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ARTICLE INFO ABSTRACT

Keywords: Burn injuries trigger substantial inflammation, complicating wound healing and potentially leading to severe

Burns systemic complications. Understanding the immune response to burns is crucial for improving treatment.

Immune response Although agent-based models (ABMs) are valuable for studying these interactions, they are computationally

ff:ms'}t::::fergz‘izlemo neural networks demanding. This paper explores the integration of neural networks (NNs) as surrogate models to approximate

Phy§ics-informe d neur:lynetworks and forecast ABM simulation results in predicting cytokine concentrations over time and space. We present
the development of a baseline ABM using the CompuCell3D software, simulating the innate immune response
and generating extensive cytokine concentration data. This data is processed and prepared for neural network
training, involving data cleaning, transformation into suitable formats, and a time-series-aware train-test split.
We then implement and assess various neural network architectures. Each model is designed to capture
the temporal and spatial dynamics of cytokine concentrations, with adjusted model architectures (kernels,
number of layers, neurons per layer) to better suit this problem. The models are evaluated using Mean
Squared Error, R-squared, and Mean Absolute Percentage Error. In this paper, we assess how different
NN architectures (convolutional neural networks (CNNs), long short-term memory (LSTM) neural networks,
attention mechanisms, and physics-informed neural networks (PINNs)) predict the concentration of cytokines
in this biological system. We find that STA-LSTM generally performs best across statistical metrics.

1. Introduction practices [4,5]. Computational modelling offers a systematic approach
to simulating biological processes [6-9], allowing researchers to in-
vestigate how different factors influence the immune response and the
trajectory of wound healing.

Among the various computational modelling approaches [10,11],
agent-based modelling (ABM) has gained prominence in this field [12].

ABMs represent individual biological entities as computer agents, al-

The immune system, a highly organised network of specialised cells
and molecules, plays a crucial role in defending the body against
infections and other harmful threats, such as wound injury [1]. Burn
wound injury triggers a profound inflammatory response that can
hinder wound healing and cause systemic complications, including
sepsis, pneumonia, and multi-organ failure [2]. Consequently, gaining

a deeper understanding of the immune response to burn wounds is
crucial to prevent or alleviate these complications.

Computational modelling has become an important tool used to
unravel the complexities of the immune response to systemic inflam-
mations [3] and to translate this knowledge into improved clinical
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lowing for a detailed representation of the interactions and decision-
making processes that govern the immune response. This granular
level of detail provides valuable insight into the intricate network of
immune cells and their interactions, enabling researchers to better
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understand how burn injury disrupts these processes and contributes
to the development of complications.

Despite their strengths, ABMs can be computationally expensive and
time-consuming to run, limiting their application in clinical settings.
To address this challenge, researchers investigate the use of neural
networks (NNs) as surrogate models for ABMs [13-16] with the task of
forecasting and approximating the results of ABM simulations. Neural
networks, inspired by the structure and function of the human brain,
are capable of learning from data and making predictions. By training
neural networks with ABMs, it is possible to develop surrogate models
that can accurately simulate the behaviour of the ABM without the
computational burden of running the full simulation.

In this paper, we explore the implementation of neural networks as
surrogate models for an agent-based model of the immune response to
burn wounds. We compare different neural networks tailored for this
task to determine the most effective approach. The research focusses
on making use of these models to forecast and approximate the ABM’s
results, with regard to cytokine concentrations on a temporal and
spatial two-dimensional scale.

2. Methods
2.1. Baseline agent-based model

Our agent-based model (ABM) is described in detail in [17]. Imple-
mented using the CompuCell3D software framework [18], this model
offers a highly detailed, dynamic representation of post-burn inflam-
mation. The solved diffusion equations describe the dynamics of six
key solutes/proteins: IL-8, IL-1p4, IL-6, IL-10, TNF-a, and TGF-f1. Each
equation models the temporal change in cytokine concentration and
includes a diffusion term (D), one or two secretion terms (K), a decay
term (u), and an endocytosis term () specific to IL-8. The PDEs also
contain cell number parameters, denoted EC, NN, NA, M1 and M2,
which are binary variables that represent cell activation. Monte Carlo
steps are used to stochastically model interactions between agents, cap-
turing the probabilistic nature of biological processes. The parameters
and constants were all extracted from the code used to construct the
agent-based model, and no modifications were made to the PDEs [17].
Fixed gradient boundary conditions (Neumann) are assumed indicating
that the derivative at the boundary remains zero or constant.

2.2. Cytokine concentrations data

This dataset comprises ABM simulation results of cytokine con-
centrations captured over time, featuring columns denoting spatial
coordinates (x,y) and concentrations of six cytokines: IL-8, IL-14, IL-
6, IL-10, TNF-a, and TGF-f1. Each row in the dataset corresponds to
a specific time point, with 10° Monte Carlo steps (mcsteps) equivalent
to exactly 100 h of simulated time. The equivalence of 10000 mcsteps
to 1 h was an assumption of the authors [17]. The spatial coordinates
represent the positions where cytokine concentrations are measured
within the simulated biological environment. Cytokines are crucial sig-
nalling molecules for the regulation of immune response, inflammation,
and cellular communication and movement. Consequently, each row
of concentrations of cytokines within the dataset reflects the immune
status or response of the system under study for a given time, at a given
position. The columns of the dataset are shown in Table 1.

2.3. CellType positions data

CompuCell3D generates .vtk (Visualisation Toolkit) files that con-
tain CellType positions in the defined grid. These files store data in a
structured format, making them suitable for scientific computation and
visualisation. They can handle different types of data, including scalar,
vector, tensor, and field data.

In this research, we used .vtk files as they contain CellType infor-
mation, which allows us to extract cell positions that are not directly
available in our cytokine concentration data files.

Journal of Computational Science 89 (2025) 102593

Table 1
Cytokines dataset features and their values range.

Features Range of values

mcesteps [0 - 1000000] (increments of 10000)
X [0 - 500]

y [0 - 500]

i18 [0 - 7.75x 107°]

il1 [0 - 3.83x107°]

il6 [0 - 448 x 107°]

il10 [0 - 1.24x107°]

tnf [0 - 8.19x 107°]

tgf [0 - 6.38 x 10~°]

2.4. Preparing the data for neural networks

The neural network models should return the six cytokine con-
centrations for the entire wound site per time step. Consequently,
we need to formulate our input and output appropriately. Initially,
we constructed 101 three-dimensional arrays, each corresponding to a
timestep, with a shape of (50,50,6). Here, 50 x 50 represents the 2D
spatial coordinates and 6 denotes the number of cytokine concentration
features. Subsequently, we constructed a five-dimensional tensor with
a shape of (99,2,50,50,6), where 99 indicates the number of timesteps,
2 represents the sequence length, and (50,50,6) corresponds to the
spatial and feature dimensions of the arrays. This tensor structure
was designed to serve as input for the neural networks, allowing the
model to learn from sequences of two timesteps to predict cytokine
concentrations for the next timestep. Additionally, we created a four-
dimensional tensor with the shape of (99,50,50,6), which contains
the target timesteps and their respective 3D arrays. This setup is
essential for training the models to accurately predict the values of an
array based on the preceding 2 arrays, thereby facilitating time-series
forecasting of cytokine concentrations.

2.5. Data splits

It is crucial to ensure that the temporal or sequential nature of the
data is preserved during the train-test split. A random split might break
the sequential dependency and lead to data leakage between training
and test sets. Instead of using a random split, we decided to use a time
series-aware split. To handle this, we used a fixed training, validation,
and testing split, producing a 70/10/20 split. We trained the NNs for
two different splits, evaluating the data fromr = 82 tor = 100 and
fromt = 72 to t = 89(hours).

2.6. Long short-term memory neural networks

Long short-term memory (LSTM) neural networks, a specific type of
recurrent neural network (RNN), are prevalent in literature for surro-
gate modelling tasks that involve capturing temporal dependencies. We
implemented and compared the following four LSTM architectures:

+ Long Short-Term Memory (LSTM) model [19];

* Long Short-Term Memory model incorporating convolutional lay-
ers (C-LSTM) [20];

» A more advanced C-LSTM architecture with time-distributed lay-
ers and max-pooling (CT-LSTM) [20];

+ Spatio-Temporal Attention Long Short-Term Memory model in-
corporating attention mechanisms in the traditional LSTM archi-
tecture (STA-LSTM) [21]

The architecture has been optimised to better suit our problem
(kernels, amount of layers, neurons per layer). The LSTM models are
summarised in Table 2, and a simplified architecture is shown in Fig.
1.
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Fig. 1. Schematic representation of neural network architectures.

Table 2

Neural networks parameters and summary.
Models LSTM C-LSTM CT-LSTM STA-LSTM PINN
Batch size 100 32 16 4 -
Output gate activation ReLU ReLU ReLU ReLU ReLU
Normalisation BatchNorm BatchNorm BatchNorm BatchNorm -
Epochs 1000 1000 1000 1000 10000
Initial learning rate le-2 le-3 le-3 le-6 le-3
Loss function MSE MSE MSE MSE Physics Loss
Regularization L2 (0.03) L2 (0.03) L2 (0.01) L2 (0.01) -
Kernel Size - 3x3 3x3 - -
Max Pooling - 2x2 - -

2.7. Physics-informed neural network

Given their ability to incorporate physical laws into the learning
process, it is possible that PINNSs are able to outperform traditional RNN
approaches in this domain.

Our PINN incorporates physical laws by solving the diffusion equa-
tions described in Section 2.1. MSE is measured separately and com-
bined with the physics loss. The variables that represent cell activa-
tions, that were necessary to compute the physics loss, were not readily
available from the tabular data containing cytokines concentrations,
so we had to extract the position of different cells from the .vtk
files to then create arrays that contain binary values that denote cell
activations for every timestep.

2.8. Performance metrics

The performance of all neural networks was evaluated using sta-
tistical metrics: R-squared (R?), Mean Squared Error (MSE), Mean
Absolute Percentage Error (MAPE), and Mean Absolute Error (MAE).
Additionally, we developed a custom accuracy function that triggers
when the prediction is within 30 percent of the actual values. It is

important to note that MSE also served as the loss function for all neural
networks, since it outperformed other loss functions (MAPE, MAE) in
our experiments.

2.9. Implementation

Our neural networks were developed and trained using Python 3.8.
TensorFlow 2.10 was used to construct and train the neural networks,
as well as DeepXDE 1.10.1 [22] to construct the PINN. CUDA 11.2
and cuDNN 8.1 were used for parallel computation. We used the
Dutch National Supercomputer Snellius for computing power to run
different grid size simulations in CompuCell3D and machine learning
experiments [23]. The neural networks were specifically trained on
A100 GPUs.

3. Results

Tables A.3 and A.4 summarise the results for each model for the
different data splits, where they are also more clearly shown in barplots
(Fig. 2). The higher values are better for R> and accuracy, while the
lower values are better for the error metrics.
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Fig. 2. Performance metrics for neural networks on test set (time t = 72-89 hr and t = 82-100 hr) for gridsize 250 x 250. The metrics are also summarised numerically in Table

A3.
3.1. STA-LSTM outperforms other neural networks across most metrics

STA-LSTM generally performs the best in statistical metrics, espe-
cially excelling in R, which measures how well the model explains the
variance in the data, and MAPE, which reflects lower percentage errors.
CT-LSTM, while performing well in our custom accuracy function,
suffers from higher MAPE, suggesting some large errors. LSTM offers
balanced performance with reasonable accuracy and error metrics. In
contrast, C-LSTM consistently performs the worst in most metrics, indi-
cating a worse fit and less accurate predictions. In general, STA-LSTM
emerges as the best performing model in performance metrics.

3.2. C-LSTM significantly outperforms other neural networks at capturing
spatial dependencies

We plotted the spatial concentration of predicted cytokines versus
actual cytokine concentration at time t = 72, 82, 92 and 100 for all
neural networks (Fig. 3). We also calculated the binary spatial accuracy
of the predictions for each point in the grid in each time step (shown
in Table A.5). The neural networks that most accurately capture the
spatial distribution of cytokines in the grid are displayed in order (from
top to bottom).

3.3. PINN predictions produce significantly larger standard deviation than
the LSTMs

We computed the mean values and standard deviation per timestep
per cytokine and then plotted the time series of the mean values for
IL-8, IL-6, and TGF-p1 (Fig. 4) across the last 19 timesteps of the
simulation (fromt = 82 to t = 100). This provides insight into how
our neural networks capture the behaviour of the system across time
for each cytokine. We choose to plot C-LSTM and STA-LSTM which are
our worst and best-performing LSTM models in the statistical metrics
as well as the PINN. The ranges of values for the concentrations of
cytokines are plotted on the y-axis and the time steps that range froms =
82 tot = 100 are plotted on the x-axis.

3.4. Poor computational scalability for C-LSTM and CT-LSTM

We trained all neural networks for 50 x 50, 100 x 100, 250 x 250,
and 500 x 500 grid dimensions, where the performance metrics are
summarised in Tables A.3, A.4. We also computed the average values
across grid dimensions of our custom accuracy function for all 5 neural
networks (Fig. 5), where we noticed C-LSTM and CT-LSTM fail at larger
grid sizes due to their architecture being optimised during training
locally at 50 x 50 grid dimensions.

4. Discussion
4.1. Training

It is important to use Rectified Linear Unit (ReLU) as an activation
function, at the output gate, across all neural networks to guarantee
non-negative predictions as concentrations cannot be negative. Using
Exponential Linear Unit (ELU) or linear activation would seemingly
capture outliers and a wider range of values better but also generate
negative predictions. Other activation functions were also tested but
produced much worse results. We split the data in such a way that
respects the temporal nature of our dataset, but this kind of split makes
it difficult for the models to generalise on unseen data in relation
to some cytokines (such as TNF, TGF-§1) as they appear later in the
simulation. This issue can be addressed by making appropriate changes
to the ABM code to run the ABM for two million mcsteps instead of
1 million. Leveraging transfer learning techniques by pre-training the
models on earlier segments of the simulation and fine-tuning them for
later stages may also help mitigate this generalisation gap and improve
predictions for cytokines that manifest later in the process, but for
the purposes of this research, this kind of split works well enough in
assessing the neural networks.

4.2. Reflections on neural networks’ performance

The way we formulate our input and output pairs for the sequential
models is uncommon in the literature in other surrogating modelling
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Fig. 3. Spatial plots for neural networks at time steps t = 72, 82, 92, and 100 showing cytokine (for all 6) concentration of actual vs predicted values in order of accuracy (top
to bottom). The computed binary spatial accuracy per method is displayed on the right. The results are also summarised in Table A.5.

approaches [13-16], but uniquely suited to our problem due to the
spatiotemporal nature of our data and the need to return values for the
entire grid. Long short-term memory neural networks are widely es-
tablished for time-series forecasting, especially in surrogate modelling
contexts for ABMs [13,24]. C-LSTM models were originally concep-
tualised for text classification [20], but later used for a wide range
of tasks such as detecting anomalies in web traffic [25] or detecting
tumours [26]. As our C-LSTM model originally showed interesting
results in some tasks, such as capturing spatial dependencies in the
spatial plots (Fig. 3), we decided to construct a second neural network
with a more complicated architecture and named it ’CT-LSTM’ for the
purposes of this paper. STA-LSTM models have been previously used in

tasks such as traffic forecasting [27] and flood forecasting [28,29], but
there are no implementations for a related domain.

STA-LSTM seems to perform best in statistical metrics, but it is
important to note that this is achieved by predicting IL-8 better than the
other neural networks (Fig. 4), a cytokine that is at equilibrium during
the evaluation of either data split. Other models, such as C-LSTM, make
much stronger predictions for the more scarce cytokines that come later
during simulation, such as IL-6 and TNFa.

In a biological context, PINNs have previously been used to solve
problems such as Biot’s equations [30], but there are not as many
surrogate modelling approaches involving PINNs to solve diffusion
equations. Our PINN, even with an ‘out of the box’ implementation,
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this time period are given in boxes. Those cytokines were specifically chosen to show the variability in IL-8 prediction, the systematic bias for TGF, and the poor prediction of
STA-LSTM for IL-6 values. The best neural networks’ predictions for Mean and Std are highlighted in bold.

seems to perform comparably to the best LSTM models, producing
comparable metrics in MSE, MAE, and our custom accuracy function.
However, it should be noted that MAPE is noticeably higher for the
PINN compared to the LSTM networks. That is to be expected, as the
PINN appears to be able to capture a more variable range of values
of cytokine concentrations over time, as observed in the time series
plots and also represented in the standard deviation (Fig. 4). It would
also make sense for the PINN to produce a worse R? in larger grid
spaces, as there is more data available then and the PINN focusses
more on making sure that the loss adheres to physical laws, rather
than fitting the data. Interestingly, the PINN also performs very well in
the spatial plots outperforming neural networks that do not incorporate
convolutional layers (Fig. 3). It is not surprising that neural networks

that incorporate convolutions would perform best in this task, as those
architectures were originally conceptualised for text classification tasks.

4.3. Limitations

Our experimental setup was constructed to be able to train the
neural networks locally but due to the small grid dimensions, we notice
a number of problems. There is a sharp decrease in our custom accuracy
metric in neural networks incorporating convolutional layers (Fig. 5),
implying that the models predict more values that deviate significantly
from the actual values. This makes sense as these models were opti-
mised to capture a 50 x 50 grid space when performing convolutions.
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Table A.3

Performance metrics for long short-term memory and physics-informed neural networks on test set (t = 82 to t = 100) for different grid
dimensions. Missing data, due to model computational constraints is represented by “-”.

Metric Model 50 x 50 100 x 100 250 x 250 500 x 500
PINN 0.8408 0.8683 0.7987 0.6646
LSTM 0.8989 0.9950 0.9999 -

R? C-LSTM 0.9007 0.9950 0.9999 -
STA-LSTM 0.9697 0.9955 0.9999 0.9999
CT-LSTM 0.9035 0.9951 0.9999 -
PINN 0.9276 0.8949 0.9168 0.9349
LSTM 0.9361 0.9199 0.9306 -

Accuracy C-LSTM 0.8886 0.5528 0.4738 -
STA-LSTM 0.9453 0.9682 0.9357 0.9243
CT-LSTM 0.9539 0.8186 0.7768 -
PINN 1.1462 x 10~13 4.9493 x 10716 5.6025 x 10717 4.6492 x 1072
LSTM 1.0829 x 1013 45537 x 10716 4.8647 x 101° -

MSE C-LSTM 1.0632 x 10713 45772 x 10716 7.8630 x 1019 -
STA-LSTM 45794 x 1074 41275 x 10716 47718 x 107 42133 x 1072
CT-LSTM 1.0338 x 10713 4.4803 x 10716 4.8506 x 1019 -
PINN 9.3963 1.8876 0.0828 0.0064
LSTM 1.7844 0.5539 0.0420 -

MAPE C-LSTM 2.2294 0.5563 0.0519 -
STA-LSTM 1.4568 0.4336 0.0402 0.0027
CT-LSTM 1.7538 0.5542 0.0421 -
PINN 2.9691 x 1078 1.6660 x 10~ 42982 x 1011 2.6551x 1072
LSTM 2.9136 x 1078 1.6001 x 10~ 4.1986 x 10711 -

MAE C-LSTM 29149 x 1078 1.5944 x 1070 5.1863 x 107! -
STA-LSTM 1.5172x 1078 1.3998 x 107° 40182 x 107! 27315 x 10712
CT-LSTM 2.8463 x 1078 15908 x 10~ 42104 x 10711 -

Physics Loss PINN 820x1071 3.72x10716 3.96x 107" 339x1072

This is an issue of scalability for our models, where models incorpo-
rating convolutional layers would require additional optimisation at
higher grid dimensions. To address this issue, hierarchical frameworks
combining CNNs with LSTM layers present a promising direction as
they have been used for similar tasks such as short-term travel speed
prediction [31], demonstrating the ability to handle spatiotemporal
dependencies across multiple scales. In another domain, stock market
forecasting models also leverage hierarchical ConvLSTM structures to
predict continuous trends by analysing sequential data with dynamic
resolution [32].

The range of our predictions is limited froms = 10 to t = 100,
where the assumption is made that there would be no practical need
to predict values so early in the simulation, as it would be easy to run

the simulation up to that point. Furthermore, with the current train-
test split, the data is not trained for all timesteps, due to the sequential
nature of our setup, which causes systematic bias in predicting values
for some cytokines such as TGF-f1 (Fig. 4).

5. Conclusions and future work

Our current methods for comparing NN architectures can be ex-
panded to other RNNs such as Gated Recurrent Units (GRUs) [33],
or more complicated architectures that incorporate convolutions and
recurrent networks, such as the ConvLSTM architecture [34], or Con-
vGRUs [35]. It is also possible to expand the current implementation
of PINN with recently published work [36], where PINNs are combined
with DeepONets [37].
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Table A.4
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Performance metrics for long short-term memory and physics-informed neural networks on test set (t = 72 to t = 89) for different grid

dimensions. Missing data, due to model computational constraints is represented by

w_»

Metric Model 50 x 50 100 x 100 250 x 250 500 x 500
PINN 0.8597 0.8657 0.8264 0.7101
LSTM 0.9152 0.9962 0.9999 -

R2 C-LSTM 0.9211 0.9961 0.9999 -
STA-LSTM 0.9475 0.9968 0.9999 0.9999
CT-LSTM 0.9232 0.9963 0.9999 -
PINN 0.9306 0.8987 0.9137 0.9471
LSTM 0.9389 0.9217 0.9325 -

Accuracy C-LSTM 0.8828 0.5182 0.4748 -
STA-LSTM 0.9384 0.9708 0.9389 0.9411
CT-LSTM 0.9715 0.8230 0.6879 -
PINN 9.1306 x 1074 4.6434 x 10716 43120 x 107" 3.4794 x 1072!
LSTM 8.6572x 10714 3.6769 x 10710 3.6367 x 10717 -

MSE C-LSTM 8.0579 x 10714 3.7251 x 10716 6.3030 x 10~1° -
STA-LSTM 6.8073 x 10714 3.0353x 107 3.5400 x 107" 32894 x 1072
CT-LSTM 7.8398 x 10714 3.5867 x 10716 3.6197 x 10719 -
PINN 9.3812 1.7791 0.0820 0.0063
LSTM 1.6467 0.4711 0.0360 -

MAPE C-LSTM 2.0896 0.4787 0.0459 -
STA-LSTM 1.5418 0.3407 0.0340 0.0024
CT-LSTM 1.5682 0.4698 0.0361 -
PINN 2.6277 x 1078 1.4724 % 107° 3.6925 x 10711 2.2657 x 10712
LSTM 2.5779 x 1078 1.3660 x 10~ 3.5990 x 107! -

MAE C-LSTM 2.5164 x 1078 13657 x 10~ 45908 x 10711 -
STA-LSTM 22943 x 1078 1.1059 x 10~° 33976 x 107! 23619 x 1072
CT-LSTM 2.4493 x 1078 1.3501 x 10~° 3.6081 x 107! -

Physics Loss PINN 126x107% 495x107' 6.13x107" 495x 107

Table A.5
Computed binary spatial accuracy for neural networks at different timesteps for
250 x 250 grid dimensions.

Model Timesteps

72 76 82 92 96 100
C-LSTM 99.62% 99.23% 99.75% 99.65% 99.64% 99.89%
CT-LSTM 77.82% 78.89% 74.75% 72.24% 73.16% 72.85%
PINN 68.92% 72.72% 71.69% 67.88% 69.83% 69.83%
LSTM 67.54% 70.66% 69.49% 66.82% 68.53% 66.37%
STA-LSTM 67.17% 69.63% 69.36% 65.29% 68.41% 66.82%

The insights extracted from the comparison of neural networks in
this paper can be used to construct a more thorough implementation
of this system that can ultimately provide clinicians with a better
understanding of cytokine dynamics that can inform therapeutic strate-
gies. Clinicians, specifically burn surgeons, rely on key cytokine levels,
cell counts, and other biomarkers to make informed decisions on the
treatment strategy and care requirements. Model predictions on such
cytokine levels at the wound level, which are seldom available exper-
imentally, would provide the clinicians with a window-view into the
burn characteristics. This enhanced data availability would therefore
provide additional clarity towards the treatment strategy decisions and
consequent prevention of post-burn complications.

Neural networks will naturally have a degree of error in their
predictions when implemented in regression problems. To deal with
uncertainty in predictions, it is possible to construct multiple PINNs to
then ensemble predictors. There is also value in studying a comparison
of aggregation functions between models, as that is also seemingly an
open research question in the context of surrogate modelling for ABMs.

This paper demonstrated the potential of integrating neural net-
works (NNs) as surrogate models to enhance the computational ef-
ficiency of an agent-based model (ABM) of the immune response to
burn wounds. Using the strengths of both computational modelling
techniques and neural networks, our objective was to address the com-
putational limitations inherent in ABMs while maintaining prediction
accuracy. We implemented and assessed four different architectures
of the LSTM model and constructed an architecture for a physics-
informed neural network (PINN), where each model was evaluated

using a comprehensive set of performance metrics. Our findings in-
dicate that different NN architectures can simulate ABM results with
varying degrees of accuracy and computational speed. Although all
models tested massively improved computational efficiency, the ex-
tent of this improvement and the trade-off with prediction accuracy
varied depending on the task, where C-LSTM achieved significantly
better results in capturing spatial dependencies, while PINN produced
a standard deviation that better reflected the expected variability in
individual predictions, and STA-LSTM achieved better performance in
statistical metrics.
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