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Abstract: This study employed physics-informed neural networks (PINNs) and numerical methods
to solve a two-dimensional spatial susceptible-infectious (SI) epidemic model incorporating nonlinear
propagation terms and diffusion processes. By integrating governing equations, initial and boundary
conditions, and sparse reference solution data, PINNs define a multi-objective loss function, forming
a supervised learning framework grounded in physical mechanisms. The results demonstrated
that PINNs can accurately capture the spatiotemporal evolution patterns and spatial distribution
characteristics of the density field in the model. In terms of solution accuracy, the long time
predictions of PINNs significantly outperformed those of the Euler method and the second-order
Runge-Kutta method (RK2), showing strong agreement with the fourth-order Runge-Kutta method
(RK4) benchmark solutions. This validates the effectiveness of PINNs in solving complex reaction-
diffusion systems, offering an innovative approach for modeling the spatial dynamics of infectious
diseases.
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1. Introduction

In recent years, machine learning technology, with its powerful data-driven modeling and function
approximation capabilities, has triggered a paradigm shift in the field of scientific computing [1]. It can
establish effective surrogate models for physical systems with complex mechanisms or those that are
challenging to fully describe by traditional mathematical models, offering new ideas to break through
the inherent computational bottlenecks in high-dimensional problems [2].

Partial differential equations (PDEs), as core mathematical tools for describing natural phenomena,
have long been the cornerstone of scientific computing. Traditional methods such as the finite element
method, finite difference method, and finite volume method [3–5] have formed a mature system over
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decades by discretizing the computational domain. However, these methods often involve cumbersome
and time-consuming mesh generation when dealing with complex geometries or moving boundary
problems [6]. More importantly, their computational costs grow exponentially with the increase in
problem dimensions, leading to the so-called “curse of dimensionality” [7, 8].

To overcome these limitations, Raissi et al. [9] pioneered the proposal of PINNs in 2019 and applied
them to solve both forward and inverse problems of PDEs. Subsequently, PINNs were rapidly extended
and applied to a wide range of fields, including fluid mechanics [10, 11], solid mechanics [12, 13],
materials science [14], and even medicine [15, 16], and gave rise to specialized software libraries such
as DeepXDE [17]. These advances mark the emergence of the new paradigm of “physics-informed
machine learning” [18].

Meanwhile, PINNs have demonstrated unique value in complex system modeling, particularly in
the field of infectious disease dynamics. Researchers have extended them to various variant models,
forming a unified framework such as disease-informed neural networks (DINNs). This framework not
only enables forward simulation [19, 20] but also solves complex inverse problems to achieve optimal
control of epidemic intervention strategies [21], constituting a complete methodological system from
cognition to decision-making.

Classic SIR models and their variants can describe the temporal evolution of diseases in a well-
mixed population but struggle to capture the profound impact of spatial heterogeneity on transmission
paths and rates [22]. More importantly, during actual transmission, due to factors such as saturation
effects and behavioral changes, infection terms often exhibit nonlinear characteristics. In this case,
adopting a nonlinear transmission term of the form βS pIq better reflects real transmission dynamics
than the classic bilinear assumption [23,24]. Building on this, Sun [25] established an SI-type reaction-
diffusion model to study the spatiotemporal dynamics and pattern formation of infectious diseases by
simulating the spatial transmission of pathogens.

Despite the broad prospects of PINNs in scientific computing, no studies have yet applied them to
solve the two-dimensional SI infectious disease reaction-diffusion model with nonlinear infection
terms and spatial diffusion terms. Thus, there is no clear consensus on whether PINNs can effectively
solve such complex equations. Additionally, comparative studies between PINNs and traditional
numerical methods in solving this model remain lacking. Against this background, this study employs
a supervised learning-based PINNs framework and three traditional numerical methods to solve the
model, and conducts a comprehensive analysis and comparison from multiple perspectives, including
temporal, spatial, and global errors.

The remainder of this paper is organized as follows: Section 2 presents the general form of the
reaction-diffusion equation system. Section 3 details the finite difference method, Euler method, RK2
method, RK4 method, and PINNs. Section 4 provides numerical experiments on the SI model. Section
5 presents the main conclusions and future prospects.

2. Problem statement

In this section, we consider a dimensionless reaction-diffusion equation system:
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u(t, x)t = Du∆u(t, x) + F (u, v), x ∈ Ω, t ∈ [0,T ],
v(t, x)t = Dv∆v(t, x) + G(u, v), x ∈ Ω, t ∈ [0,T ],
B(u) = b1(t, x), B(v) = b2(t, x), x ∈ ∂Ω, t ∈ [0,T ],
I(u) = i1(t, x), I(v) = i2(t, x), x ∈ Ω̄, t = 0,

(2.1)

where u(t, x) and v(t, x) are the unknown potential solutions, u(t, x)t and v(t, x)t denote the time
derivatives, Du and Dv are positive diffusion coefficients for u and v, ∆ is the Laplacian operator,
defined as ∆ = ∂2/∂x2 + ∂2/∂y2, Du∆u(t, x) and Dv∆v(t, x) are diffusion terms, F (u, v) and G(u, v) are
reaction terms (also called source terms), B(·) is the boundary operator for calculating boundary
values, b1(t, x) and b2(t, x) are boundary conditions, I(·) is the operator for calculating initial values,
i1(t, x) and i2(t, x) are initial conditions, Ω is the computational domain, and ∂Ω is the boundary of the
domain.

Subsequently, we will solve the reaction-diffusion equations of the above form, first introducing
several numerical methods for solving such equations and discussing PINNs.

3. Methods

3.1. Finite difference method

The finite difference method is a core step for converting partial differential equation systems into
discrete equation systems [26, 27].

Consider dividing the spatial domain into equidistant grid points with a step size h. Time is
discretized into steps of ∆t.

The spatial and temporal node equations are given by Eq (3.1):

xi = i∆x, i = 0, 1, 2, · · · ,Nx,

y j = j∆y, j = 0, 1, 2, · · · ,Ny,

tn = n∆t, n = 0, 1, 2, · · · ,
(3.1)

where ∆x=∆y =h = L
Nx
= L

Ny
.

Forward difference approximation is used for time derivatives:

∂u
∂t
≈

un+1
i, j − un

i, j

∆t
,

∂v
∂t
≈

vn+1
i, j − vn

i, j

∆t
, (3.2)

Finite difference discretization is performed for the spatial Laplacian operator ∆u at internal nodes
(1 ≤ i ≤ Nx − 1, 1 ≤ j ≤ Ny − 1), non-corner boundaries (e.g., i = 0, 1 ≤ j ≤ Ny − 1), and corner points
(e.g., i = 0, j = 0), as shown in Eqs (3.3)–(3.5):

∆un
i, j =

un
i+1, j − 2un

i, j + un
i−1, j

∆x2 +
un

i, j+1 − 2un
i, j + un

i, j−1

∆y2 , (3.3)

∆un
0, j =

2un
1, j − 2un

0, j

∆x2 +
un

0, j+1 − 2un
0, j + un

0, j−1

∆y2 , (3.4)

∆un
0,0 =

2un
1,0 − 2un

0,0

∆x2 +
2un

0,1 − 2un
0,0

∆y2 , (3.5)

Big Data and Information Analytics Volume 9, 265–284.



268

The discretization of ∆v can be derived similarly. Here, i and j are spatial grid indices, and n is the
time step index.

The initial conditions are discretized as:

u0
i, j = i1(0, xi, y j),

v0
i, j = i2(0, xi, y j),

(3.6)

Taking Neumann boundary conditions as an example, the left boundary (i = 0) is discretized as:

un
−1, j = un

1, j. (3.7)

The discretization for the right, bottom, and top boundaries can be derived similarly, and the
boundary discretization for v is identical to that for u.

3.2. Semi-implicit Euler method

The semi-implicit Euler method employs a semi-implicit strategy of “explicit reaction terms +
implicit diffusion terms” to solve Eq (2.1), converting the continuous solution of the partial
differential equation in the time dimension into an iterative process of calculating future solutions
based on known current solutions [28].

Equation (3.8) represents the explicit update of reaction terms:

ûn
i, j = un

i, j + ∆t · F (un
i, j, v

n
i, j),

v̂n
i, j = vn

i, j + ∆t · G(un
i, j, v

n
i, j),

(3.8)

Equation (3.9) represents the implicit solution of diffusion terms:

un+1
i, j = (I − Du∆tL)−1ûn

i, j,

vn+1
i, j = (I − Dv∆tL)−1v̂n

i, j.
(3.9)

where I is the identity matrix, L is the Laplacian matrix incorporating boundary conditions, and the
operations correspond to the discrete value vector of grid nodes (i, j).

At each time step, reaction terms are first calculated explicitly based on the current un
i, j and vn

i, j to
obtain intermediate values ûn

i, j and v̂n
i, j. Then, the precomputed Laplacian matrix is used to solve the

diffusion terms implicitly, yielding un+1
i, j and vn+1

i, j .

3.3. Semi-implicit second-order Runge-Kutta method

The RK2 method, also known as the improved Euler method, improves the accuracy of numerical
solutions through a prediction-correction mechanism [29, 30].

Prediction step for System (2.1):

ũn
i, j =

(
I −

Du∆t
2

L
)−1 (

un
i, j +
∆t
2
F (un

i, j, v
n
i, j)

)
,

ṽn
i, j =

(
I −

Dv∆t
2

L
)−1 (

vn
i, j +
∆t
2
G(un

i, j, v
n
i, j)

)
.

(3.10)
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These intermediate values ũn
i, j and ṽn

i, j, obtained from the prediction step, are then utilized in the
correction step to compute the reaction terms more accurately. This two-step approach enhances the
overall stability and precision.

Correction step:
un+1

i, j = (I − Du∆tL)−1
(
un

i, j + ∆tF (ũn
i, j, ṽ

n
i, j)

)
,

vn+1
i, j = (I − Dv∆tL)−1

(
vn

i, j + ∆tG(ũn
i, j, ṽ

n
i, j)

)
,

(3.11)

where I is the identity matrix, and L is the Laplacian matrix incorporating boundary conditions.
In the prediction step, a half time step ∆t/2 is used to calculate reaction terms explicitly based on un

i, j
and vn

i, j, and implicit diffusion is combined to obtain intermediate values ũn
i, j and ṽn

i, j. In the correction
step, a full time step ∆t is used to calculate corrected reaction terms based on the intermediate values,
and implicit diffusion is again applied to obtain un+1

i, j and vn+1
i, j .

3.4. Semi-implicit fourth-order Runge-Kutta method

The RK4 method calculates temporal evolution through four progressive stages: it estimates the
initial velocity based on the current solution, estimates intermediate points based on the current
velocity, optimizes step-by-step, and finally weights the four velocities according to specific weights
to obtain a more accurate total update [31]. The RK4 method effectively improves computational
accuracy and stability through multi-stage iteration [32].

The iteration formulas for System (2.1) are:

un+1
i, j = un

i, j +
∆t
6

(
k1u,i, j + 2k2u,i, j + 2k3u,i, j + k4u,i, j

)
,

vn+1
i, j = vn

i, j +
∆t
6

(
k1v,i, j + 2k2v,i, j + 2k3v,i, j + k4v,i, j

)
.

(3.12)

The four-stage coefficients for u are:

k1u,i, j = F (un
i, j, v

n
i, j),

ũ1,i, j =

(
I −

Du∆t
2

L
)−1 (

un
i, j +
∆t
2

k1u,i, j

)
,

k2u,i, j = F (ũ1,i, j, ṽ1,i, j),

ũ2,i, j =

(
I −

Du∆t
2

L
)−1 (

un
i, j +
∆t
2

k2u,i, j

)
,

k3u,i, j = F (ũ2,i, j, ṽ2,i, j),

ũ3,i, j = (I − Du∆tL)−1
(
un

i, j + ∆tk3u,i, j

)
,

k4u,i, j = F (ũ3,i, j, ṽ3,i, j).

(3.13)

The four-stage coefficients for v can be derived similarly.
At all four stages, reaction terms are calculated based on current values or intermediate values, and

implicit diffusion is combined to obtain transition values. Finally, weighted summation is performed
to obtain un+1

i, j and vn+1
i, j .
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3.5. PINNs

The PINNs are an innovative framework that integrates data-driven approaches with physical
modeling. In solving partial differential equations, this framework incorporates the governing
equations describing the system’s physical laws, as well as initial and boundary conditions, into the
neural network’s loss function, while fusing high-precision numerical solutions. By minimizing this
loss function, the model can learn simultaneously from limited data and known physical laws,
enabling modeling and prediction of complex systems [33, 34].

A neural network NN(x, t; θ) is constructed, where θ represents the set of trainable weights W and
biases b. By training the neural network NN, the optimal parameters θ∗ are found.

The hidden output layers during the network’s forward propagation are given by Eqs (3.14)–(3.16):

h0 = σ1(W0x + b0), (3.14)

hl = σ2(Wl,2σ1(Wl,1LN(hl−1) + bl,1) + bl,2) ⊙ hl−1, (3.15)

u = α · ψ(Wl,1LN(hl) + bl,1),
v = α · ψ(Wl,2LN(hl) + bl,2),

(3.16)

where x is the input vector, W and b are weights and biases, ⊙ denotes element-wise multiplication,
l = 1, · · · , n − 1 is the hidden layer index, σ1, σ2, and ψ are activation functions, LN represents layer
normalization, α is a scaling coefficient, and u, v are the outputs.

To train this physics-informed neural network, the following loss function is defined:

Loss = ωPDELPDE + ωBLB + ωILI + ωDataLData, (3.17)

LPDE =
1

NPDE

NPDE∑
i=1

(l(û(ti, xi)t − Du∆û(ti, xi) − F (û, v̂))

+ l(v̂(ti, xi)t − Dv∆v̂(ti, xi) − G(û, v̂)))

, (3.18)

LB =
1

NB

NB∑
i=1

(l(B(ûi) − b1(ti, xi)) + l(B(v̂i) − b2(ti, xi))), (3.19)

LI =
1

NI

NI∑
i=1

(l(I(ûi) − i1(ti, xi)) + l(I(v̂i) − i2(ti, xi))), (3.20)

LData =
1

NData

NData∑
i=1

(l(û(ti, xi) − ure f (ti, xi)) + l(v̂(ti, xi) − vre f (ti, xi))), (3.21)

where x is the input vector, û and v̂ are the predicted solutions, and ωPDE, ωB, ωI, and ωData are
weight factors for different components of the loss function. NPDE, NB, NI, and NData are the numbers
of collocation points in the computational domain, boundary, initial domain, and reference solution,
respectively. l(·) is a metric function, typically the L2-norm or its variants.
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4. Problem solution

4.1. SI equation

The SI model studied in this paper [25] can be expressed as the following system of equations:

∂S
∂t
= A − dS − βS I2 + D1∆S , x, y ∈ Ω, t ∈ [0,T ],

∂I
∂t
= βS I2 − (d + µ)I + D2∆I, x, y ∈ Ω, t ∈ [0,T ],

S (x, y, 0) > 0, I(x, y, 0) > 0, x, y ∈ Ω̄, t = 0,
∂S
∂n

∣∣∣∣∣
(x,y)∈∂Ω

= 0,
∂I
∂n

∣∣∣∣∣
(x,y)∈∂Ω

= 0, x, y ∈ ∂Ω, t ∈ [0,T ].

(4.1)

where the susceptible density S and the infectious density I vary with time t in the two-dimensional
space (x, y), A is the birth rate of susceptible individuals, d is the natural death rate of both susceptible
and infectious individuals, β is the infection rate coefficient, µ is the disease-related death rate of
infectious individuals, and D1 and D2 are the diffusion coefficients of susceptible and infectious
individuals, respectively. ∆ = ∂2/∂x2 + ∂2/∂y2 is the Laplacian operator, representing the effect of
spatial diffusion. The initial conditions are S (x, y, 0) > 0 and I(x, y, 0) > 0, and the boundary
conditions are Neumann boundary conditions. Ω is the spatial domain, ∂Ω is the domain boundary,
and n is the unit normal vector to the boundary.

Based on the above theoretical framework, authors in [25] numerically simulated the SI model
using the Euler method. The spatial domain was [0, 100] × [0, 100], with the following coefficients:
A = 1.0, d = 1.0, β = 42.0, µ = 1.8, D1 = 6.0, D2 = 1.0; the simulation duration was T = 100 s; in
the numerical solution, the spatial step size was h = 1.0, and the time step size was ∆t = 0.01. The
simulation results are shown in Figure 1.

Figure 1 shows how different infection rates shape the final density of infectious individuals I. When
β = 32, initial random perturbations gradually evolve into irregular “red-eye” [35] dot-like patterns.
As β = 35, the system spontaneously forms clear, parallel stripe patterns, with alternating infected
and healthy regions. With a further increase to β = 40, clear, parallel stripe patterns still form. When
β = 42, the infection eventually stabilizes into uniformly scattered “blue-eye” dot-like patterns, similar
to scattered epidemic outbreak points on a map. These distinct patterns are all stable states reached
after long-term iteration.

From an epidemiological perspective, these morphological changes have practical epidemiological
significance: stripe patterns may simulate diseases transmitted along rivers or transportation lines, such
as cholera, while scattered spots resemble host aggregation areas, as seen in focal epidemics caused by
rodent communities [36]. By adjusting key parameters, the model successfully reproduces the diverse
spatial distributions that diseases may exhibit, providing an intuitive perspective for understanding
epidemic formation [37–39].

In the remaining computational part of this paper, the spatial domain is modified to
Ω = [0, 20] × [0, 20]. This approach not only enhances computational efficiency but also enables the
amplified visualization of pattern structures in subsequent figures, thereby more clearly revealing their
morphological details, while other parameters remain consistent with those in [25].
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(a) (b)

(c) (d)

Figure 1. Final numerical solutions of the infectious density I for the SI model under β = 42,
35, 40, and 32 using the Euler numerical method.

The architecture of the physics-informed neural networks implemented in this paper is shown in
Figure 2. The selection of the input layer, hidden layers, output layer, and activation function for the
PINNs in the infectious disease model is shown in Figure 3.

The neural network takes coordinates x = [t, x, y]T as input and outputs the densities of susceptible
individuals S and infectious individuals I through hidden layers. The loss function consists of PDE
loss, initial condition loss, boundary condition loss, and a data fitting term.

The neural network takes time and spatial coordinates as three-dimensional input. Its basic structure
is trained with 200,000 iterations, including 9 hidden layers with 320 neurons each. On this basis,
the network is further optimized into an improved version; Figure 3 adopts a network structure with
400,000 iterations, 10 hidden layers, and 350 neurons per layer. All hidden layers of the network
use the tanh activation function, and the final output is two-dimensional, representing the susceptible
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Figure 2. Architecture of the physics-informed neural network.

Figure 3. Design of the advanced physics-informed neural networks architecture: selection
of input layer, hidden layers, output layer, and activation functions.

density S and infectious density I, respectively.
The forward propagation process of this network is as follows:

h0 = tanh(W0x + b0),
hl = sigmoid(Wl,2tanh(Wl,1LayerNorm(hl−1) + bl,1) + bl,2) ⊙ hl−1,

(4.2)

S = 0.1 × softplus(Wl,1LayerNorm(h9) + bl,1),
I = 0.1 × softplus(Wl,2LayerNorm(h9) + bl,2).

(4.3)

During forward propagation, the neural network takes spatiotemporal coordinates x as input and
first obtains initial features h0 through a fully connected hidden layer activated by tanh. Subsequently,

Big Data and Information Analytics Volume 9, 265–284.



274

the data flows through 9 identical hidden layers: for each layer, based on the output hl−1 of the previous
layer, LayerNorm normalization is first performed, followed by feature transformation consisting of
two linear transformations and tanh activation. Then, a sigmoid gate is used to perform element-wise
multiplication with hl−1 to achieve weighted residual fusion. Finally, LayerNorm normalizes the 11th
layer, which is processed by two independent linear layers separately, and the non-negative susceptible
density S and infectious density I are output through a 0.1-scaled softplus activation function.

This paper incorporates 100 fourth-order Runge-Kutta numerical solutions at 1s intervals from 1
to 100 s as sparse data points into the loss function.

After multiple experimental adjustments, the weight coefficients for each constraint in the loss
function were finally determined as ωPDE = 10, ωB = 2, ωI = 100, ωData = 10.

For optimization, the Adam optimizer was used, with an initial learning rate of 0.0005. Meanwhile,
a cosine annealing scheduling strategy with warm-up was employed: linear learning rate warm-up was
performed for the first 10,000 training steps, followed by decay to 10−7 according to a cosine function.
This strategy effectively improved the stability and convergence efficiency of training.

This study systematically evaluated the performance of the Euler method, RK2 method, RK4
method, and PINNs in solving the SI infectious disease model, focusing on four scenarios with
β = 42, 35, 40, and 32. The PINNs were divided into the basic PINN structure and an improved
PINN, which incorporated increased network depth, a greater number of neurons per layer, and an
extended number of iterations. Figure 4 shows the results of solving Eq (4.1) using the Euler method,
RK2 method, RK4 method, PINNs, and Improved PINNs when the infection rate is β = 42.

As shown in Figure 4, in the early stage of simulation, t < 20 s, the solutions of all methods
show little difference. However, after long-term simulation, the Euler method and RK2 method exhibit
significant numerical diffusion and distortion in the “blue-eye” regions due to error accumulation. In
contrast, the solutions of the RK4 method, PINNs, and Improved PINNs remain stable at all times
and are highly consistent. This indicates that PINNs can effectively suppress error accumulation in
long-term predictions, with accuracy comparable to that of traditional high-order numerical methods.

In addition to investigating the solution of Eq (4.1) by numerical methods and PINNs from a
temporal perspective, the solution can also be explored from a spatial perspective. Figure 5 shows the
variation of the density of infectious individuals I with time t at spatial points (0, 0), (5, 5), (10, 10),
(15, 15), and (20, 20) using the five methods.

Figure 5 clearly shows that the solutions of the RK4 method, PINNs, and Improved PINNs are more
accurate than those of the Euler method and RK2 method. For the central point (5, 5), the Improved
PINNs, which employs deeper network layers, more neurons, and more iterations, achieves higher
accuracy than the basic PINNs. Other spatial points show varying degrees of improvement in different
time domains.

To understand the errors between PINNs and the RK4 method, we constructed error maps of the
solutions from PINNs and the RK4 method at t = 50 s, as shown in Figure 6.

As shown in Figure 6, the solution of the Improved PINNs method locally approximates the solution
of the RK4 method.

From a global perspective, we characterized the global relative errors of the PINNs and Improved
PINNs methods relative to the RK4, RK2, and Euler methods, facilitating a global understanding of
the solution performance.

To evaluate accuracy from a global perspective, Figure 7 shows the global relative errors of PINNs
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Figure 4. Comparison of spatiotemporal evolution of the infectious density I solved by
different methods when β = 42.

and Improved PINNs relative to each numerical method. The results indicate that the minimum error
between the Improved PINNs and the benchmark solution of the RK4 method is 5.79 × 10−3, which
is lower than the 6.25 × 10−3 of the basic PINNs. This quantitatively confirms that increasing network
capacity and training costs helps further improve the approximation accuracy of PINNs.

The log details the dynamic evolution of five types of loss functions during training. The total loss
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j)

Figure 5. Comparison of the density of infectious individuals with time t at spatial points
(0, 0), (5, 5), (10, 10), (15, 15), and (20, 20) when β = 42. (a),(c),(e),(g),(i) Prediction results
based on the basic PINNs. (b),(d),(f),(h),(j) Results the Improved PINNs method.

continuously decreases, and the PDE loss referring to the residual of the governing equation, the IC
loss denoting the initial condition loss, the BC loss for the boundary constraint loss, and the data loss
representing the observation point fitting loss all show a nonlinear convergence trend. By analyzing the
loss curves, the dominant optimization objectives in different training stages can be clearly identified,
providing key insights for diagnosing model convergence, adjusting weight strategies, and optimizing
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(a) (b)

Figure 6. When β = 42, (a) shows the error between the solutions of PINNs and the RK4
method for the infectious density I at t = 50 s; (b) shows the error between the solutions of
the Improved PINNs and the RK4 method.

(a) (b)

Figure 7. (a,b) Global relative errors of the PINNs and Improved PINNs methods,
respectively relative to the RK4, RK2, and Euler methods when β = 42.

the training process [40].
Subsequently, Figures 9–11 characterize the solution of Eq (4.1) using the Euler method, RK2

method, RK4 method, and Improved PINNs under β = 40, 35, and 32, respectively.
As shown in Figure 9, the four methods show only minor differences at each time step.
As shown in Figure 10, the four methods exhibit slight differences.
As shown in Figure 11, the solutions of the four methods are approximately the same at t = 5 s and

t = 20 s. However, at t = 100 s, there are significant differences between the solutions of the Euler
method, RK2 method, RK4 method, and Improved PINNs, with obvious variations in the size range of
the “red-eye” regions. The solutions of the Improved PINNs and RK4 method remain highly consistent
at all time instants.

The results indicate that under large step size conditions, the solution accuracy of traditional
numerical methods is significantly limited, with the error accumulation effect of the Euler method

Big Data and Information Analytics Volume 9, 265–284.



278

Figure 8. Training log of the physics-informed neural networks.

being particularly prominent. In contrast, the RK4 method can provide more accurate numerical
solutions and thus serves as a reliable benchmark. The core conclusion of this study is that while
traditional numerical methods achieve accuracy comparable to PINNs in short-term simulations, the
Improved PINNs demonstrate significant advantages in long-term scenarios: they substantially
outperform the Euler and RK2 methods and exhibit performance on par with the RK4 method in
capturing complex spatial dynamics.

The reason why the Improved PINNs achieves such accuracy improvement lies in the inherent
characteristics of the method itself. By taking both time and space variables as network inputs, the
method achieves a globally continuous representation of the solution across the entire time domain
from 0 to 100 seconds. This feature effectively overcomes the limitations of traditional numerical
methods, which only provide solutions at discrete time points and suffer from global error accumulation
with increasing steps.

5. Conclusions

5.1. Main conclusions

From the perspectives of spatiotemporal continuity and global solution, this study systematically
compared the performance of the Euler method, RK2 method, RK4 method, and PINNs in solving

Big Data and Information Analytics Volume 9, 265–284.



279

 Euler RK2 RK4 Improved PINNs  

t=5s 

 
   

 

t=20s 

   
 

t=100s 

 
 

  

 

 

20

20

20

20

20

20

20

20

20 20 20

2020

20

20 20

20 20

20

20

10

10

10

10 10

10 10

10

10

1010

10

10

10

10

10

10 10

10

10

10

10

10

0

20

0
 0

0
 0


0

0


0


0

0
20

20

0

0
0


0
0

0


0

0
 0


0
 0

0


0


x

10

x x

xxx
20

x

x

x x x x

y y y y

yyy
y yy

y
y

0


Figure 9. Comparison of spatiotemporal evolution of the infectious density I solved by
different methods when the infection rate β = 40.

the spatially diffusive SI infectious disease model. The results show that under the supervision of
supervised learning, PINNs, by integrating the governing equation, initial-boundary conditions, and
high-precision numerical solutions into training constraints, significantly suppress error accumulation
in long-term simulations and obtain more accurate solutions than the Euler method and RK2 method.

In addition, PINNs exhibit significant application potential in scenarios involving complex
geometric domains, high-dimensional problems, scarce data, or real-time inference, thanks to their
mesh-free solution characteristics, ability to integrate physical laws with observational data, and
efficiency of “one-time training, global inference”.

5.2. Future prospects

While PINNs offer a new paradigm for infectious disease dynamics modeling, they still face
common challenges when dealing with such reaction-diffusion systems, including training instability,
slow convergence rates, and sensitivity to hyperparameters. Future research can focus on in-depth
exploration of the following three key directions: first, architectural innovation: introducing new
network types such as Transformers and adaptive loss weight mechanisms to improve the model’s
prediction performance and training efficiency under extreme conditions; second, multi-scale
modeling: developing cross-scale integration methods that can uniformly characterize individual
behavior and population transmission dynamics, thereby enabling refined simulation and evaluation
of the effectiveness of intervention measures; third, theoretical improvement: establishing a
quantitative relationship between network structure and model error, and developing unsupervised
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Figure 10. The infectious density I solved by different methods when the β = 35.
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Figure 11. The infectious density I solved by different methods when the β = 32.
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learning paradigms to enhance the model’s robustness and generalization ability.
The advancement of the above technical paths aims to address the bottlenecks that limit the

practical application of PINNs. By deeply integrating with traditional numerical methods, efforts will
be made to improve the modeling accuracy and stability of PINNs in complex real-world scenarios,
such as those with scarce data and unknown parameters, ultimately constructing a more reliable and
practical infectious disease prediction and early warning system. This development path not only
aims to provide strong technical support for infectious disease prevention and control decisions but
also, more importantly, opens up a new research paradigm that integrates physical mechanisms with
data-driven intelligence for the numerical solution of complex dynamic systems.
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