tumor cell population P(#), with fractions undergoing oxidative phosphorylation P,(¢) and
glycolysis P,(1), alongside the nutrient concentrations of glucose G(r) and lactate L(¢), all evolve based
on nutrient availability and acidosis. Its non-dimensionalized equation system is expressed as

dj % = l(1 — Po = Pg)Po + i)(L(L)pg - LXZ(L)XG(G)po (3.1
t T, Tgo Tog

%=l(l—p —p)p—i)((L) +i 1 (Lx6(G) (3.2)
dt T, 0 )Pg oo L\L)Dg TogXL Xc(G)po .
dG _ G G

Po (3.3)

dr - Gt aL+n, _KGG+G*pg
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where the switch function y (L) is the form:
1
xu(L) = 3 [1+ tanh (y(L ~ L.)] (3.5)

models the transition from glycolytic to oxidative metabolism based on lactate concentration. It remains
near zero for low lactate levels and approaches one for high ones. Parameter vy controls the sharpness of
this transition, reflecting cell sensitivity to acidity changes.

The inverse transition from oxidative to glycolytic metabolism is governed by x; (L) = 1 — (L),
defined as a decreasing function of lactate concentration, This function ensures that cells maintain
oxidative metabolism at low lactate levels and switch back to glycolysis when lactate is sufficiently
reduced. Additionally, the function y(G) is given by:

0’ lfG < Gmin»
G) = 3.6
x6(6) {1, iG> G (3-6)

which accounts for glucose availability, preventing cells from switching to glycolysis without glucose.
It is modeled as a step function, where glycolytic metabolism is activated only when glucose exceeds a
minimum threshold G ;,.

To capture the hidden dynamics governing nutrient exchange within tumor cells, the model incorpo-
rates specific terms representing glucose uptake and lactate production, reflecting the intricate balance
of metabolic processes observed in cancer. In particular, the term —«g GfG* D¢ quantifies the consumption
of glucose by the glycolytic cell population p,g, where the saturation function % embodies the dimin-
1shing incremental effect of glucose availability as concentrations exceed the characteristic threshold G...
This formulation, with ks serving as the consumption rate constant, emphasizes that higher populations
of glycolytic cells will proportionally increase the rate of glucose uptake, although uptake is limited by
saturation kinetics. Complementarily, lactate production is modeled by the term +2«¢ % Dg> Where the
multiplicative factor of 2 results from the stoichiometric conversion of one molecule of glucose to two
molecules of lactate during glycolysis. The identical saturation term indicates that lactate production
is inextricably linked to the available glucose concentration, reinforcing the biological phenomenon
known as the Warburg effect, whereby tumor cells preferentially convert glucose to lactate even under
aerobic conditions. Combining empirical insights with core biological principles enables the two-term
model to capture nutrient-metabolism interactions in tumors, providing a suitable structure for UPINNs
to infer hidden dynamic components in a transparent and data-efficient manner.

3.2. Physics-informed neural networks

Let i(¢) denote an unknown real-valued function governed by a known differential operator N:
d - —
Eu(t) = Nu(t), tel[0,T]. (3.7

Given a set of observational data, the goal of a PINN is to approximate () using a neural network
that both fits the available data and satisfies the governing physical equations. This is achieved by
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minimizing a composite loss function composed of two key components. The first is the data loss term,
Laa, Which quantifies the discrepancy between the predicted and observed data. The second is the
physical loss term, Lpnysics, Which enforces consistency with the underlying differential equation using
automatic differentiation. The total loss is given by:

L =Ly + Lphysics- (3.8)

In addition to solving forward problems, PINNs are also highly effective for inverse problems, such
as inferring unknown parameters in dynamical models by fitting to experimental measurements. This
is particularly valuable in biomedical systems, where key biological parameters are often inaccessible
through direct experimentation. The physics-based regularization in PINNs helps manage noise and
data sparsity, which is critical for real-world biomedical applications with imperfect observations.

3.3. Universal physics-informed neural networks

Universal Physics-Informed Neural Networks (UPINNs) extend the standard PINN framework by
not only incorporating known physical laws but also learning latent biological processes that cannot
be directly encoded within existing mechanistic models. This capability is particularly valuable in
biomedical systems, where critical regulatory mechanisms are often only partially understood or entirely
unknown. In our framework, UPINNs enable the discovery of such hidden dynamics through a neural
representation of an unknown functional term, enabling the model to capture complex, nonlinear
metabolic behaviors, such as dose-dependent glucose uptake or emergent glycolytic responses, without
requiring these relationships to be explicitly defined a priori. By combining mechanistic constraints
with the expressive power of neural networks, UPINNs provide a data-driven approach to uncovering
biologically relevant patterns embedded within sparse and noisy experimental data.

Let ii(t) € R™ represent the state vector of the system, and assume the true dynamics are governed
by a differential operator N that can be decomposed into a known component Nx and an unknown
functional component . The governing equation is then written as:

%ﬁ(l) = Nilidl@) + Flal@®), t€][0,T], (3.9)

subject to the initial condition:
i(0) = up.
The UPINN method trains two neural networks: One, U(¢), to approximate the solution i(z), and

another, Fy[i], to represent the hidden dynamics ¥ . The training involves minimizing a composite loss
function:

L = Lyse + Lonysicss (3.10)

where the data loss Lysg ensures fidelity to observed data {i;}".,:

1 < 2
— Ui —ull, 3.11
Lise n;” (1) — it 3.11)
and the physical loss Lpysics €nsures that the learned solution satisfies the modified dynamics:
1 G| d 2
Lonysies = 7 Z] U@ = (Nk[U1w) + FolU@)|| - (3.12)
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This formulation enables the model not only to fit sparse and noisy data, but also to infer symbolic
representations of unknown dynamics. Notably, symbolic regression tools such as Al Feynman can be
applied post hoc to extract interpretable equations from %, [19].

We employ this framework to infer unknown metabolic interactions in cancer models, where full
mechanistic knowledge is either unavailable or uncertain. This includes identifying non-linear or
dose-dependent effects in tumor growth and treatment response dynamics [19]. UPINNs thus provide a
powerful hybrid approach; anchored in physical laws yet flexible enough to learn new biology from data.

4. Results

4.1. Parameter estimation based on physics-informed neural networks

Using the PINN framework, we estimate critical model parameters including «,, kG, Tog, and 7,
which are typically challenging to measure directly through experimental methods. The parameter
estimates and their corresponding Mean Squared Error (MSE) values are summarized in Table 1.

Table 1. Estimated parameters and their MSE values using PINN. The true values listed
here are those reported in Mendoza-Juez et al. [20], selected to ensure consistency with
experimental observations.

Cell line Parameter Estimated value True value MSE

K, 1.067 15 187 x 107
Ko 7.473 10.0 6.384
LNI8 22% 1072 1/24 4.0% 107
Teo 8.88 x 10! 1.0 1.2 %1072
K, 1.000 15 25 % 107!
Ko 2.101 2.5 1.59 % 107!
LN229 - 2.0% 102 1/24 50% 107
T 1.014 1.0 2.0 x 10

The values estimated using PINN are in close agreement with the true reference values, demonstrating
the method’s effectiveness in recovering biologically meaningful parameters. For the LN18 cell line,
K, 1s estimated as 1.067 versus the true value of 1.5, with an MSE of 0.187. Similarly, 7,, and 7,, are
estimated as 0.022 and 0.888, respectively, closely matching their true values of 1/24 and 1.0, and
yielding low MSEs. These results suggest that the network effectively captures the dynamics associated
with oxidative metabolism and phenotypic switching.

However, kg exhibited a larger deviation. It was estimated at 7.473 compared to the true value of 10.0,
resulting in a relatively higher MSE of 6.384. This discrepancy may stem from the increased sensitivity
of glycolytic dynamics to data noise, combined with fewer observations capturing glucose-driven
transitions. These findings indicate that more informative data or additional regularization might be
needed to constrain this parameter more accurately.

For the LN229 cell line, the estimates similarly demonstrate strong agreement with the true values. «,
and kg were estimated at 1.000 and 2.101, respectively, while the true values are 1.5 and 2.5. Although
slightly underestimated, these values remain within an acceptable range. The estimated 7,, and 7,
0.020 and 1.014, respectively, are nearly identical to the ground truth, supported by very low MSEs of
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0.0005 and 0.0002, respectively.

These comparisons highlight the utility of PINNs for parameter estimation in complex biological
models using sparse and potentially noisy data. The low MSEs for most parameters underscore the
model’s reliability. The variation observed in k¢ identifies a direction for further refinement; either
through enhanced data collection strategies or more expressive neural architectures. Overall, the results
support the application of PINN as a robust alternative to direct experimental measurement in parameter
estimation tasks.

4.2. Identifying cancer cell metabolic dynamics using synthetic data

We apply the UPINN framework to the glucose—lactate metabolism model (Eqs 3.1-3.4) to identify
the regulatory mechanisms underlying glucose uptake and lactate production, and to investigate how
these metabolic processes differ between LN18 and LN229 glioblastoma cell lines. As discussed,
the terms —«g % Pe and +2«¢ % D, reflect the stoichiometry of glycolysis, where one molecule of
glucose is converted into two molecules of lactate.

To simplify the modeling of unknown dynamics while preserving biological meaning, we introduce
a latent function W, which enables a simplified yet biologically meaningful representation of glycolytic
activity, consolidating glucose uptake and lactate production into a single term that can be learned from

data, and define:
G

G+G.l®

so that the expressions —«g % Pe and +2kg % P can be rewritten as —W and 2W, respectively. In
this setting, kg remains an unknown parameter to be inferred, while all other terms are assumed known
and included in the operator Ng[U].

We adopt all the parameter values listed in Table 2 from Mendoza-Juez et al. [20]. The differences
between LN18 and LN229 capture variations in metabolic phenotype, such as glycolytic rate and lactate
threshold. Initial conditions are chosen to reflect the Warburg effect, with approximately 85% of cells
in a glycolytic state and 15% in an oxidative state. Accordingly, the initial conditions for LN18 and
LN229 are defined as

FeW = (4.1)

yuNIS — y5N229 =[0.1,0.0176,9.444,1.124],

based on [20], and the time interval considered is € [0, 4]. Synthetic datasets {f;, p,;, p,.i, Gi, L;} are
generated by numerically integrating the ODE system using a classic fourth-order Runge—Kutta method.

In experimental settings [20], only three quantities are observable: Total cell accumulation (P, + P,),
glucose concentration, and lactate concentration. Since the MSE loss in the UPINN framework must
correspond to these observable quantities, we redefine the data loss as:

LME=%§K

P,(t;) + Py(t;) - P’

+1G(t) - Gi* + |L(t) - LiI* ). (4.2)
where P;, G;, and L; are the synthetic ground truth values. This ensures a direct mapping between model
predictions and measurable quantities. The residual ODE loss, Lopg, remains unchanged, continuing to

enforce the consistency of the model with the governing dynamics through automatic differentiation.
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Table 2. Model parameters used for LN18 and LN229 glioblastoma cell lines.

Notation  Parameter (units) LNI18 LN229
T, Oxidative cell proliferation (days) 1/log?2 1/1log?2
Tg Glycolytic cell proliferation (days) 1/log2  1/log2
P, Confluence (x10? cells) 850 750

Tog Oxidative — Glycolytic switch time (days) 1/24 1/24
Teo Glycolytic — Oxidative switch time (days) 1 1

0% Phenotype switching sensitivity (1/mM) 100 100

L, Lactate threshold (mM) 10 4

Ky Glucose consumption by oxidative cells (mM/day) 1.5 1.5

KL Lactate consumption by oxidative cells (mM/day) 5 5

KG Glucose consumption by glycolytic cells (mM/day) 10 2.5

A Preference for lactate 1 1

n, Glucose oxidation threshold (mM) 1 1

m, Lactate oxidation threshold (mM) 1 1

G. Michaelis-Menten constant (mM) 0.5 0.5

4.3. UPINN implementation and performance on synthetic data

The UPINN framework employs a deep neural network (DNN) as a surrogate model to approximate
the solution U(¢), in conjunction with auxiliary networks to represent the unknown dynamics encap-
sulated by the latent function W. The surrogate network is a fully connected DNN comprising eight
hidden layers, each with 128 neurons, utilizing hyperbolic tangent (Tanh) activation functions and input
normalization to improve training stability. The auxiliary networks, which share the same architecture,
receive the relevant state variables as inputs and output predictions for the hidden dynamics.

Training is performed using a two-stage optimization process. The model is first trained with the
Adam optimizer to provide a coarse solution, followed by fine-tuning using the quasi-Newton L-BFGS
optimizer, which enhances convergence and overall accuracy.

We first evaluate UPINN on synthetic noise-free data to assess its ability to reconstruct the hidden
dynamics represented by W, which governs glucose consumption and lactate production in glycolytic
tumor cells. Figure 1(a) shows the comparison between UPINN predictions and the ground truth
solutions for LN18 and LN229. The subplots show, from left to right, total cell accumulation, glucose
concentration, and lactate concentration.

Both cell lines exhibit similar proliferation patterns, with initial seeding at 10° cells/mL. Consistent
with their glycolytic phenotype, both lines demonstrate preferential glucose usage, along with compa-
rable oxidative nutrient uptake. Given the stoichiometry of glycolysis, where one glucose molecule
(approximately 180 Da) yields two lactate molecules (each approximately 89 Da), the temporal trends
in lactate production closely reflect those of glucose consumption. Notably, lactate accumulation slows
as it approaches the tolerance threshold, with this effect more pronounced in LN229, which exhibits a
more gradual metabolic adaptation compared to LN18.
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(a) Comparison between UPINN predictions and synthetic noise-free solutions. From left to right: Total cell population,
glucose concentration, and lactate concentration for LN18 and LN229.
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(b) Comparison between UPINN predictions and synthetic solutions with 3% added noise. From left to right: Total cell
population, glucose concentration, and lactate concentration for LN18 and LN229.

Figure 1. UPINN prediction performance for synthetic data under noise-free and noisy
conditions.

Table 3 summarizes the MSE values between the UPINN predictions and the ground truth for each
of the four observable quantities: Total cell accumulation, glucose, lactate, and the latent variable W. In
the absence of noise, all MSE values are below 107, indicating that the UPINN can precisely capture
the underlying metabolic dynamics.

Figure 4 shows the learned W functions under both noise-free and noisy conditions. In the ideal
setting (left panels), the network accurately captures the trajectory of W, including the peak amplitude
and temporal dynamics. The estimated MSEs for W are 1.117 x 10~ for LN18 and 3.097 x 10~ for
LLN229, confirming the model’s precision. While noise degrades prediction accuracy, the core features of
the hidden dynamics remain identifiable, indicating the UPINN’s robustness in the presence of moderate
observational uncertainty.

To further assess the robustness of the model, we introduce Gaussian noise into the synthetic dataset
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Table 3. Mean squared error (MSE) for UPINN predictions under noise-free and 3% noisy

conditions.
Condition Cell Line Cell Accumulation G L w
. LN18 2.482 x 1077 4519%x 107 2.003x10™* 1.117x10™*
Noise-free 5 5 5 —4
LN229 1.078 x 10 2.191 x 10 6.488 x 10 3.097 x 10
. LN18 6.829 x 107 9257x 1073 2.163x 1072 9.707 x 1072
Noisy (3%) -5 -2 -3 -3
LN229 9.342 x 10 1.737 x 10 4707 x 10 1.388 x 10

using the following formulation:
Xnoisy = Xtrue + €, € ~ N(O0, 00321), 4.3)

and re-evaluate the UPINN predictions (Figure 1(b), bottom row). As expected, the addition of noise
lead to increased MSE values across all output variables (Table 3). For the LN18 cell line, glucose
and lactate concentrations exhibit the most significant increases in prediction error, with the MSE for
glucose rising from 4.519 x 10~ t0 9.257 x 1073, and for lactate from 2.003 x 10~ t0 2.163 x 1072. In
contrast, LN229 showed relatively smaller increases, with glucose MSE increasing from 2.191 x 107>
to 1.737 x 1072, and lactate MSE from 6.488 x 107> to 4.707 x 1073.

Despite the increase in error, Figure 1(b) illustrates that UPINN successfully captures the overall
dynamics of cell accumulation, glucose depletion, and lactate production under noisy conditions. This
highlights the model’s robustness and its capacity to recover key metabolic trends even in the presence
of moderate experimental noise.

Overall, these results demonstrate that UPINN is a reliable method for identifying metabolic param-
eters governing glucose uptake and lactate production in glycolytic cells. The observed differences
between LN 18 and LN229 reflect their distinct metabolic phenotypes: LN18, which exhibits greater
reliance on glycolysis, is more sensitive to noise perturbations, while LN229 displays more stable
behavior. This further emphasizes the importance of modeling cell-line-specific metabolic traits when
interpreting experimental data or designing targeted interventions.

4.4. Identifying cancer cell metabolic dynamics using experimental data

Having demonstrated the effectiveness of UPINN in capturing metabolic dynamics using synthetic
data, we next apply the framework to experimental measurements reported in [32], which examine the
proliferation and nutrient consumption of LN18 and LN229 glioblastoma cell lines in culture. Unlike
synthetic datasets, real-world measurements are subject to biological variability and noise, and often lack
explicit ground truth for unobservable variables. Consequently, discrepancies between model predictions
and experimental observations must be interpreted with the inherent uncertainty and complexity of in
vitro experiments in mind.

To improve predictive accuracy under such conditions, we incorporate measurement uncertainty
directly into the UPINN training process. Specifically, we integrate experimental error bars for total cell
accumulation (P, + P,), glucose concentration (G), and lactate concentration (L) into the data loss term.
The modified loss function weighs each data point according to its associated variance o7

N N w2
Ly = ) 0 )
i=1 j

1

Mathematical Biosciences and Engineering Volume 22, Issue 9, 2486-2505.



2496

® Synthetic W (LN18)
—— W prediction (LN18)

200 A

150 A

100

1 2 3
Time

2 3 4
Time

(a) Comparison of W for LN18 under noise-free (left) and 3% noise (right) conditions.

140 A

120 A

100 A

80 1

60

40 A

4 I

Synthetic W (LN229)
=== W prediction (LN229)

140 -
120
100 -
80
60
a0 i

20 A

1 2 3
Time

Time
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Figure 2. Reconstruction of the hidden dynamics W using UPINN.

This formulation reduces the influence of noisy or uncertain measurements while giving more weight
to reliable data points. As a result, the model is guided toward fitting trends supported by high-confidence
observations, thereby improving its ability to identify the underlying metabolic dynamics.

Figure 3 compares UPINN predictions (solid lines) to experimental data (markers with error bars)
for LN18 and LN229 over a four-day culture period. The left panel displays total cell accumulation,
the middle shows glucose concentration, and the right shows lactate concentration. For LN18, the
model closely tracks the steep decline in glucose and the corresponding rise in lactate, consistent with
a strongly glycolytic phenotype. In contrast, LN229 exhibits a more gradual decline in glucose and a
slower lactate accumulation, reflecting its comparatively lower glycolytic activity.

Table 4. MSE values for LN18 and LLN229 using experimental data.

Cell line Cell accumulation G

L

LN18
LN229

4.09 x 10~
3.66 x 10~

i
4

5.02x 1073
5.15%x 1073

1.28 x 1073
1.34 x 1073

The MSE values for each variable, summarized in Table 4, confirm that UPINN maintains low
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Figure 3. (a) Total cell accumulation (P, + P,) for LN18 and LN229 cells. (b) Glucose
concentration. (c) Lactate concentration. Error bars indicate experimental variability; solid
lines show UPINN predictions.

prediction errors across both cell lines. Notably, the model captures the key features of each metabolic
profile with consistent precision.

Figure 4 shows the inferred hidden terms W for both LN18 (top) and LN229 (bottom) under experi-
mental conditions. In both cases, the UPINN framework successfully reconstructs the latent metabolic
dynamics, revealing differences in glycolytic activity consistent with prior biological characterization of
the two cell lines. The resulting W profiles further validate the model’s capability to extract meaningful
biological insights from noisy, real-world measurements.

Figure 4 illustrates the inferred hidden metabolic variable W for each cell line, capturing unobserved
dynamics underlying glucose uptake and lactate production. LN18 exhibits a higher and earlier peak in
W, indicating a rapid glycolytic response, consistent with the sharp drop in glucose and rise in lactate
observed experimentally (Figure 3). In contrast, LN229 displays a lower, more gradually decaying
W profile, reflecting its comparatively slower glucose consumption and lactate accumulation. These
differences in W align with the distinct metabolic phenotypes previously reported for the two cell lines.

Quantitatively, Table 4 summarizes the model’s performance, with the lowest MSE values observed
for total cell accumulation (~ 4 x 107%), while glucose and lactate predictions yield slightly higher
MSE:s on the order of 107, These differences likely reflect the higher variability and measurement noise
typically associated with metabolic assays, as compared to the more reproducible cell counting.

Interestingly, when experimental uncertainties are explicitly incorporated into the data loss function,
UPINN predictions for LN18 reveal a pronounced inflection point at ¢t = 2 days, particularly in the
glucose and lactate profiles. This behavior contrasts with the smoother trajectories observed in the
synthetic datasets. One plausible explanation lies in the discrepancy between idealized synthetic data
and real-world experimental observations, which include biological variability, noise, and potential
systematic errors. By weighting data points according to their uncertainty, the model is encouraged to
balance fidelity to uncertain measurements with adherence to the mechanistic constraints imposed by
the governing differential equations. The network may learn to introduce new features (e.g., inflection
points) to reduce the total loss.

To investigate how these inflection points arise, we conduct an additional set of experiments exploring
the effect of varying the relative weights of the data and physical loss terms. Specifically, we introduce
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Figure 4. Learned hidden dynamics W for LN18 (top) and LN229 (bottom) using experimental
data.

two weighting parameters, A4, and 4,, to modulate the influence of the observational and mechanistic
components of the total loss:

L= /laLMSE + /lb-Ephysics- (45)

We evaluate a range of A, and 4, combinations and analyze their impact on model predictions, demon-
strating that glucose and lactate predictions are highly sensitive to the choice of these weights (see
Appendix).

For LN229, reducing A, from 1.0 to 0.1 while keeping 4, = 1.0, results in a doubling of glucose
MSE from 0.038 to 0.078, and a moderate increase in lactate MSE from 0.066 to 0.080. In contrast,
LN18 is significantly more sensitive: The same reduction in 4, leads to a dramatic increase in glucose
MSE from 0.029 to 1.144 and in lactate MSE from 0.008 to 7.018. Notably, the accuracy of total cell
accumulation predictions remain stable, with MSEs consistently between 10~* and 107> across all tested
configurations.

These results highlight the importance of carefully selecting weighting parameters when applying
UPINN to experimental data. Overemphasis on data fidelity may lead to artifacts such as spurious
inflection points, while overemphasis on mechanistic consistency may compromise the model’s ability
to accurately fit the data. Optimal performance requires a balanced weighting scheme that accounts
for the nature and uncertainty of the measurements and the biological context of the system under
investigation.
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5. Discussion and conclusions

In this work, we developed a unified framework leveraging PINNs and UPINNS to investigate the
metabolic dynamics of glioblastoma cell lines. Our objective was twofold: First, to infer unknown
parameters within a mechanistic model using PINNs; and second, to extend this capability using
UPINNSs to uncover hidden functional dynamics that are not explicitly defined in the model structure.

We began by employing PINNs to estimate key kinetic parameters involved in glucose and lactate
metabolism. Using synthetic data generated under controlled conditions, the model achieved high accuracy
in recovering parameters such as glucose consumption rates and phenotype switching times, with low
MSE:s validating the approach. This phase demonstrated the effectiveness of PINNs in solving inverse
problems where the governing equations are known, but parameters remain unmeasured or uncertain.

Building on this, we transitioned to UPINNSs to discover unknown components of the governing
dynamics, specifically, the hidden term W that modulates glucose uptake and lactate production in gly-
colytic tumor cells. By learning W directly from data, UPINNs enabled a more flexible and expressive
representation of the system, capturing metabolic behaviors that could not be fully explained by parame-
terized models alone. In both noise-free and noisy synthetic settings, UPINNs recovered biologically
consistent trends and revealed differences between the LN18 and LN229 cell lines, supporting their
known metabolic phenotypes.

The latent function W, learned through the UPINN framework, captures nonlinear metabolic dynam-
ics that are otherwise difficult to model explicitly. While introduced as a flexible neural representation,
W retains biological interpretability: Its temporal profile reflects the aggregate rate of glucose uptake
and lactate production by glycolytic cells, enabling us to distinguish metabolic phenotypes across
glioblastoma cell lines. For instance, a sharper and higher peak in W corresponds to more aggressive
glycolytic activity, as observed in the LN 18 cell line. These variations are consistent with experimentally
reported differences in metabolic behavior and validate W as a proxy for hidden biological processes.
Furthermore, since W is learned as a continuous and differentiable function, it can be post-processed
using symbolic regression techniques to potentially recover interpretable, mechanistically grounded
expressions, offering a path toward deeper insight into tumor metabolism. Importantly, the UPINN
framework is not limited to this specific application; it is a general approach that can be applied to infer
other unknown components in differential equation models across a wide range of biological, physical,
and engineering systems where partial mechanistic knowledge is available.

The application of the framework to experimental data introduced new challenges, including biologi-
cal variability, measurement noise, and the lack of ground truth for hidden variables. To address this,
we incorporated experimental uncertainty into the loss function by weighting data points based on their
associated variance. This adjustment improved model robustness and helped mitigate the influence of
unreliable measurements. However, we observed the emergence of inflection points in the predicted
profiles, especially in glucose and lactate concentrations for LN18, highlighting the sensitivity of the
model to the trade-off between data fidelity and physical consistency.

To better understand this behavior, we introduced the weighting parameters A, and A, to control the
relative contribution of the loss of data and the residual loss of ODE. Through a systematic study, we
found that improper weighting can introduce artifacts (by overfitting noisy data) or degrade predictive
performance (by overly constraining the model with rigid dynamics). These findings emphasize the
importance of carefully tuning the model based on the nature of the experimental data and the biological
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system under study.

Overall, our results show that the combined use of PINNs and UPINNs provides a powerful and
interpretable framework for modeling complex biological systems. PINNs are well-suited for parameter
estimation when the model structure is known, while UPINNs offer greater flexibility for uncovering
hidden biological mechanisms. Together, they enable data-driven discovery constrained by physical
laws, enabling meaningful insights even when direct measurements are incomplete or uncertain.

Beyond our application, the generality of UPINNs has also been demonstrated in other biomedical
domains. For instance, Podina et al. [33] applied UPINNSs to pharmacokinetic and pharmacodynamic
modeling of chemotherapy drug action, successfully identifying unknown dose- and time-dependent
effects of doxorubicin from both synthetic and in-vitro data. Their approach showed that UPINNs
can learn drug mechanisms directly from experimental observations, even when the model structure
is only partially known. This highlights the potential of UPINNs to complement or extend traditional
quantitative systems pharmacology (QSP) models and supports their application to a wide range of
systems biology problems involving incomplete mechanistic knowledge.

While the chosen UPINN architecture yielded robust results in both synthetic and experimental
settings, we acknowledge the absence of a systematic ablation study on the impact of network depth and
width. Due to computational constraints and limited biological replicates, we prioritized demonstrating
the feasibility and accuracy of the framework under a fixed architecture. In future work, we aim to
conduct a more comprehensive ablation analysis to evaluate model sensitivity to architectural choices
and to assess overfitting risk. Furthermore, coupling these computational studies with biochemical
validation will enable us to quantitatively evaluate the biological plausibility of the learned latent
dynamics.

In addition, this study demonstrates the feasibility of UPINNs for modeling hidden metabolic
dynamics using synthetic and limited experimental data, but we acknowledge that the interpretation
of the latent variable W remains largely phenomenological. To enhance its biological plausibility,
future work should incorporate targeted perturbation experiments, such as MCT1 inhibition or glucose
withdrawal, and employ biochemical assays to empirically test the inferred dynamics. These approaches
will be crucial for validating the model’s predictions and ensuring that the learned latent functions reflect
true physiological behavior.

Moreover, we focus on modeling glucose-lactate metabolism in two glioblastoma cell lines (LN18
and LN229), UPINN framework is general and can be applied to other biological systems governed by
differential equations. As a next step, we plan to extend this approach to additional cancer cell lines
such as HCT116 or MCF-7, which have well-characterized metabolic behaviors and publicly available
glucose/lactate time-course data. Applying the model to these systems will provide a robust test of its
generalizability and further validate its ability to uncover cell-line-specific metabolic dynamics across
tumor phenotypes.

Also, future work will entail on modeling glucose-lactate metabolism in two glioblastoma cell
lines (LN18 and LN229), UPINN framework is general and can be applied to other biological systems
governed by differential equations. As a next step, we plan to extend this approach to additional cancer
cell lines such as HCT116 or MCF-7, which have well-characterized metabolic behaviors and publicly
available glucose/lactate time-course data. Applying the model to these systems will provide a robust
test of its generalizability and further validate its ability to uncover cell-line-specific metabolic dynamics
across tumor phenotypes.on extending this framework to spatial models involving partial differential
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equations (PDEs), improving interpretability through symbolic regression of learned dynamics, and
applying the method to other biological systems beyond cancer metabolism. As datasets become richer
and more diverse, these tools will be invaluable for integrating experimental data with mechanistic
understanding to build more accurate and predictive models of disease.

While we focus on demonstrating the utility of UPINNs within a biologically relevant context,
modeling glucose-lactate metabolism in glioblastoma cell lines, we acknowledge the importance of
benchmarking this framework against alternative modeling approaches. In future work, we plan to
systematically evaluate the performance of UPINNs against these approaches, particularly in settings
where experimental data are available. The combined use of PINNs and UPINNSs offers a flexible
framework for integrating sparse or noisy observational data with mechanistic models, making it
suitable for problems in biology, physics, engineering, and beyond. For example, this approach can
be adapted to study ecological population dynamics, pharmacokinetics, epidemiological models, fluid
transport, or any system where governing equations are known or partially known but parameters
or dynamics are uncertain. By embedding physical or biological constraints into neural networks,
the framework ensures interpretability, robustness, and generalizability, making it a powerful tool for
data-driven discovery in diverse scientific domains.
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Figure A1. UPINN predictions for total cell accumulation, glucose con- centration, and
lactate concentration under a specific weighting configuration for LN229 and LN18 cell lines.
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Effect of loss term weighting on UPINN predictions

To further investigate the sensitivity of UPINN predictions to the relative weighting of data fidelity
and physical constraints, we conducted a series of experiments by varying the weights associated with
the data loss term (4,) and the ODE residual loss term (A,). The results, summarized in Figure A1 and
Table Al, illustrate how different loss factor combinations impact the model’s ability to fit experimental
data for both LN229 and LN18 cell lines.

Each subfigure in Figure Al presents UPINN predictions for total cell accumulation, glucose
concentration, and lactate concentration under a specific weighting configuration. A progressive
decrease in the data loss factor 4, from 1.0 to 0.1 (with A, fixed at 1.0) leads to visibly degraded fits to
experimental data, especially in the metabolic variables (glucose and lactate). Conversely, increasing
the weight of the ODE constraint term (e.g., 4, = 2.0) slightly mitigates the loss of accuracy but cannot
fully compensate for low 4, values.

Table Al quantitatively confirms these trends. For LN229, reducing A, from 1.0 to 0.1 results
in nearly doubling the glucose MSE and increasing the lactate MSE, while the MSE for total cell
accumulation remains relatively stable. LN18, which is more glycolytically active and thus more
sensitive to metabolic modeling, exhibits a sharp increase in error, particularly with 4, = 0.1, where
the glucose MSE reaches 1.14 and lactate MSE exceeds 7.0. This emphasizes that underweighting the
data term can lead to substantial degradation in prediction quality, especially for biologically dynamic
variables.

These findings reinforce the need for a well-balanced weighting scheme when applying UPINN
to experimental data. The trade-off between data fidelity and mechanistic consistency must be tuned
carefully to preserve both the predictive accuracy and the physical plausibility of the model.

Table A1. MSE values obtained using various data and PINN loss factor combinations for
LN229 and LN18 cell lines.

Cell line Loss factors (data/PINN) MSE (Cell Accumulation) MSE (G) MSE (L)

LN229 1.0/1.0 1.11 x 10™* 3.82x 1072 6.60x 1072
0.5/1.0 1.48 x107* 519%x 1072 7.09x 1072
0.1/1.0 9.84x107* 7.81x1072  7.99 x 1072
0.5/2.0 7.56 x 1074 6.62x 1072  7.63x1072

LN18 1.0/1.0 2.52x 1073 293x 1072 7.87x1073
0.5/1.0 3.93x 1073 443 %1072 1.17x 1072
0.1/1.0 1.00 x 1073 1.14x10°  7.02 x 10°
0.5/2.0 5.76 x 1073 582x1072 144 %1072
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