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Abstract: Media coverage plays a crucial role in the spread of infectious diseases. To
investigate the influence of media intervention on epidemic transmission, we adopted a media-aware
susceptible–infected–recovered (SIR) model based on media-intervention epidemic studies. Our
primary focus was the systematic optimization of Physics-Informed Neural Network (PINN)
architectures. The dynamic behavior of the epidemic system was investigated through equilibrium,
stability, and bifurcation analyses. The theoretical analysis characterized the threshold dynamics
of the model through the basic reproduction number 𝑅0, while numerical simulations further
indicated that media intervention can reduce the infection peak and delay its arrival. Based on
this epidemic framework, PINNs were employed for numerical simulation, and three algorithm
optimization approaches were systematically investigated: (1) Replacing Euler-generated synthetic
reference trajectories with RK4-generated reference trajectories to examine the influence of numerical
discretization accuracy on PINN training and evaluation; (2) increasing the network depth from three
to five layers to enhance the approximation of nonlinear epidemic dynamics; and (3) introducing
skip-connection architectures, including Residual, Highway, and an exploratory residual-integrated
Highway (ResHighway) network. Comparative results showed that the Residual network achieved
the best overall accuracy and stability. Although the proposed ResHighway architecture yielded
marginal accuracy gains compared with the Highway network, it underperformed the lightweight
Residual network. This observation implies that overcomplicating network architectures may not bring
consistent performance improvements to PINNs applied in epidemic dynamic modeling.
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1. Introduction

Infectious diseases pose significant threats to human health and social stability. Historically,
large-scale pandemics such as the Black Death and smallpox caused enormous mortality [1, 2], and in
recent decades outbreaks including SARS, H1N1 influenza, Ebola virus disease, and COVID-19 have
further highlighted the risk of rapidly spreading pathogens in highly interconnected societies [3–6].
Despite continuous improvements in medical services and public health infrastructure, emerging
infectious diseases can still spread quickly and generate substantial social and economic burdens.

Mathematical modeling remains an important tool for understanding epidemic transmission and
evaluating intervention strategies. The classical susceptible–infected–recovered (SIR) framework
provides a compact description of disease dynamics through key quantities such as the basic reproduction
number 𝑅0 and the stability of equilibrium points [7–9]. In particular, the threshold property of 𝑅0
offers a principled way to distinguish disease extinction from persistence [10]. When 𝑅0 < 1, the
disease-free equilibrium is expected to be stable under appropriate conditions, and the epidemic tends
to die out in the local stability sense.

Meanwhile, Physics-Informed Neural Network (PINN) has become a promising paradigm in
scientific machine learning [11]. Since the classic PINN framework was proposed, an increasing
number of studies have applied physics-driven or hybrid neural network models to the field of infectious
disease modeling. For instance, Millevoi et al. proposed a split training method for PINN to address the
calibration difficulty of time-varying parameters in compartmental models, and verified its advantages
in accuracy and efficiency using synthetic and real epidemic datasets [12]. Similarly, Xia et al.
proposed a susceptible–exposed–infected/hesitant-recovered (SEIHR) knowledge dissemination model
with time-varying parameters based on PINN, further extending the application of scientific machine
learning to epidemiological propagation frameworks [13]. Schiassi et al. proposed a physics-informed
neural network framework for epidemiological compartmental models. Their method accurately
estimated unknown model parameters from synthetic epidemic data and demonstrated the effectiveness
of PINNs in inverse epidemiological problems [14]. Fujita and Akutsu proposed a physics-informed
spatial identity neural network named PISID, which integrates a graph-free spatio-temporal encoding
module with the SIR dynamic framework and infers epidemiological parameters via spatial embedding
and neural networks. The model achieves superior prediction performance on real epidemic data
and possesses good interpretability [15]. Freire et al. applied physics-informed neural networks
to the classical Kermack–McKendrick epidemic model and successfully estimated epidemiological
parameters from historical bubonic plague data, demonstrating the applicability of PINNs to inverse
epidemic modeling [16]. In addition, researchers have further extended PINN to knowledge
dissemination models with media effects, demonstrating its effectiveness in learning time-varying
transmission dynamics under complex information propagation scenarios [17]. Furthermore, Mei
et al. developed a direct data-driven intermittent control method for unknown dynamical systems using
Lyapunov-guided attraction-region estimation and a neural feedback-loop design [18]. Nevertheless,
most relevant studies rely on feedforward networks or multi layer perceptron subnetworks. The influence
of typical advanced network architectures, such as Residual Network [19] and Highway Network [20],
on the training characteristics of PINNs for infectious diseases has not been systematically investigated.

Studies have shown that media exposure can influence public awareness and preventive behavior
during epidemics [21]. Media-awareness mechanisms have therefore been incorporated into
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deterministic and stochastic epidemic models to represent behavior-induced reductions in effective
contact and disease transmission [22, 23]. Aldila investigated the combined effects of media intervention
and rapid testing on epidemic control, and pointed out that early high-intensity media intervention
combined with moderate testing can reduce the peak number of infections and delay its arrival [24].
Cui et al. added a media influence factor to the SIR model, and proved that timely and high-intensity
media reports can control the basic reproduction number below 1 to block the spread of epidemics [25].
It is clear that media effects have a great influence on epidemic transmission and should be fully
considered in infectious disease modeling.

Given the research gap in the systematic comparison of different PINN network architectures and
the important role of media effects in epidemic transmission, we adopt a media-aware SIR model
following established modeling frameworks in the literature, where susceptible individuals are divided
into aware and unaware susceptible individuals. Notably, we focus on the systematic investigation and
optimization of PINN architectures for epidemic simulation. Specifically, three algorithm optimization
approaches are investigated: The fourth-order Runge-Kutta (RK4) method is employed to replace the
Euler method for time discretization; the network depth is increased from three to five layers to improve
the approximation of nonlinear epidemic dynamics; and residual skip connections are introduced
to facilitate the training of deep PINNs. Furthermore, we construct an exploratory ResHighway
architecture by integrating residual connections into the Highway network for empirical comparison.

The experimental results show that the RK4 method achieves better training performance than the
Euler method. Increasing the network depth further improves the model fitting capability. After
introducing residual connections, the fully connected network and the Highway network exhibit
improved performance. Among all investigated architectures, the Residual network achieves the best
overall performance, while the proposed ResHighway architecture provides only a modest improvement
over the original Highway network.

In Section 2, we present the media-aware epidemic model and analyze its mathematical properties.
In Section 3, we provide theoretical validation and numerical simulations. In Section 4 we investigate
the optimization of PINN architectures, and In Section 5, we conclude the paper.

2. Infectious disease model incorporating media coverage

Media coverage plays a key role in the model: By influencing the population’s cognitive level of
infectious diseases, it alters individuals’ behavioral patterns, thereby exerting an effect on the disease
transmission process. By introducing the regulatory mechanism of media coverage on public behavior,
the model subdivides the susceptible population into unaware susceptible individuals (not affected by
media) and aware susceptible individuals (affected by media and taking protective measures).

2.1. Model construction

In this paper, 𝑆𝑢 represents the unaware susceptible population; 𝑆𝑎 represents the aware susceptible
population; 𝐼 represents the infected population; and 𝑅 represents the recovered population. This model
describes the changes in these population groups through the following set of differential equations,
aiming to more accurately characterize the transmission of infectious diseases under the influence of
media coverage-including transmission speed, infection scale, and transmission trends of infectious
diseases. Figure 1 shows the interconnections and transformation among the population groups.
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Figure 1. Compartmental diagram of the media-aware SIR epidemic model.

The model established in this study and its corresponding differential equations are as follows:
𝑑𝑆𝑢
𝑑𝑡

= Λ − 𝛽1𝑆𝑢 𝐼 − 𝜂𝑆𝑢 + 𝛼𝑆𝑎 − 𝜇𝑆𝑢,
𝑑𝑆𝑎
𝑑𝑡

= 𝜂𝑆𝑢 − 𝛼𝑆𝑎 − 𝛽2𝑆𝑎 𝐼 − 𝜇𝑆𝑎,
𝑑𝐼
𝑑𝑡

= 𝛽1𝑆𝑢 𝐼 + 𝛽2𝑆𝑎 𝐼 − 𝜑𝐼 − 𝛾𝐼 − 𝜇𝐼,
𝑑𝑅
𝑑𝑡

= 𝛾𝐼 − 𝜇𝑅.

(2.1)

Initial conditions are as follows: 𝑆𝑢 (0) ≥ 0, 𝑆𝑎 (0) ≥ 0, 𝐼 (0) ≥ 0, 𝑅(0) ≥ 0.
In the aforementioned model, Λ is the population input rate. 𝛽1 and 𝛽2 are transmission rate

coefficients. 𝛽1 is the transmission rate coefficient for the unaware susceptible, and 𝛽2 is the transmission
rate coefficient for the aware susceptible. We assume 𝛽1 > 𝛽2 because the aware susceptible individuals
will take protective measures to avoid infection. In practice, awareness may also influence other
epidemiological processes, such as promoting earlier isolation, shortening the effective infectious
period, or modifying contact patterns. Incorporating these effects would be an interesting direction for
future research. 𝜂 is the media conversion rate, which represents the rate at which unaware susceptible
individuals convert to aware susceptible individuals. 𝛼 is the awareness decay rate, which represents the
rate at which aware individuals revert to the unaware susceptible individuals. 𝜑 is the disease mortality
rate caused by infectious diseases. 𝜇 is the natural mortality rate. 𝛾 is the recovery rate of the disease.

2.2. Basic properties and equilibrium points of the model

After completing the model construction, conducting an in-depth analysis of the model’s basic
properties and equilibrium points is crucial for understanding the transmission dynamics of infectious
diseases under the framework of this model. We start with the basic properties of the model and conduct
a detailed analysis.

2.2.1. Basic properties

Theorem 2.1. Let 𝑆𝑢 (𝑡), 𝑆𝑎 (𝑡), 𝐼 (𝑡), 𝑅(𝑡) denote the solution of the model under the aforementioned
initial conditions. If 𝑡 > 0, we have 𝑆𝑢 (𝑡) ≥ 0, 𝑆𝑎 (𝑡) ≥ 0, 𝐼 (𝑡) ≥ 0, 𝑅(𝑡) ≥ 0.
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Proof. In the first equation of the system of differential equations, all terms involving 𝑆𝑎 are moved to
the left-hand side of the equality:

𝑑𝑆𝑢

𝑑𝑡
+ (𝜇 + 𝜂 + 𝛽1𝐼)𝑆𝑢 = Λ + 𝛼𝑆𝑎 .

First, multiply both sides of the equation by 𝜉 = 𝑒
∫ 𝑡

0 𝜇+𝜂+𝛽1𝐼𝑑𝑡 to obtain:

( 𝑑𝑆𝑢
𝑑𝑡

+ (𝜇 + 𝜂 + 𝛽1𝐼)𝑆𝑢)𝜉 = (Λ + 𝛼𝑆𝑎)𝜉,

the left-hand side of the equation can be expressed in the form of the derivative of a product:

𝑑

𝑑𝑡
(𝑆𝑢𝜉) = (Λ + 𝛼𝑆𝑎)𝜉,

thus, we can solve for the expression of 𝑆𝑢:

𝑆𝑢 =
𝑆𝑢 (0) +

∫ 𝑡

0 (Λ + 𝛼𝑆𝑎)𝑒
∫ 𝑡

0 𝜇+𝜂+𝛽1𝐼𝑑𝑡𝑑𝑡

𝑒
∫ 𝑡

0 𝜇+𝜂+𝛽1𝐼𝑑𝑡
.

Since the numerator and denominator are positive, it follows that 𝑆𝑢 (𝑡) ≥ 0 holds. Similarly, it can
be proved that 𝑆𝑎 (𝑡) ≥ 0, 𝐼 (𝑡) ≥ 0, 𝑅(𝑡) ≥ 0. □

Theorem 2.2. The model is uniformly bounded in the domain under the initial conditions, and we
define the bounded domain as:

Ω =

{
(𝑆𝑢 (𝑡), 𝑆𝑎 (𝑡), 𝐼 (𝑡), 𝑅(𝑡)) | 0 < 𝑆𝑢 (𝑡) + 𝑆𝑎 (𝑡) + 𝐼 (𝑡) + 𝑅(𝑡) < Λ

𝜇

}
.

Proof.
𝑑𝑁

𝑑𝑡
=

𝑑𝑆𝑢 + 𝑑𝑆𝑎 + 𝑑𝐼 + 𝑑𝑅

𝑑𝑡
= Λ − 𝜑𝐼 − 𝜇𝑁 < Λ − 𝜇𝑁,

separate variables and place 𝑁 on the left-hand side, then integrate both sides of the inequality∫ 𝑡

0

𝑑𝑁

Λ − 𝜇𝑁
<

∫ 𝑡

0
𝑑𝑡,

and further, we have

− 1
𝜇

∫ 𝑡

0

𝑑 (Λ − 𝜇𝑁)
Λ − 𝜇𝑁

<

∫ 𝑡

0
𝑑𝑡,

integrating both sides simultaneously, we obtain

ln
����Λ − 𝜇𝑁 (𝑡)
Λ − 𝜇𝑁 (0)

���� > −𝜇𝑡,

and exponentiating both sides, we obtain

Λ − 𝜇𝑁 (𝑡)
Λ − 𝜇𝑁 (0) > 𝑒−𝜇𝑡 ,
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and solving for 𝑁 yields

0 < 𝑁 <
Λ

𝜇
− 1

𝜇
(Λ − 𝜇𝑁 (0))𝑒−𝜇𝑡 ,

when 𝑁 (0) < Λ
𝜇

, and 𝑡 → ∞, it holds that:

𝑁 <
Λ

𝜇
.

This proves the boundedness of the differential equation. □

2.2.2. Disease-free equilibrium point and basic reproduction number

Theorem 2.3. The disease-free equilibrium of the system in Eq (2.1) is 𝐸0 = ( Λ(𝛼+𝜇)
𝜇(𝛼+𝜂+𝜇) ,

Λ𝜂

𝜇(𝛼+𝜂+𝜇) , 0, 0)
and the basic reproduction number is

𝑅0 =
Λ(𝛽1(𝛼 + 𝜇) + 𝛽2𝜂)

𝜇(𝛼 + 𝜂 + 𝜇) (𝜑 + 𝜇 + 𝛾) .

Proof. Set the left-hand side of Eq (2.1) to 0, which yields the following system of equations:
Λ − 𝛽1𝑆𝑢 𝐼 − 𝜂𝑆𝑢 + 𝛼𝑆𝑎 − 𝜇𝑆𝑢 = 0,
𝜂𝑆𝑢 − 𝛼𝑆𝑎 − 𝛽2𝑆𝑎 𝐼 − 𝜇𝑆𝑎 = 0,
𝛽1𝑆𝑢 𝐼 + 𝛽2𝑆𝑎 𝐼 − 𝜑𝐼 − 𝛾𝐼 − 𝜇𝐼 = 0,
𝛾𝐼 − 𝜇𝑅 = 0.

The disease-free equilibrium point 𝐸0 = (𝑆0
𝑢, 𝑆

0
𝑎, 0, 0), is obtained by solving this system of

equations, where:

𝑆0
𝑢 =

Λ(𝛼 + 𝜇)
𝜇(𝛼 + 𝜂 + 𝜇) , 𝑆

0
𝑎 =

Λ𝜂

𝜇(𝛼 + 𝜂 + 𝜇) .

Next, the next-generation matrix method [26] is used to calculate the basic reproduction number.
Let 𝑋 = (𝐼, 𝑅, 𝑆𝑢, 𝑆𝑎), then the above model can be written in the following form:

𝑑𝑋

𝑑𝑡
= 𝐹 (𝑋) −𝑉 (𝑋),

where

𝐹 (𝑋) =
©­­­«
𝛽1𝑆𝑢 𝐼 + 𝛽2𝑆𝑎 𝐼

0
0
0

ª®®®¬ ,

𝑉 (𝑋) =
©­­­«

(𝜑 + 𝛾 + 𝜇)𝐼
𝜇𝑅 − 𝛾𝐼

−Λ + 𝛽1𝑆𝑢 𝐼 + 𝜂𝑆𝑢 − 𝛼𝑆𝑎 + 𝜇𝑆𝑢

−𝜂𝑆𝑢 + 𝛼𝑆𝑎 + 𝛽2𝑆𝑎 𝐼 + 𝜇𝑆𝑎

ª®®®¬ ,
Networks and Heterogeneous Media Volume 21, Issue 5, 1767–1799.
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we compute the partial derivatives of the two matrices at the disease-free equilibrium point, and the
following equations are obtained

𝐷𝐹 (𝑋) =
©­­­«
𝛽1𝑆

0
𝑢 + 𝛽2𝑆

0
𝑎 0 0 0

0 0 0 0
0 0 0 0
0 0 0 0

ª®®®¬ ,

𝐷𝑉 (𝑋) =
©­­­«
𝜑 + 𝜇 + 𝛾 0 0 0

−𝛾 𝜇 0 0
𝛽1𝑆

0
𝑢 0 𝜇 + 𝜂 −𝛼

𝛽2𝑆
0
𝑎 0 −𝜂 + 𝜇 𝛼

ª®®®¬ ,
and the product of DF and 𝐷𝑉−1 is

𝐷𝐹 · 𝐷𝑉−1 =

©­­­­«
𝛽1𝑆

0
𝑢+𝛽2𝑆

0
𝑎

𝜑+𝜇+𝛾 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0

ª®®®®¬
,

where the basic reproduction number of the model is determined by the spectral radius, as the
next-generation matrix is one-dimensional, its spectral radius is equivalent to the matrix value itself, i.e.,

𝜌(𝐷𝐹 · 𝐷𝑉−1) =
𝛽1𝑆

0
𝑢 + 𝛽2𝑆

0
𝑎

𝜑 + 𝜇 + 𝛾
.

Finally, the basic reproduction number is obtained as:

𝑅0 =
Λ(𝛽1(𝛼 + 𝜇) + 𝛽2𝜂)

𝜇(𝛼 + 𝜂 + 𝜇) (𝜑 + 𝜇 + 𝛾) ,

thus, we obtain the expression for the basic reproduction number. □

It can be seen from the expression of the basic reproduction number that among these parameters,
the natural mortality rate 𝜇, disease mortality rate 𝜑, and population input rate Λ are hardly changed
by media coverage. However, media coverage can enable the aware susceptible population to adopt
better self-protection measures, thereby reducing the transmission rate coefficient 𝛽2 of this group and
achieving the goal of lowering the basic reproduction number.

2.2.3. Endemic equilibrium point

Theorem 2.4. When 𝑅0 > 1, the system in Eq (2.1) has a unique endemic equilibrium.

Proof. Let the endemic equilibrium of the system be 𝐸∗ = (𝑆∗𝑢, 𝑆∗𝑎, 𝐼∗, 𝑅∗). The calculation of the
endemic equilibrium point is carried out as follows:

Λ − 𝛽1𝑆𝑢
∗𝐼∗ − 𝜂𝑆𝑢

∗ + 𝛼𝑆𝑎
∗ − 𝜇𝑆𝑢

∗ = 0,
𝜂𝑆𝑢

∗ − 𝛼𝑆𝑎
∗ − 𝛽2𝑆𝑎

∗𝐼∗ − 𝜇𝑆𝑎
∗ = 0,

𝛽1𝑆𝑢
∗𝐼∗ + 𝛽2𝑆𝑎

∗𝐼∗ − 𝜑𝐼∗ − 𝛾𝐼∗ − 𝜇𝐼∗ = 0,
𝛾𝐼∗ − 𝜇𝑅∗ = 0.

(2.2)
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From the third equation, we cancel 𝐼∗ (since 𝐼∗ ≠ 0 at the endemic equilibrium point) from both
sides, yielding:

𝛽1𝑆𝑢
∗ + 𝛽2𝑆𝑎

∗ = 𝜑 + 𝛾 + 𝜇,

combining the first and second equations of Eq (2.2) we obtain the system:

𝜂𝑆∗𝑢 = (𝛼 + 𝜇 + 𝛽2𝐼
∗)𝑆∗𝑎, (2.3)

Λ + 𝛼𝑆𝑎
∗ = 𝛽1𝑆𝑢

∗𝐼∗ + 𝜇𝑆𝑢
∗ + 𝜂𝑆𝑢

∗, (2.4)

and further, we have
𝑆∗𝑎 =

𝜂(𝜑 + 𝜇 + 𝛾)
𝛽1(𝛼 + 𝜇 + 𝛽2𝐼∗) + 𝜂𝛽2

, (2.5)

and
𝑆∗𝑢 =

𝜑 + 𝜇 + 𝛾

𝛽1 + 𝛽2𝜂
𝛼+𝜇+𝛽2𝐼∗

, (2.6)

at the endemic equilibrium point, using 𝑁∗ = Λ−𝜑𝐼∗
𝜇

, and the equation for the recovered population, this
transforms into:

𝑅∗ =
𝛾𝐼∗

𝜇
, (2.7)

and combining Eqs (2.5)–(2.7), we obtain:

𝐴𝐼∗2 + 𝐵𝐼∗ + 𝐶 = 0,

where
𝐴 = (1 + 𝛾 + 𝜑

𝜇
)𝛽2𝛽1 > 0,

𝐵 = (1 + 𝛾 + 𝜑

𝜇
) [𝛽1(𝛼 + 𝜇) + 𝛽2𝜂] + 𝛽2(𝜑 + 𝜇 + 𝛾) − Λ𝛽1𝛽2

𝜇
,

𝐶 = (1 − 𝑅0) (𝜑 + 𝜇 + 𝛾) (𝛼 + 𝜇 + 𝜂),
considering the case of 𝑅0 > 1, we have

𝐶 = (1 − 𝑅0) (𝜑 + 𝜇 + 𝛾) (𝛼 + 𝜇 + 𝜂) < 0.

From the discriminant of the quadratic equation

Δ = 𝐵2 − 4𝐴𝐶 > 0,

therefore, the equation has two roots; assume the two roots of the equation are 𝐼∗1 and 𝐼∗2 :

𝐼∗1 𝐼
∗
2 =

𝐶

𝐴
< 0.

It can be concluded that the equation has two roots with different signs (one positive and one
negative). The negative root does not conform to the practical context (as population size cannot be
negative) and is discarded. Thus, this quadratic equation in one variable has only one positive solution
under 𝑅0 > 1, which indicates that the endemic equilibrium point exists and is unique. □
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2.3. Stability of equilibrium points

The stability analysis of equilibrium points can reveal whether infectious diseases tend to be stably
controlled or continue to spread and diffuse under different conditions. Below, we conduct an analysis
of the stability of the disease-free equilibrium point and the endemic equilibrium point, respectively.

2.3.1. Stability analysis of the disease-free equilibrium point

Theorem 2.5. When 𝑅0 < 1, the disease-free equilibrium point is locally asymptotically stable.

Proof. At the disease-free equilibrium point 𝐸0 =
(
𝑆0
𝑢, 𝑆

0
𝑎, 0, 0

)
, the Jacobian matrix of the system after

linearization is:

𝐽 (𝐸0) =
©­­­«
−(𝜇 + 𝜂) 𝛼 −𝛽1𝑆

0
𝑢 0

𝜂 −(𝛼 + 𝜇) −𝛽2𝑆
0
𝑎 0

0 0 𝛽1𝑆
0
𝑢 + 𝛽2𝑆

0
𝑎 − (𝜑 + 𝜇 + 𝛾) 0

0 0 𝛾 −𝜇

ª®®®¬ .
After calculation, the characteristic equation of the Jacobian matrix is as follows:

(𝜆 − (𝜑 + 𝜇 + 𝛾) (𝑅0 − 1)) (𝜆 + 𝜇) (𝜆2 + (2𝜇 + 𝜂 + 𝛼)𝜆 + 𝜇2 + 𝛼𝜇 + 𝜂𝜇) = 0.

We now focus on the equation:

𝜆2 + (2𝜇 + 𝜂 + 𝛼)𝜆 + 𝜇2 + 𝛼𝜇 + 𝜂𝜇 = (𝜆 + 𝜇) (𝜆 + 𝜇 + 𝜂 + 𝛼) = 0,

therefore, the eigenvalues are as follows:

𝜆1 = (𝜑 + 𝜇 + 𝛾) (𝑅0 − 1), 𝜆2,3 = −𝜇, 𝜆4 = −(𝜇 + 𝜂 + 𝛼).

Hence, when 𝑅0 < 1, all eigenvalues have negative real parts, and the disease-free equilibrium point
𝐸0 is locally asymptotically stable at this time. □

2.3.2. Stability analysis of the endemic equilibrium point

Theorem 2.6. When 𝑅0 > 1, the endemic equilibrium point is locally asymptotically stable.

Proof. We consider the Jacobian matrix of the system at the endemic equilibrium point, and use the
condition: 𝛽1𝑆

∗
𝑢 + 𝛽2𝑆

∗
𝑎 − (𝜑 + 𝜇 + 𝛾) = 0

𝐽 (𝐸∗) =
©­­­«
−(𝛽1𝐼

∗ + 𝜇 + 𝜂) 𝛼 −𝛽1𝑆
∗
𝑢 0

𝜂 −(𝛼 + 𝜇 + 𝛽2𝐼
∗) −𝛽2𝑆

∗
𝑎 0

𝛽1𝐼
∗ 𝛽2𝐼

∗ 0 0
0 0 𝛾 −𝜇

ª®®®¬ ,
the characteristic equation corresponding to this matrix is:

(𝜆 + 𝜇) (𝜆3 + ℎ1𝜆
2 + ℎ2𝜆 + ℎ3) = 0,
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where:
ℎ1 = 𝛽1𝐼

∗ + 𝛽2𝐼
∗ + 2𝜇 + 𝜂 + 𝛼,

ℎ2 = 𝛽1𝛽2𝐼
∗2 + (𝛼 + 𝜇)𝛽1𝐼

∗ + (𝜂 + 𝜇)𝛽2𝐼
∗ + 𝜇(𝜇 + 𝜂 + 𝛼) + 𝛽1

2𝑆∗𝑢 𝐼
∗ + 𝛽2

2𝑆∗𝑎 𝐼
∗,

ℎ3 = 𝛽1
2𝑆∗𝑢 𝐼

∗(𝛽2𝐼
∗ + 𝜇 + 𝛼) + 𝛽2

2𝑆∗𝑎 𝐼
∗(𝛽1𝐼

∗ + 𝜇 + 𝜂) + 𝛼𝛽1𝛽2𝑆
∗
𝑎 𝐼

∗ + 𝜂𝛽1𝛽2𝑆
∗
𝑢 𝐼

∗.

Next, we mainly focus on 𝜆3 + ℎ1𝜆
2 + ℎ2𝜆 + ℎ3 whether the roots of this characteristic equation

have negative real parts. According to the Routh–Hurwitz criterion [27, 28], we consider the following
determinants Δ1,Δ2

Δ1 = ℎ1 > 0,Δ2 =

���� ℎ1 1
ℎ3 ℎ2

���� ,
if Δ1 > 0 and Δ2 > 0, it can be concluded from the Routh–Hurwitz criterion that all characteristic roots
have negative real parts. Next, we focus on verifying whether Δ2 > 0

Δ2 =

���� ℎ1 1
ℎ3 ℎ2

���� = ℎ1ℎ2 − ℎ3.

Simplify the expression step by step:

Δ2 = ℎ1ℎ2 − ℎ3,

= 𝛽1
2𝛽2𝐼

∗3 + (𝜇 + 𝛼)𝛽1
2𝐼∗2 + (𝜇 + 𝜂)𝛽1𝛽2𝐼

∗2 + 𝜇(𝜇 + 𝜂 + 𝛼)𝛽1𝐼
∗

+ 𝛽1
3𝑆∗𝑢 𝐼

∗2 + 𝛽1𝛽2
2𝐼∗3 + (𝜇 + 𝛼)𝛽1𝛽2𝐼

∗2 + (𝜇 + 𝜂)𝛽2
2𝐼∗2

+ 𝜇(𝜇 + 𝜂 + 𝛼)𝛽2𝐼
∗ + 𝛽2

3𝑆∗𝑎 𝐼
∗2 + (2𝜇 + 𝜂 + 𝛼)𝛽1𝛽2𝐼

∗2

+ (2𝜇 + 𝜂 + 𝛼) (𝛼 + 𝜇)𝛽1𝐼
∗ + (2𝜇 + 𝜂 + 𝛼) (𝜂 + 𝜇)𝛽2𝐼

∗

+ 𝜇(2𝜇 + 𝜂 + 𝛼) (𝜂 + 𝜇 + 𝛼) + 𝜇𝛽1
2𝑆𝑢

∗𝐼∗ + 𝜇𝛽2
2𝑆𝑎

∗𝐼∗

+ (𝛽1 − 𝛽2) (𝜂𝛽1𝑆
∗
𝑢 − 𝛼𝛽2𝑆

∗
𝑎)𝐼∗. (2.8)

Most terms in the above expression are positive; we need to analyze the sign of the last terms:

(𝛽1 − 𝛽2) (𝜂𝛽1𝑆
∗
𝑢 − 𝛼𝛽2𝑆

∗
𝑎)𝐼∗.

By simplifying the second equation of the system in Eq (2.3) at the endemic equilibrium, we obtain
𝜂𝑆∗𝑢 = (𝛼 + 𝜇 + 𝛽2𝐼

∗)𝑆∗𝑎. Given 𝜇 + 𝛽2𝐼
∗ > 0, it directly follows that 𝜂𝑆∗𝑢 > 𝛼𝑆∗𝑎. Under the standing

assumption 𝛽1 > 𝛽2, we first multiply both sides of 𝜂𝑆∗𝑢 > 𝛼𝑆∗𝑎 by 𝛽1 to derive 𝜂𝛽1𝑆
∗
𝑢 > 𝛽1𝛼𝑆

∗
𝑎.

Combined with 𝛽1 > 𝛽2, we further have 𝛽1𝛼𝑆
∗
𝑎 > 𝛼𝛽2𝑆

∗
𝑎. The two inequalities together yield

𝜂𝛽1𝑆
∗
𝑢 > 𝛽1𝛼𝑆

∗
𝑎 > 𝛼𝛽2𝑆

∗
𝑎.

Therefore, we obtain Δ2 > 0, which satisfies the Routh–Hurwitz stability criterion. Thus, the
equilibrium 𝐸∗ is locally asymptotically stable. □

2.4. Bifurcation analysis

Theorem 2.7. When 𝑅0 = 1, the system in Eq (2.1) exhibits forward bifurcation.
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Proof. To analyze the bifurcation behavior of the model, we focus on its dynamical characteristics at
𝑅0 = 1. We choose the transmission rate coefficient 𝛽2 of the aware susceptible individuals as the
bifurcation parameter. The critical value determined by 𝑅0 = 1 is calculated as follows:

𝛽∗2 =
𝜇(𝛼 + 𝜂 + 𝜇) (𝜑 + 𝜇 + 𝛾) − Λ𝛽1(𝛼 + 𝜇)

Λ𝜂
.

Now, the method in [29, 30] is used to study the model’s dynamical behavior at 𝑅0 = 1. Let:

𝑆𝑢 (𝑡) = 𝑥1, 𝑆𝑎 (𝑡) = 𝑥2, 𝐼 (𝑡) = 𝑥3, 𝑅(𝑡) = 𝑥4,

and
𝑑𝑆𝑢

𝑑𝑡
= 𝑓1,

𝑑𝑆𝑎

𝑑𝑡
= 𝑓2,

𝑑𝐼

𝑑𝑡
= 𝑓3,

𝑑𝑅

𝑑𝑡
= 𝑓4.

In Theorem 2.5, we obtain the Jacobian matrix of the disease-free equilibrium point, Based on this
matrix, we calculate the right eigenvector and left eigenvector of the model at (𝐸0, 𝛽

∗
2) :

𝐽 (𝐸0)𝜔 = 0, 𝐽𝑇 (𝐸0)𝜐 = 0,

and we can obtain the right eigenvector 𝜔 = (𝜔1, 𝜔2, 𝜔3, 𝜔4)𝑇 and left eigenvector 𝜐 = (𝜐1, 𝜐2, 𝜐3, 𝜐4),
where

𝜔1 = −Λ𝜂[𝛼𝜂𝛽2 + (𝛼𝜇 + 𝜇2 + 𝛼𝜂 + 𝜇𝜂)𝛽1(𝛼 + 𝜇)]
𝜇2(𝛼 + 𝜂 + 𝜇)2 < 0,

𝜔2 = −Λ𝜂(𝜇 + 𝜂) (𝛽2 + 𝛽1(𝛼 + 𝜇))
𝜇2(𝛼 + 𝜂 + 𝜇)2 < 0,

𝜔3 = 1, 𝜔4 =
𝛾

𝜇
, 𝜐1 = 𝜐2 = 𝜐4 = 0, 𝜐3 = 1.

When calculating the right eigenvector, we may set 𝜔3 = 1, thereby obtaining a relatively simplified
expression. When calculating the left eigenvector 𝜐3, we determine the value of the corresponding
component 𝜔4 of the left eigenvector at this time according to the normalization condition:

𝜐𝑇𝜔 = 1,

and we can have 𝜐3 = 1. Next, calculate the partial derivatives of 𝑓𝑘 (𝑘 = 1, 2, 3, 4) with respect to
variables 𝑆𝑢, 𝑆𝑎, 𝐼, 𝑅, and the bifurcation parameter 𝛽2 at the specific condition (𝐸0, 𝛽

∗
2), for brevity,

only non-zero second-order partial derivatives are listed, and all vanishing terms are omitted

𝜕2 𝑓1
𝜕𝑆𝑢𝜕𝐼

= −𝛽1,
𝜕2 𝑓2
𝜕𝑆𝑎𝜕𝐼

= −𝛽2,
𝜕2 𝑓3
𝜕𝑆𝑢𝜕𝐼

= 𝛽1,

𝜕2 𝑓3
𝜕𝑆𝑎𝜕𝐼

= 𝛽2,
𝜕2 𝑓2
𝜕𝐼𝜕𝛽2

= −𝑆0
𝑎,

𝜕2 𝑓3
𝜕𝐼𝜕𝛽2

= 𝑆0
𝑎 .

Now, we discuss the model’s dynamical behavior. The following formula is obtained from [29, 30]:

𝑎 =

4∑︁
𝑘,𝑖, 𝑗=1

𝜐𝑘𝜔𝑖𝜔 𝑗

𝜕2 𝑓𝑘
𝜕𝑥𝑖𝜕𝑥 𝑗

, 𝑏 =

4∑︁
𝑘,𝑖=1

𝜐𝑘𝜔𝑖

𝜕2 𝑓𝑘
𝜕𝑥𝑖𝜕𝛽2

,
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thus, we have:
𝑎 = 𝜐3(2𝜔1𝜔3𝛽1 + 2𝜔2𝜔3𝛽

∗
2) = 2(𝜔1𝛽1 + 𝜔2𝛽

∗
2) < 0,

𝑏 = 𝜐3𝜔3𝑆
0
𝑎 = 𝑆0

𝑎 > 0.
Since the specific condition 𝑎 < 0, 𝑏 > 0, holds at this time, the model exhibits a forward bifurcation.

□

3. Numerical simulations and result analysis

To verify the theoretical conclusions of the Section 2 infectious disease model, in this section we use
Python and PINN for numerical simulations, focusing on the model’s dynamic behavior under different
conditions. Core work covers two aspects: (1) Verifying the model’s basic properties via PINN to
ensure theoretical accuracy; (2) simulating media coverage’s impact on infectious disease spread and
quantifying its role in lowering infection peaks and delaying outbreaks.

3.1. Verification of model properties

To verify the basic properties of the constructed infectious disease model, we build a standard 3-Layer
fully connected neural network with the structure “Affine transformation → ReLU activation →
Affine transformation → ReLU activation → Affine transformation” for fitting the system’s dynamic
process [11]. The input layer takes time as the sole feature to capture temporal dynamics of disease
transmission; the network has two hidden layers (128 neurons each) using ReLU activation, which
introduces nonlinearity (adapting to complex transmission dynamics) and is valued for simplicity and
training stability in deep learning [31]. The output layer corresponds to the four population groups in
the model: unaware susceptible, aware susceptible, infected, and recovered.

For the iterative computation in network training, we solve the temporal evolution of the ODE system
via both the explicit forward Euler method and the fourth-order Runge–Kutta (RK4) method as numerical
discretization schemes, and generate synthetic time-series data for all compartments (𝑆𝑢, 𝑆𝑎, 𝐼, 𝑅).
These datasets are derived entirely from the theoretical model equations rather than real-world epidemic
observations, so the experiments in this section serve as self-consistency tests to verify the PINN’s ability
to reproduce the model’s intrinsic dynamical behaviors, rather than fully data-driven simulations with
empirical data. The numerical solutions generated by the corresponding solver are used throughout
this section as synthetic reference solutions for model training and accuracy evaluation [32]. In
this study, RK4-generated trajectories are used as high-accuracy synthetic reference solutions for
controlled methodological benchmarking. Therefore, the comparisons between PINN predictions and
numerical reference trajectories should be interpreted as evaluations of approximation accuracy under a
synthetic dynamical system, rather than as validation against real-world epidemiological observations.
It should be clarified that, throughout this section, the terms “true solution”, “true trajectory”, and “true
value” refer to the synthetic numerical reference solutions generated by the corresponding classical
numerical solver, namely the Euler method or the RK4 method, rather than to real-world epidemiological
observations. Therefore, the comparison between PINN predictions and the “true” trajectories should
be interpreted as a controlled numerical benchmark for evaluating approximation accuracy under the
prescribed model equations.

In the training phase, to ensure efficiency and stability of convergence, the AdamW optimizer is
selected for minimizing the network’s loss function; AdamW decouples weight decay from the gradient
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update and improves regularization compared to standard Adam [33]. Moreover, a cosine annealing
learning rate scheduling strategy (SGDR) is adopted to dynamically adjust the learning rate, which
alleviates the risk of being trapped in local minima and improves the accuracy of fitting the model’s
dynamical characteristics [34]. In the PINN proposed in this paper, the design of the loss function
integrates data fitting and physical law constraints [11]. The formula for calculating the loss function
is as follows:

𝐿 = 𝛿𝐿𝑑𝑎𝑡𝑎 + 𝛽𝐿𝑝ℎ𝑦𝑠𝑖𝑐𝑠,

among them, 𝐿𝑑𝑎𝑡𝑎 denotes the data-fitting loss, which is defined as the mean squared error (MSE) [35]
between the corresponding numerical reference solutions and the PINN predictions. Specifically, in the
Euler-based and RK4-based experiments, the reference trajectories are generated by the Euler method
and the RK4 method, respectively, so that each PINN model is evaluated under its corresponding
numerical discretization setting. These numerically generated trajectories are used as high-accuracy
synthetic reference solutions for methodological benchmarking under controlled dynamical conditions,
rather than as epidemiological ground truth obtained from real outbreak observations. 𝐿𝑝ℎ𝑦𝑠𝑖𝑐𝑠 is
computed from the residuals of the governing differential equations, encouraging the predicted solutions
to remain consistent with the epidemic dynamics. The corresponding formulation is given by

𝐿𝑑𝑎𝑡𝑎 =
1
𝑁

𝑁∑︁
𝑖=1

��𝑦𝑝𝑟𝑒𝑑 (𝑥𝑖) − 𝑦𝑡𝑟𝑢𝑒 (𝑥𝑖)
��2,

and

𝐿𝑝ℎ𝑦𝑠𝑖𝑐𝑠 =
1
𝑁

𝑁∑︁
𝑖=1

1
4

4∑︁
𝑗=1

����𝑑𝑦 𝑗𝑑𝑥𝑖
− 𝑓 𝑗 (𝑥𝑖)

����,
where 𝑓 𝑗 denotes the differential equation for the 𝑗-th population. 𝛿 and 𝛽 are hyperparameters,
i.e., predefined parameters not learned during training-that serve as weight ratios to balance the two
error components (data-fitting loss and physics-informed residual loss). Through systematic ablation
experiments, we determine the optimal weight combination as 𝛿 = 0.6 and 𝛽 = 0.4 for this study.

The neural network approximates the temporal trajectories of the four compartments. In addition to
the data-fitting loss against synthetic reference solutions, the PINN minimizes physics residuals derived
from the governing equations, thereby encouraging the predicted trajectories to remain consistent with
the epidemic dynamics.

Next, based on the theory in Section 2, we present the phase diagrams of the disease-free equilibrium
point and the endemic equilibrium point, as well as the forward bifurcation diagram.

First, we verify the theoretical conclusions obtained in Section 2. As shown in Figure 2, this phase
diagram uses the unaware susceptible population 𝑆𝑢, aware susceptible population 𝑆𝑎, and infected
population 𝐼 as the coordinate axes, and shows the phase space trajectories of the system when the basic
reproduction number 𝑅0 < 1 (where 𝑅0 = 0.57 ).

It can be observed that under different initial conditions, all trajectories converge to the disease-free
equilibrium point, and the number of infected people eventually decreases to 0. This not only confirms
the theory that the disease will die out when the basic reproduction number 𝑅0 < 1, but also verifies
that the proof of the disease-free equilibrium point in the previous section is correct.
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As shown in Figure 3, this phase diagram presents the phase space trajectories of the system when
𝑅0 > 1 (with 𝑅0 = 28.53). All trajectories converge to the endemic equilibrium. By comparing the
two phase diagrams and analyzing the system behavior around the threshold of the basic reproduction
number, we depict the “extinction” and “prevalence” phenomena in infectious disease dynamics.
This comparison provides an intuitive dynamic framework for understanding the model. Next, we
demonstrate the forward bifurcation whose existence has been proven previously.

Figure 2. Phase diagram of the
disease-free equilibrium.

Figure 3. Phase diagram of the
endemic equilibrium.

As shown in Figure 4, this diagram presents the forward bifurcation of the model established in
this study, with the bifurcation parameter being 𝛽2. The blue line represents the stable disease-free
equilibrium point, the red line represents the unstable disease-free equilibrium point, and the green
line represents the stable endemic equilibrium point. It can be observed that the stable disease-free
equilibrium point becomes unstable when the basic reproduction number 𝑅0 = 1 and a bifurcation of
the stable endemic equilibrium point occurs, confirming the conclusions derived earlier in this study.

Figure 4. Forward bifurcation diagram.
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3.2. Simulation of the media effect

We derive the ranges of some parameters based on references: In [24], focusing on the media effect,
the intensity of the media coverage effect was analyzed using a set of real infectious disease data.
Through the interpolation method, the media conversion rate 𝜂 was 0.398 per day, and the awareness
decay rate 𝛼 was 0.1 per day. According to [36], the recovery rate 𝛾 was 0.11 per day. Based on
the setting in the article by Feng et al. [37], the average human lifespan is approximately 70 years.
Converted to the parameter value required in this study (i.e., the average daily natural mortality rate 𝜇),
this equals 1/(70 × 365), which is approximately 3.9 × 10−5 per day. Finally, using the relevant data
in [38], the disease mortality rate 𝜑 is set to approximately 0.015 per day.

Subsequently, using the population steady-state formula 𝑁 = Λ/𝜇, we calculated the population
input rate as 0.39 per day. Since this study is not calibrated to a specific infectious disease, and the
transmission rate coefficients of different diseases vary significantly, for the convenience of calculation
and based on the assumed relationship 𝛽1 > 𝛽2, we make assumptions about the transmission rate
coefficients of the two susceptible individuals, as follows: 𝛽1 = 8 × 10−5, 𝛽2 = 2 × 10−5.

The parameter values used in this study are listed in Table 1.

Table 1. Parameter values.

Symbol Parameter Values Source

Λ Population input rate 0.39 Calculated
𝛽1 Unaware transmission rate coefficient 8 × 10−5 Assumed
𝛽2 Aware transmission rate coefficient 2 × 10−5 Assumed
𝜂 Media conversion rate 0.398 [24]
𝛾 Recovery rate 0.11 [36]
𝜇 Natural mortality rate 3.9 × 10−5 [37]
𝜑 Disease mortality rate 0.015 [38]
𝛼 Awareness decay rate 0.1 [24]

It should be emphasized that the parameter values adopted in this study are representative
demonstrative settings selected to illustrate the model’s dynamical properties and to evaluate different
PINN architectures under a controlled computational environment. Since we focus on dynamical
analysis and network architecture comparison, fixed parameter values are used to keep the experimental
conditions identical across all PINN structures. This setting enables a fair comparison of numerical
discretization schemes, network depth, and skip-connection architectures. The theoretical findings
and algorithmic conclusions provide methodological insight for compartmental epidemic systems with
similar awareness-based stratification, and systematic parameter calibration and empirical validation
with real-world disease datasets will be pursued in future work.

Next, we will target several scenarios covered in Section 2, mainly using the aforementioned PINN to
conduct parameter simulations, and present numerical results of relevant conclusions to more intuitively
verify the results we obtained earlier.

As shown in Figure 5, for the scenario without media coverage, we set the media-related parameters
𝜂, 𝛼 to 0, This means merging the susceptible populations-specifically, the aware susceptible population
no longer exists. In the no-media scenario (red line), three key issues emerge: The peak proportion of
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infected individuals is significantly higher, the rising-phase slope is steeper, and the peak arrives earlier.
These stem from limited public access to epidemic information-leading to weak protective awareness
and no proactive preventive actions, which leave disease transmission unchecked. By contrast, the
media scenario (blue line) shows marked improvements: a much lower infection peak, a gentler rising
trend, and a delayed peak. This is because media enables the public to get timely epidemic updates and
take proactive protection, curbing rapid disease spread.

In summary, media coverage inhibits transmission by boosting public protective awareness and
guiding behavior changes. It lowers the infection peak, slows growth, delays the peak, and accelerates
the post-peak decline-ultimately reducing the overall impact of infectious diseases on the population.

Figure 5. Comparison of infected population dynamics with and without media effects.

Figure 6 shows the change of the basic reproduction number 𝑅0 with the media conversion rate 𝜂.
As the media conversion rate 𝜂 increases, the basic reproduction number 𝑅0 first decreases and then
tends to stabilize. In the theory of infectious disease transmission, 𝑅0 represents the average number of
people an infected individual can transmit the disease to in a fully susceptible population. The threshold
line of 𝑅0 = 1 in the figure enables an intuitive judgment of the infectious disease transmission trend:
When 𝜂 is small, 𝑅0 > 1, meaning there is a risk of infectious disease transmission; as 𝜂 increases, 𝑅0
gradually decreases; when 𝑅0 < 1, the transmission trend of the infectious disease is inhibited.

Figure 6. Effect of media conversion rate on basic reproduction number.

This indicates that increasing the media conversion rate can effectively control the spread of infectious
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diseases, providing a theoretical basis for infectious disease prevention and control.
As can be seen from Figure 7, 𝑅0 and 𝛽2 exhibit a positive correlation. Here, 𝛽2 represents the

transmission rate coefficient of aware susceptible individuals: The larger the value of 𝛽2, the more
likely this group is to be infected after coming into contact with infected individuals. This further
increases the possibility of disease transmission, consequently raising 𝑅0 and leading to a higher risk
of infectious disease spread. Conversely, reducing 𝛽2 can effectively decrease 𝑅0, thereby achieving
the effect of inhibiting the spread of infectious diseases.

Figure 7. Effect of aware transmission rate coefficient on basic reproduction number.

4. Optimization of the neural network

In this section, we focus on optimizing the neural network simulation presented earlier, as well
as providing reflections and comparisons. Specifically, we introduce the RK4 method, increase the
number of network layers, and adopt Residual Network and Highway Network. Additionally, we
conduct statistical analysis on the final results to validate the optimization effects.

4.1. Algorithm updates and network deepening

We replace the first-order Euler method in residual calculation with the RK4 method [32], which
has a global truncation error of 𝑂 (ℎ4) (vs. 𝑂 (ℎ) for Euler), to investigate its impact on model
performance [39]. All experimental parameters are kept identical for a fair comparison.

As shown in Figure 8, the two methods show nearly identical loss curves in early training (0–1500
epochs). After 1500 epochs, RK4 achieves slightly faster residual convergence. Both models produce
nearly identical predicted 𝐼 (𝑡) curves, with no perceptible difference in prediction accuracy.

In conclusion, RK4 provides measurable but very limited improvement for this low-dimensional
epidemic model. The first-order Euler method delivers sufficient numerical accuracy for the PINN
residual calculation here.

Generally speaking, deeper neural networks have stronger representational capacity [40, 41].
To enhance the network’s representational capacity, we expand the depth of the fully connected
network (FCN) from 3-Layers to 5-Layers, aiming to better fit the complex nonlinear relationships
in the system. However, it is important to note that increasing depth does not always yield better
results: A deeper network may lead to training difficulties (e.g., gradient vanishing/exploding) and
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overfitting risks [42].
As shown in Figure 9, the 5-Layer network outperforms the 3-Layer network in the initial training

stage and the final convergence stage, exhibiting stronger nonlinear fitting capability. It demonstrates
better performance throughout the training process. Moreover, we can intuitively observe that
the 5-Layer neural network shows a significant improvement over the 3-Layer network. It learns
faster and achieves lower loss.

On this basis, we further test fully connected structures with more layers. However, experimental
results show that such deeper networks not only fail to further reduce the loss during training but also
exhibit certain instability; their final performance is similar to that of the 5-Layer network or slightly
decreases. Analysis suggests that as network depth increases, the model may encounter issues such as
gradient vanishing or optimization difficulties, preventing continuous improvement in performance [42].
Thus, in subsequent simulations of this paper, the 5-Layer network structure is adopted as the main
model architecture and will be used for comparison with other network architectures.

Figure 8. Training loss and prediction accuracy: RK4 vs. Euler discretization scheme.
(a) Predicted 𝐼 (𝑡) vs. true 𝐼 (𝑡) : 3-Layer + Euler; (b) Loss curve comparison: 3-Layer +
Euler vs. 3-Layer + RK4; (c) Predicted 𝐼 (𝑡) vs. true 𝐼 (𝑡) : 3-Layer + RK4.

Figure 9. Impact of network depth on training performance: 3-Layer vs. 5-Layer Fully
Connected Network. (a) Predicted 𝐼 (𝑡) vs. true 𝐼 (𝑡): 3-Layer + RK4; (b) loss curve
comparison: 3-Layer + RK4 vs. 5-Layer + RK4; (c) predicted 𝐼 (𝑡) vs. true 𝐼 (𝑡): 5-Layer +
RK4.
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4.2. Residual network

To further enhance the representational capability and training stability of PINN in solving
differential equations, we introduce two structural optimization schemes based on fully connected
networks: Residual Network and Highway Network. Both alleviate the gradient vanishing problem
in training deep network through a skip connection mechanism, thereby improving the model’s fitting
accuracy and training efficiency [19].

First, we explain the residual network involved in the network: The core idea of residual network is
that instead of directly learning the mapping relationship between input and output, the neural network
learns the “residual”-i.e., the slight change in output relative to input. Each residual block includes a
linear transformation, a Layer Normalization, and an activation function (ReLU), with a skip connection
introduced. The output of the module is expressed as: 𝑦 = 𝑥 + 𝑓 (𝑥), where 𝑥 denotes the input value,
𝑓 (𝑥) represents the residual term after several nonlinear transformations. 𝑥 is added to the output
𝑓 (𝑥) = 𝑜𝑢𝑡 after a series of transformations to obtain the overall output 𝑦. In fact, what this network
learns is the residual between the target function and the input 𝑓 (𝑥) = 𝑦 − 𝑥. During backpropagation,
the equation for calculating the gradient of the loss function becomes:

𝜕𝐿

𝜕𝑥
=

𝜕𝐿

𝜕𝑦

𝜕𝑦

𝜕𝑥
=

𝜕𝐿

𝜕𝑦
(1 + 𝜕 𝑓

𝜕𝑥
),

even if the increment is small each time, the presence of 1 alleviates the gradient vanishing problem
in neural network learning, enhances the model’s representational capability, and thereby improves the
model’s training [19]. This core idea is implemented in the residual network, as shown in Figure 10.

As shown in Figure 11, with the vertical axis (loss value) on a logarithmic scale and the horizontal
axis representing training epochs, this figure compares the loss evolution of the fully connected network
and the residual network. The red curve denotes the residual network, and the green curve denotes the
fully connected network. An analysis of the curve dynamics is as follows.

In the initial stage of training, the initial loss value of the fully connected network is slightly lower
than that of the residual network, and it decreases faster in the 0 to approximately 800-epoch interval.
Thus, it remains in a leading position around the 800 epochs mark. However, after 800 epochs, the loss
reduction of the fully connected network slows down significantly, and it is even accompanied by slight
fluctuations before gradually leveling off. In contrast, the loss of the residual network continues to
decrease rapidly during this stage, with the magnitude and duration of the decrease being significantly
better than those of the fully connected network. When training progresses to around 4000 epochs, the
losses of both networks gradually enter the convergence stage, with fluctuations reducing sharply.

From the perspective of the final convergence result, the residual network can reduce the loss to a level
far lower than that of the fully connected network. It can be seen that after modifying the 5-Layer fully
connected network into a residual network, the model not only achieves more efficient loss reduction
in the later stage of training but also reaches a lower loss value at final convergence. This improvement
significantly enhances the model’s fitting accuracy and makes the prediction results more accurate.
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Figure 10. Residual network.

Figure 11. Training loss comparison: Residual network vs. 5-Layer Fully Connected
Network. (a) Predicted 𝐼 (𝑡) vs. true 𝐼 (𝑡): 5-Layer + RK4; (b) loss curve comparison:
5-Layer + RK4 vs. Residual + RK4; (c) predicted 𝐼 (𝑡) vs. true 𝐼 (𝑡): Residual + RK4.

4.3. Highway network

In the aforementioned comparison involving Residual Network, fixed skip connections have
demonstrated performance advantages over Fully Connected Network. Next, we conduct simulations
using the Highway Network.

The Highway Network is a type of neural network proposed by Srivastava et al. in 2015 [20], whose
core design objective is to address the vanishing gradient problem in the training of deep neural network.
By introducing gating mechanisms and skip connections, it enables flexible information transfer between
network layers, overcoming the limitation of “layer-by-layer dependency” in information transfer of
traditional Fully Connected Network.

The core unit of a standard Highway Network is the Highway block, which mostly consists of a main
transformation branch (H) and a gating branch (T). The main transformation branch is responsible for
performing nonlinear transformations on input features and extracting deep-seated features; while the
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gating branch controls the weight of information in the main branch through learnable gating coefficients
and simultaneously adjusts the proportion of direct transfer of input information. In accordance with
the network formulas designed in [20], the application in this study is as follows:

𝑦 = (1 − 𝑇 (𝑥))𝑥 + 𝑇 (𝑥)𝐻 (𝑥).

The Highway network used in this study is illustrated in Figure 12, which depicts its internal working
mechanism. Within the Highway block, input features 𝑥 simultaneously enter the main transformation
branch and the gating branch. The output of the main branch and the original input are ultimately
fused through a gating-weighted method to achieve information transfer. The overall network consists
of one input mapping layer, four Highway blocks, and one output mapping layer, which will be used
for training in the following sections.

Figure 12. Highway network.

To intuitively compare the performance differences between the Highway Network and the Fully
Connected Network during the training process, we plot a comparison chart of their loss function value
changes (as shown in Figure 13).

Figure 13 compares the training performance of the 5-Layer fully connected network (FCN) and
the Highway network (both with RK4). The green curve represents the 5-Layer FCN, and the purple
curve represents the Highway network. The Highway network shows overall better performance than
the FCN. It converges faster in early training. The Highway network maintains a steady loss decline
and reaches a much lower final stable loss with smaller fluctuations, showing stronger convergence and
stability. In summary, the Highway network alleviates training instability via its gating mechanism [20],
and outperforms the 5-Layer FCN in convergence speed, residual error, and stability for epidemic
dynamics modeling.
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Figure 13. Training loss comparison: Highway network vs. 5-Layer Fully Connected
Network. (a) Predicted 𝐼 (𝑡) vs. true 𝐼 (𝑡): 5-Layer + RK4; (b) loss curve comparison:
5-Layer + RK4 vs. Highway + RK4; (c) predicted 𝐼 (𝑡) vs. true 𝐼 (𝑡): Highway + RK4.

Building on the superior performance of the Highway network, we further integrate residual
connections to enhance training stability and gradient propagation. Combining the adaptive gating
of Highway network with the direct identity mapping of residual connections, we propose a
residual-integrated Highway network. As shown in Figure 14, this adopts a three-parallel branch
architecture. Input features are fed simultaneously into the main transformation branch (H), gating
branch (T) (following the classic Highway design [20]), and an additional independent residual
branch (Res) to stabilize feature learning and provide output corrections [43].

It should be noted that the residual structure proposed in this study is similar to that in [43], as both
integrate residual ideas into the Highway network. However, there is a key difference: The researchers
in [44] utilize the formula 𝑦 = 𝐻𝑖𝑔ℎ𝑤𝑎𝑦(𝑥) + 𝑥, treating the entire Highway network as a nonlinear
transformation and adding skip connections externally. In contrast, we introduce an additional residual
branch 𝑅(𝑥), inside the Highway block, integrating the residual mechanism with the gating mechanism
within the same module, thereby further enhancing network stability.

On this basis, we construct an exploratory residual-integrated Highway variant by introducing an
additional independent residual branch 𝑅(𝑥) inside the Highway block.

𝑦 = (1 − 𝑇 (𝑥))𝑥 + 𝑇 (𝑥)𝐻 (𝑥) + 𝑅(𝑥) = 𝑥 + 𝑅(𝑥) + 𝑇 (𝑥) (𝐻 (𝑥) − 𝑥).

Here 𝐻 (𝑥) represents the output similar to a feedforward neural network, which is the main prediction
result; while 𝑅(𝑥) is residual, and 𝑇 (𝑥) is the Sigmoid-gated coefficient (range [0,1]) controlling layer
output change intensity, when 𝑇 (𝑥) = 0 only the residual and input remain, which is consistent with the
results in the previous section; when𝑇 (𝑥) = 1, the formula becomes 𝑦 = 𝐻 (𝑥)+𝑅(𝑥), which is different
from the residual network in the previous section that learns 𝑦 − 𝑥, instead, it learns 𝑦 − 𝐻 (𝑥), i.e., the
difference between the prediction of the main path and the true value. At this time, 𝑅(𝑥) acts as an
auxiliary correction. Subsequently, by adjusting the value of the gating coefficient 𝑇 (𝑥) within [0, 1],
we can control how much old information to retain and how many new changes to introduce in the
ResHighway network. Based on the content of the three pathways mentioned above, Figure 14 shows
the ResHighway network used in this study.
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Figure 14. ResHighway network.

Figure 15 compares the training loss between the 5-Layer fully connected network and the proposed
ResHighway network. In the early training stage, both networks show rapid loss reduction, but the
ResHighway network converges faster, with the advantage of residual integration already evident. At
convergence, the ResHighway network achieves a significantly lower final loss, showing improved
performance compared with the 5-Layer fully connected baseline.

Figure 15. Training loss comparison: ResHighway Network vs. 5-Layer Fully Connected
Network. (a) Predicted 𝐼 (𝑡) vs. true 𝐼 (𝑡): 5-Layer + RK4; (b) loss curve comparison: 5-Layer
+ RK4 vs. ResHighway + RK4; (c) predicted 𝐼 (𝑡) vs. true 𝐼 (𝑡): ResHighway + RK4.

Figure 16 compares the training performance of the standard Highway network and our proposed
ResHighway network. The ResHighway network converges faster throughout training and achieves a
lower final stable loss, demonstrating better convergence and training stability. This result verifies that
introducing the independent residual branch effectively enhances the network’s performance, indicating
that the additional residual branch can improve the standard Highway network in this controlled
benchmark, although it still does not outperform the simpler Residual network in the overall comparison.
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Figure 16. Training loss comparison: ResHighway Network vs. Standard Highway Network.
(a) Predicted 𝐼 (𝑡) vs. true 𝐼 (𝑡): Highway + RK4; (b) loss curve comparison: Highway + RK4
vs. ResHighway + RK4; (c) predicted 𝐼 (𝑡) vs. true 𝐼 (𝑡): ResHighway + RK4.

4.4. Network comparison and analysis

In this section, we focus on comparing and discussing the training performance, convergence
characteristics, and final fitting accuracy of the six PINN architectures designed in this study (3-Layer +
Euler, 3-Layer + RK4, 5-Layer + RK4, Residual + RK4, Highway + RK4, ResHighway + RK4) for
infectious disease dynamics tasks.

The comparison is based on the average loss curves and statistical results obtained from ten
independent training runs for each model. The ten runs differ only in the random seed used for
network initialization and the stochastic components of training (seeds 42–51); the architecture,
optimizer, learning-rate schedule, training data, and number of epochs are identical across runs.
Therefore, the reported variability and the corresponding confidence intervals mainly reflect each
architecture’s sensitivity to random initialization and its training stability across independent runs,
rather than resampling of a single trained model. For the RMSE and physics-residual metrics reported
in Figures 19 and 20 and Table 2, we present the sample mean over the ten runs together with its 95%
confidence interval, expressed as 𝑥 ± CI, where the half-width CI is derived from the 𝑡 distribution:

CI = 𝑡0.975,9
𝑠
√
𝑛
,

where 𝑠 is the sample standard deviation, 𝑛 = 10, the degrees of freedom are 𝑛 − 1 = 9, and
𝑡0.975,9 = 2.262. Key indicators are presented with intuitive visualizations [45].

The six curves in Figure 17 show the average total loss over ten independent training runs, illustrating
the convergence behavior of different PINN architectures. As shown in the figure, the Residual Network
achieves the lowest final loss and maintains the most stable convergence throughout the training process,
demonstrating its superior optimization capability. The ResHighway Network exhibits rapid loss
reduction during the early training stage and achieves better performance than the original Highway
Network and the 5-Layer fully connected network. However, its final accuracy remains inferior to
that of the Residual Network, indicating that the additional gating mechanism does not provide further
improvement for the present task. The 5-Layer fully connected network converges to a lower loss than
the 3-Layer models, confirming the benefit of increased network depth. A comparison between the
two 3-Layer networks shows that the RK4 solver consistently achieves slightly lower loss than the Euler
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solver, suggesting that a more accurate numerical discretization provides a modest improvement in
PINN training.

As shown in Figure 18, the six subplots correspond to the evaluated PINN architectures: 3-Layer +
Euler, 3-Layer + RK4, 5-Layer + RK4, Residual + RK4, Highway + RK4, and ResHighway + RK4. Each
subplot compares the predicted and reference trajectories of the four epidemic compartments (𝑆𝑢, 𝑆𝑎, 𝐼,
and 𝑅), where the reference solution is obtained using the RK4 method. The average 𝑅2 across all
compartments is reported in each subplot as a quantitative measure of prediction accuracy. Consistent
with the loss curves, the Residual Network provides the closest agreement with the reference solution,
while the ResHighway Network offers moderate improvement over the Highway architecture but does
not outperform the Residual Network.

Among these models, 3-Layer + Euler and 3-Layer + RK4 have relatively low average 𝑅2 and poor
fitting performance, and their overall performance is similar. The correlation coefficient of the 5-Layer +
RK4 model is greatly improved, which achieves a notable promotion in fitting capability. The Highway +
RK4 model obtains a higher correlation coefficient and better fitting effect than the 5-Layer structure.
The ResHighway + RK4 model outperforms Highway + RK4 in terms of correlation coefficient and
fitting stability. In particular, the Residual + RK4 model owns the highest correlation coefficient and
presents the best fitting result, where the predicted curves are almost completely consistent with the
real curves. In summary, the comprehensive performance ranking is Residual + RK4 > ResHighway +
RK4 > Highway + RK4 > 5-Layer + RK4 > 3-Layer + RK4 ≈ 3-Layer + Euler. This indicates
that adopting fourth-order RK4 method instead of Euler method and introducing residual structure
can effectively increase the correlation coefficient, and significantly improve the fitting accuracy and
stability of the proposed model.

Figure 17. Averaged total loss curves of all six PINN architectures over 5000 training epochs.
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Figure 18. True vs. predicted epidemic compartment trajectories for all six PINN
architectures. (a) 3-Layer + Euler (𝑅2 = 0.9125); (b) 3-Layer + RK4 (𝑅2 = 0.9200);
(c) 5-Layer + RK4 (𝑅2 = 0.9779); (d) Residual + RK4 (𝑅2 = 0.9999); (e) Highway + RK4
(𝑅2 = 0.9924); (f) ResHighway + RK4 (𝑅2 = 0.9947).

Figure 19 shows the mean RMSE for infected population predictions with 95% CI. Among all
models, Residual + RK4 achieves the lowest RMSE by a substantial margin, followed by ResHighway +
RK4. The other models perform worse in comparison. Figure 20 presents the mean physics residual
loss with 95% CIs, which shows a consistent trend: Residual + RK4 has the lowest physics residual,
with ResHighway + RK4 ranking second. It should be noted that these two metrics are independent
evaluations of the models’ final prediction performance and are not directly equivalent to the loss terms
in the training objective function.

Figure 19. Mean RMSE of infected population predictions with 95% CI.
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Figure 20. Mean physics residual loss with 95% CI across all models.

Table 2 summarizes the core performance indicators of the six PINN architectures, corresponding
to the aforementioned figures.

Table 2. Core performance indicators.

Network Name RMSE CI(RMSE) Physics Residual CI(PR)

3-Layer + Euler 452.67 [410.05, 495.29] 3.14 [3.05, 3.24]
3-Layer + RK4 431.59 [379.38, 483.81] 3.14 [2.90, 3.38]
5-Layer + RK4 220.08 [182.12, 258.05] 2.85 [2.59, 3.11]
Residual + RK4 15.61 [11.96, 19.26] 0.56 [0.48, 0.64]
Highway + RK4 126.59 [95.21, 157.97] 2.23 [1.96, 2.50]
ResHighway + RK4 105.08 [79.47, 130.68] 2.00 [1.76, 2.25]

Note: Physics residual values are amplified by 1000 times; CI = 95% confidence interval.

Experimental results show that the original Highway network outperforms the plain 5-Layer fully
connected network, but remains inferior to the Residual Network and the proposed ResHighway network.
By embedding an independent residual branch into the Highway block, the ResHighway architecture
achieves moderate improvements in training stability and prediction accuracy over the original Highway
network. However, it does not outperform the simpler Residual Network in the present task. This result
indicates that increasing architectural complexity does not necessarily improve PINN performance.
Instead, the ResHighway architecture should be regarded as an exploratory design that provides a
useful negative result for PINN architecture selection, while further confirming the effectiveness of
residual connections in improving PINN training for differential equation solving.

The major conclusions are summarized as follows:
(1) The RK4 method provides a modest improvement over the Euler method owing to its higher

numerical accuracy.
(2) Appropriately increasing network depth is conducive to improving the overall training

performance of the model.
(3) Among all investigated architectures, the Residual Network achieves the best overall performance
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in terms of convergence, prediction accuracy, and stability, indicating that residual connections are
particularly effective for improving PINN training in the epidemic modeling tasks considered in
this work.

5. Conclusions

In this study, we explore the influence of media coverage on infectious disease transmission.
Following the core modeling logic of published media intervention epidemic research, we construct a
media-aware compartmental model extended from the classic SIR structure. During model construction
and theoretical analysis, the susceptible population is stratified into unaware and aware subgroups. We
formulate the evolutionary dynamics of all compartments via differential equations and systematically
investigate how media intervention influences epidemic transmission characteristics. The basic
mathematical properties of the model are rigorously established to support the subsequent theoretical
analysis. By deriving the equilibrium points and the basic reproduction number, we characterize the
relationship between epidemic evolution and equilibrium stability.

In numerical simulations, PINNs are adopted for model solving, and the numerical results agree
well with the theoretical analysis. The results show that media publicity promotes the transition from
unaware to aware susceptible individuals, thereby slowing epidemic growth, reducing the infection peak,
and delaying its arrival. These findings further demonstrate the effectiveness of media intervention in
mitigating epidemic transmission.

To improve the prediction accuracy and training stability of PINNs for epidemic dynamics, in
Section 4 we investigate three algorithm optimization approaches, including numerical integration
schemes, network depth, and network architectures. The RK4 method replaces the Euler scheme
to improve the accuracy of physics residuals, while deeper networks enhance the approximation
of nonlinear epidemic dynamics. Residual connections are further introduced, and an exploratory
ResHighway architecture is constructed by combining residual learning with Highway networks for
empirical comparisons.

Comparative experiments show that the optimized PINN models, especially the Residual network
combined with RK4, achieve the best overall prediction accuracy and training stability. Although the
proposed ResHighway architecture slightly improves upon the original Highway network, it does not
outperform the simpler Residual network. This result suggests that increasing architectural complexity
does not necessarily lead to better PINN performance, and highlights the effectiveness of residual
connections for epidemic dynamics modeling.

It should be emphasized that the parameter values adopted in this study are typical demonstrative
settings for illustrating the model’s dynamical properties and evaluating the PINN architectures, and
are not calibrated to epidemiological data of any specific real-world disease. As this work is positioned
as a methodological study focusing on dynamical analysis and network architecture comparison, we
use fixed representative parameters to maintain a fully controlled experimental setting and ensure the
fairness of performance comparisons across different PINN structures. Moreover, the RK4-generated
solutions used in the numerical experiments should be regarded as high-accuracy reference solutions
for a synthetic benchmark, rather than as epidemiological ground truth obtained from real outbreak
data. Therefore, our results mainly demonstrate the approximation and training performance of
different PINN architectures under controlled dynamical conditions, rather than their real-world
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forecasting capability. In practical epidemiological applications, calibrating core parameters such as
transmission coefficients (𝛽) from real surveillance data is a standard and indispensable step for obtaining
disease-specific quantitative estimates. Consequently, applying the proposed PINN framework to real
epidemic datasets, including parameter inference and forecasting from noisy observations, remains an
important direction for future research.

In summary, this study confirms the role of media intervention in epidemic control through theoretical
analysis and numerical simulation, and presents a systematically optimized PINN framework for
epidemic dynamics. Building upon existing media-aware epidemic models, the main contribution
of this work lies in the systematic investigation of RK4 numerical integration and different network
architectures for PINN-based epidemic modeling. Among the investigated architectures, the Residual
network achieves the best overall performance. The exploratory ResHighway design provides a useful
empirical finding that a more complex architecture does not necessarily yield better PINN performance
than a simpler residual structure.
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