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Abstract: The dynamics of medical resource demand during public health crises pose significant chal-
lenges to emergency supply chain management, particularly within an evolving and complex social
environment. To explore this, the interactive effects of information diffusion and virus spreading
on medical resource demand are investigated using a novel three-layer coevolution “information–
epidemic–resource” model through Markov process simulations. The study firstly identifies eight
factors influencing demand fluctuations in terms of some city characteristics, such as media exposure,
consistency of public opinion, self-protection level, and restrictive protection level, while catego-
rizing resources into individual holdings and centralized storage. Then, extensive simulations are
examined to elucidate the impact of these factors. The results reveal that various city characteristics
can affect fluctuation in demand for both individual holdings and centralized storage. Inaccurate
media information tends to inflate fluctuations, while higher public opinion consistency can reduce it.
Reinforcing self-protection decreases the demand fluctuations of individuals, and effective restrictive
protections can reduce fluctuations in centralized resource storage. Moreover, an analytical simu-
lation of various city scenarios, underpinned by statistical data from selected Chinese and German
cities, demonstrates that distinct city characteristics significantly influence medical resource demand
changes during epidemics. This underscores the importance of tailoring emergency medical supply
strategies to the specific developmental traits of different countries and cities. This study provides
valuable insights to researchers, governments, and enterprises, enhancing their preparedness and
response for emergency supply chain disruptions.

Keywords: multi-layer networks; information diffusion; epidemics; demand fluctuations; emergency
supply chain management; complex systems

1. Introduction

The complexity and uncertainty of modern society paved the way for unforeseen
events, such as the H1N1 influenza pandemic, the Ebola epidemic, COVID-19 and some
other major public health emergencies (MPHEs). These emergencies profoundly impacted
both global and local supply chains and, more importantly, public health. Epidemics induce
volatilities in the supply of and demand for commodities, which are reflected in prices [1,2].
Banlangen granules, a common Traditional Chinese Medicine (TCM) used to treat colds,
once saw a one-day sales increase of 3130 percent in China after a top respiratory disease
expert suggested its potential to inhibit coronavirus [3]. Due to the overwhelming demand,
its price also increased accordingly. Effective response and mitigation strategies for these
emergencies need a sufficient supply of essential medical protective articles, medications,
and other essential items. However, many countries affected by these outbreaks have
struggled with shortages and surpluses of these vital resources [4,5], exposing inherent
deficiencies and vulnerabilities in emergency preparedness. Additionally, the determinants
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affecting material supply and demand during epidemics have become increasingly com-
plex. Temperature and population density [6], government policies [7], public perceptions
and personal protective equipment training [8,9], availability of testing and treatment facil-
ities [10] and other factors indirectly affect the number of infected cases, and subsequently
amplify the requirement or reduce provision for resources [11].

This study investigates the dynamics of demand fluctuation during epidemics, with a
particular focus on how information dissemination and human movements amplify these
fluctuations. As its name suggests, demand fluctuation can be defined as variations in
the demand for anti-epidemic products, including rapidly changing and often surging
demands due to uncertainties in viral transmission, public behavior, government interven-
tions and so on. The influencing mechanism of demand fluctuation is explored utilizing
complex network theory. By integrating concepts from network science, epidemic mod-
eling, and information diffusion, we seek to unravel the underlying mechanisms driving
resource demand fluctuation and identify critical factors influencing resource demands dur-
ing epidemics. Considering varying parameters related to information diffusion, epidemic
spreading and resource allocation, extensive numerical simulations are processed to assess
their impact on demand dynamics. Understanding the interplay between information
diffusion and virus spreading is key to developing more effective strategies to mitigate the
impact of demand fluctuation in epidemics and enhance preparedness for future outbreaks.
Consequently, the findings of this research are expected to provide significant insights for
epidemic control, emergency supply chain management and public health policymaking.
This work not only addresses the immediate challenge of fluctuating resource demands dur-
ing health crises but also contributes to a broader understanding of the systemic responses
required in complex network environments.

The rest of the paper is organized as follows: a comprehensive literature review is
conducted in Section 2; Section 3 defines the factors and notations, outlines the methodology
of the two-layer and three-layer models; Section 4 processes extensive simulations to verify
the hypotheses and analyze the city scenarios, and the theoretical and practical significant
for this study are discussed; finally, the conclusion is given in Section 5.

2. Literature Review

This paper adopted a narrative and integrative approach to thoroughly explore topics
related to our research, including “Fluctuation of Resources in Supply Chain Manage-
ment”, “Information Diffusion in Epidemics”, “Virus Control Behaviors in Epidemics” and
“Propagation Models for Information and Virus Spreading”. We utilized databases like
Web of Science and Google Scholar, searching keywords such as “demand fluctuations”,
“epidemic impact on supply chains”, “information diffusion during pandemics”, “multi-
layer networks” and “epidemics” among others. By reviewing the existing literature, this
section clarifies the concept of “demand fluctuation” during epidemics and introduces
four characteristics that can influence information diffusion and virus spreading, including
“media exposure”, “consistency of public opinion”, “self-protection level” and “restrictive
protection level”. These characteristics will be further discussed in Section 4.2.

2.1. The Fluctuation of Resources in Supply Chain Management

Scholars have discussed the significance of material security in supply chain man-
agement from various perspectives, such as “Demand forecast for disaster relief mate-
rials [12,13]”, “matching supply with demand in health care management [14,15]” and
“demand fluctuation [16]”. Both the change in supply and volatile demand have significant
impacts on the stable operation [17]. Demand fluctuation also generates erratic bullwhip
effects [18] on supply chains, and disruption of supply chain operations [19] in pandemics.
Therefore, understanding the mechanisms behind medical resource demand fluctuations is
of significant value for both supply chain management and healthcare. However, current
research on demand fluctuation mainly analyzes the bullwhip effect in the retail industry,
using parameters such as random demand, marketing prices, and random delivery times
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to measure material fluctuation, and the research results are mainly based on mathematical
formula derivation [20,21]. This tells us about the academic need for exploring additional
theories and methods to support the study of demand fluctuation and to visualize the
material fluctuation process. Moreover, protective and cure-focused resources are two
primary types of epidemic prevention materials. Protective resources aim to block the
transmission route of the virus, safeguarding the public and medical staff, while cure-
focused resources are employed to treat infected patients, alleviate symptoms and improve
recovery rates [22]. Protective resources include masks, medical goggles, protective gloves
and clothing, etc.; cure-focused resources mainly include vaccines, drugs, ventilators and
other medical equipment [23].

2.2. The Information Diffusion in Epidemics

The topic of information propagation related to epidemics has also received widespread
academic attention in the past few years. A key focus is the impact of media coverage on
the public’s perception of disease information. Edition et al. proposed that extensive and
accurate media reporting on infectious diseases can significantly enhance awareness and
aid in preventing disease transmission [24]. However, information overload can easily lead
to the sharing of unverified information [25]. Meanwhile, researchers confirm that people
were susceptible to the influence of social media during the COVID-19 crisis, engaging in
panic-buying behavior driven by uncertainty and insecurity, which further triggers changes
in demand [26]. Hoarding personal protective equipment and daily consumer goods is a
common response to the uncertainty in the supply of essential commodities [27], which
can alleviate people’s anxiety [28]. Additionally, studies have shown that the social context
influences the impact of information dissemination on epidemic spread, and there is a
significant asymmetry in information dissemination between traditional and emerging
media [29]. Furthermore, Winkielman and Nowak [30] highlighted the influence of in-
formation consistency on trust by reviewing that in the field of science [31] and law [32].
Given this, the paper highlights the level of media exposure as a crucial factor in spreading
both accurate and inaccurate information. This paper also emphasizes that public trust
in outbreak-related information is influenced not just by the content itself but also by the
consistency of the different opinion fields. The concept of “consistency of opinion” is
introduced in this study to describe the alignment between information disseminated by
authoritative sources (such as the CDC and WHO) and views expressed by alternative
media or individuals (such as blogs and social media accounts). Higher consistency can
contribute to reducing the spread and facilitating the cessation of rumors, but only if the
consistency is based on accurate and reliable information.

2.3. The Virus Control Behaviors in Epidemics

Various studies have examined the influence of human behavior on virus transmis-
sion and the effectiveness of prevention strategies. For example, unconstrained social
interactions can dramatically increase epidemic spreading [33], while non-pharmaceutical
interventions based on sustained physical distancing can reduce the magnitude of the
epidemic peak [34]. What is more, factors such as “socially and economically vibrant”,
“relatively young population” and “densely populated and traditional” have significant
explanatory powers for the spread of the COVID-19 pandemic. This finding further sug-
gests that countries characterized by vibrant economies, social and cultural activities, dense
populations and traditional practices should implement strict action restrictions early on
to mitigate the potential occurrence of a major infectious disease outbreak [35]. Govern-
mental anti-pandemic policies, such as population mobility restrictions, effectively reduced
the number of COVID-19 infection cases and deaths from it [36]. Therefore, this study
categorizes the measures that can potentially reduce virus spread and associated demand
fluctuation into two groups: “Self-protection measures” and “Restrictive protection”. Self-
protection refers to individual actions taken voluntarily to safeguard oneself and others
from the transmission and impact of an epidemic. Restrictive protection measures are



Systems 2024, 12, 95 4 of 23

policies or directives implemented at a regional or national level to control and mitigate the
spread of an epidemic. These measures are typically mandated by public health authorities
or government entities.

2.4. Classical Propagation Models and Network Propagation Models

Propagation dynamics models are foundational in our study for explaining the spread
of information and diseases. In addition to classical propagation models, the network
propagation models have also garnered significant attention from scholars in recent years.
Ding, et al. (2021) established an SIQR model to restrain rumor spreading, considering
the effects of truth propagation and measures like warnings and awareness [37]. Xian
et al. (2020) developed a DISR model for the dynamic spread of rumors in multiplex
networks, with the “D” representing users blocked from accessing the rumor [38]. An SEI
information diffusion model was constructed to explore the transmission of rumor in social
networks, defining the stages of information diffusion as known, known but not spread
and spreading. They also verified the feasibility of transformation from non-adopter to
thinker, and to adopter [39,40]. The exploration of networks serves an important role in
enhancing propagation models. Integrating Interpretative Structural Modeling (ISM) with
complex network theory has been proposed to create models that align more accurately
with real-world logic [41].

Multilayer network modeling, extending beyond single networks, effectively captures
complex propagation dynamics. In epidemiology, multiplex networks have been used
to simulate COVID-19 spread. This approach finds application across physics, social
sciences and engineering, based on its solid grounding in statistical physics [42]. Table 1
summarizes epidemic-related multilayer network studies, categorized by network layers
and patterns. Research primarily focuses on two-layer networks, including “two virus
networks”, “one information network plus one virus network” and “one virus network
plus one resource network”. Jiang and Zhou (2018) studied the impact of resource control
on virus transmission but did not treat resources as a separate network layer [43]. Sun
et al. (2022) treated resources as a separate layer but only considered the transition of
resources between two types of nodes, those with resources (R-Type) and those without
resources (N-Type) [44]. A few studies established three-layer networks, mainly in the
“information + virus + resource” and “anti-virus + virus1 + virus2” patterns. For instance,
Wang et al. (2021) constructed a three-layer network with resource allocations as the
third layer [45]. They investigated not only the suppress and worse effects of information
diffusion on the epidemic spreading, but also the influence of different kinds of resources on
the interplay between information and epidemic. Moreover, some studies have developed
models with more than three layers. For example, Scabini et al. (2021) designed a six-
layer model encompassing home, work, transport, school, religion and random layers to
study virus transmission during an epidemic [46]. Li et al. (2021) established a 1+D-layer
model, consisting of one layer of information network and D layers of virus networks,
where D represents that the connection preference between nodes in the virus network is
changing [47].

Table 1. Literature about multilayer networks applied to epidemics.

The Number of Layers Pattern Reference

Two layers
Virus layer 1 + Virus layer 2 [43,48,49]

Information layer + Virus layer [50–59]

Virus layer + Resource layer [44]

Three layers Information layer + Virus layer + Resource layer [45,60]

Anti-virus layer + Virus layer 1 + Virus layer 2 [61]
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Table 1. Cont.

The Number of Layers Pattern Reference

More than three layers
Virus layer 1 + Virus layer 2 + . . . + Virus layer 6 [46]

Information layer + Virus layer 1 + . . . + Virus layer D [47]

Remarks: (1) “Information layer” is named differently in various papers, such as “virtual layer” and “communica-
tion layer”. Here, we collectively refer to it as the “information layer”. (2) “Virus layer” is also named differently
across different papers, such as “physical layer”, “behavior layer” and “epidemic layer”. Here, we uniformly refer
to it as the “virus layer”. (3) The above literature pertains only to the study of multiplex networks in the context
of virus transmission (epidemics). (4) The publication timeframe for the literature is mainly from 2019 to 2023,
and some papers may have been inadvertently omitted.

2.5. Summary

Compared to the research articles mentioned above, our paper emphasizes that the
dissemination of inaccurate information could trigger panic (in the information layer), and
then lead people to hoard supplies from both neighbors and the central storage (in the
resource layer). In addition to differentiating materials in terms of their effectiveness and
efficiency as Wang et al. (2021) did in their paper, we also consider the resource exchange
between individual holdings and the resource distribution from centralized storage [45].
More importantly, to the best of our knowledge, previous multilayer network studies have
paid little attention to resource fluctuations, even though they have considered the effect of
anti-epidemic supplies on the interactive spread of information and viruses. In summary,
this study identifies important factors on information and human behavior that influence
information dissemination and virus transmission, which in turn may affect the demand
fluctuations. Then, we construct an information–epidemic–resource coevolution model
grounded in complex network theory (as shown in Figure 1), aiming to investigate the
demand fluctuation of different material types, and contribute to a deeper understanding
of demand dynamics during epidemics.
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Figure 1. The three-layer coevolution proposed in this study. The nodes symbolize individuals in
the system and correspond one-to-one across the three layers. Layer (a) represents the information
diffusion dynamic, and the edges indicate that news can be transmitted between two nodes, which is
not influenced by the physical contact distance in the real world. Layer (b) illustrates the epidemic
spread dynamic, and the radius r represents people’s short move distance. If the distance between
two points is less than r, there will be a physical contact between these two nodes in the real world and
the virus may spread. A node is connected to its neighboring nodes by edges. Layer (c) represents the
resource allocation dynamic, and the edges indicate that anti-epidemic resources are shared amongst
neighboring nodes.
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3. Mathematical Models
3.1. Parameters and Notations Definition

This paper considers two forms of resource reserves: individual holdings and central-
ized storage. The number of individual holdings at time k + 1 is defined as the amount of
medical resource held by each individual after the resource allocation process during the
k time-step. The number of centralized storage refer to the number of medical resources
that are centrally managed and controlled by a country or a region, which also changes
over time.

To quantify the performance of these resources, we introduce two parameters: Re-
source Efficacy and Resource Efficiency. Resource Efficacy is measured on a scale from 0 to
1 that represents the performance of the material in terms of its ability to protect against
the spread of the epidemic (protection performance) and its ability to effectively treat or
address the impact of the epidemic (treatment performance). This concept aligns with the
definitions provided by Wang et al. (2021) [45]. Resource Efficiency measures the influence
of supply quantity on treatment success rates; higher values indicate a stronger reliance on
ample supplies for improved treatment outcomes.

Additionally, this study identifies eight parameters that influence the information
diffusion and epidemic spreading in the information–epidemic–resource coevolution model,
detailed as follows:

• Information Diffusion Rate: the diffusion rate of normal information about the epi-
demic, such as the existence of the virus and the international public health alert of
the virus. Media exposure plays a significant role in determining the speed and extent
of information diffusion.

• Information Forgetting Rate: the forgetting rate of normal information about the
epidemic. Individuals may forget or lose interest in certain information over time.

• Inaccurate Information Diffusion Rate: the diffusion rate of false or misleading repre-
sentations and information about the epidemic. Media exposure and consistency of
public opinion can drive the diffusion of inaccurate or false information.

• Inaccurate Information Forgetting Rate: the forgetting rate of inaccurate information.
Similar to normal information, inaccurate information can be forgotten over time, and
it can be influenced by the consistency of public opinion.

• Short Move Probability: the likelihood that individuals will engage in short-range
movements within their local environment, such as hanging out in their neighborhood
or going to a nearby grocery, which can be influenced by the self-protection level of
individuals.

• Long Travel Probability: the likelihood of individuals engaging in long-distance
movements, such as traveling to different regions or countries, which can also be
influenced by the self-protection level of individuals.

• Short Move Distance: the average distance individuals move during short-range
movements, which can be influenced by the level of restrictive protection measures
implemented by regional or national authorities.

• Long Travel Distance: the average distance individuals travel during long-distance
movements, which can also be influenced by the level of restrictive protection.

For more notations and their definitions in this paper, please see Table 2 below.

Table 2. Notation definitions.

Notations Definitions Value
Range

T Iteration Duration N+

βA Information diffusion rate (0, 1)
µA Information forgetting rate (0, 1)
ω Inaccurate information diffusion rate (0, 1)

γA Inaccurate information forgetting rate (0, 1)
βB Virus spread rate (0, 1)
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Table 2. Cont.

Notations Definitions Value
Range

r Connection distance (0, 1)
τ Duration of infection N+

r1 Short move distance (0, 1)
p1 Short move probability (0, 1)
r2 Long travel distance (0, 1)
p2 Long travel probability (0, 1)
ε1 Resource Efficacy: protective or cure-focused (0, 1)
δ Resource Efficiency: the dependence of recovery on medical resources (0, 1)
π Automatic replenishment rate of centralized materials (0, 1)

rc(1) Initial value of individual holdings per person N+

Rc(1) Initial value of centralized material storage N+

t or k Current time step N+, [1, T]
f a
i (k) Actual information diffusion rate (0, 1)

wa
i (k) Actual inaccurate information diffusion rate (0, 1)

gb
i (k) Actual virus spread rate (0, 1)
aij The adjacency matrix in the information layer B

bij(k) The adjacency matrix in the epidemic layer B
n The number of nodes N+

3.2. Information–Epidemic Two-Layer Model

This two-layer model is developed on a scenario that the virus spreading in the region
is causing panic among the residents. An information diffusion model is established to track
the dynamic of virus-related information, and an infectious disease model is developed to
understand the dynamic of the virus’s spread. The dynamics and interactions of this two-
layer complex network are analyzed using the Markov chain (MMC) theory. Some studies
have verified the performance of this method in the multi-layer network study [45,57,58].

As shown in Figure 2, a U-A-I-U information diffusion model is established in the
information diffusion layer. U is represented as unaware status, and individuals with U do
not know any information about the spreading virus; A is for aware status and individuals
with A know the existence of the spreading virus; Ia is for the inaccurate information
affected status and individuals with Ia are affected by this inaccurate information and could
spread inaccurate information of the virus with some probability to their neighbor nodes in
the information layer. For virus spreading, we use an S-I-R model, which is a very typical
and well-proven infectious disease model. S represents suspected, Ib represents infected
and R represents recovered. This paper has described the advantages of applying complex
networks to propagation dynamics problems, which can be reflected in Figure 2. The actual
information diffusion rate f a

i (k), actual inaccurate information diffusion rate wa
i (k) and

actual virus spread rate gb
i (k) are functions related to both time k and the adjacency matrix

aij or bij(k) based on Equation (7).
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The MMC equations for the information layer can be shown as follows. Regarding the
superscripts in the equations, uppercase letters denote the state (U/A/Ia, S/Ib/R), whereas
lowercase letters indicate the layer (layer a/layer b). For instance, PUa

i (k + 1) represents
the probability that node i is in the Unaware (U) state in layer a (the information layer) at
time k + 1.

PUa
i (k + 1) = PUa

i (k)
[
1 − f a

i (k)− gb
i (k)

]
+ PAa

i (k)µA + PIa
i (k)γA (1)

PAa
i (k + 1) = PUa

i (k)
[

f a
i (k) + gb

i (k)
]
+ PAa

i (k)[1 − wa
i (k)− µA] (2)

PIa
i (k + 1) = PIa

i (k)(1 − γA) + PAa
i (k)wa

i (k) (3)

The MMC equations for the epidemic layer are as follows:

PSb
i (k + 1) = PSb

i (k)
[
1 − gb

i (k)
]

(4)

PIb
i (k + 1) = PSb

i (k)gb
i (k) + PIb

i (k)[1 − µB] (5)

PRb
i (k + 1) = PRb

i (k) + PIb
i (k)µB (6)

where 

f a
i (k) = 1 −

N
∏
j=1

[
1 − βAaijPAa

j (k)
]

gb
i (k) = 1 −

N
∏
j=1

[
1 − βBε1

Ri(k)bij(k)PIb
j (k)

]
wa

i (k) = 1 −
N
∏
j=1

[
1 − ωaijPIa

j (k)
] (7)

µB = 1 − δ(1 − ε1)
Ri(k) (8)

PUS
i (k) + PUR

i (k) + PAS
i (k) + PAI

i (k) + PAR
i (k) + PIS

i (k) = 1 (9)

According to Equations (1)–(9), the system consists of six states: US (U in the in-
formation layer and S in the epidemic layer, below are the same), UR, AS, AI, AR and
IS. Switching to A or Ia in the information layer, and to Ib in the epidemic layer, re-
quires that the individual has at least one neighbor node with the corresponding status
(Equations (1), (2), (4) and (5)). The recovery rate is influenced by the amount of material
held by individuals in each time step (Equation (8)). The dotted lines in Figure 2 means
that the nodes will be in aware status (A) in the information layer as soon as they become
infected in the epidemic layer in a time step, and the nodes must be in suspected in the epi-
demic layer if they are inaccurate-information-affected nodes (Ia) in the information layer.
Moreover, in the epidemic layer, individuals are likely to take a short or long move within
a single time step, but infected individuals are restricted from the long-travel behavior. The
settings for this random movement are reflected in the code, and the specific MATLAB
program for this part can be found in Algorithm A1 of Appendix A. Above shows how the
information layer interacts with the epidemic layer.

3.3. The Resource Layer

The three-layer model proposed in this paper can be simply described as adding
a resource allocation model to the previously mentioned two-layer model. As for the
resource allocation model, individuals request and/or share materials from and/or to their
neighbors in one time step based on their status in time k; then, the material amount for
each individual in time k + 1 can be updated using the following coupled MMC equations:
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RUS
i (k + 1) =

1

∑j bij

[
PAS+AI

j (k) + (1 + ω)PIS
j (k)

]
+ 1

(10)

RUR
i (k + 1) =

1

∑j bij

[
PAS+AI

j (k) + (1 + ω)PIS
j (k)

]
+ 1

(11)

RAR
i (k + 1) =

1

∑j bij

[
PAS+AI

j (k) + (1 + ω)PIS
j (k)

]
+ 1

(12)

RAS
i (k + 1) = ∑

j

[
bijPUS+UR+AS+AR

j (k)
1

∑l ̸=i bjl

[
PAS+AI

j (k) + (1 + ω)PIS
j (k)

]
+ 2

]

+
1

∑j bij

[
PAS+AI

j (k) + (1 + ω)PIS
j (k)

]
+ 1

(13)

RAI
i (k + 1) = ∑

j

bijPUS+UR+AS+AR
j (k)

1

∑l ̸=i bjl

[
PAS+AI

j (k) + (1 + ω)PIS
j (k)

]
+ 2

+ 1 (14)

RIS
i (k + 1) = ∑

j

bijPUS+UR+AS+AR
j (k)

1

∑l ̸=i bjl

[
PAS+AI

j (k) + (1 + ω)PIS
j (k)

]
+ 2

+ (1 + ω) (15)

These coupled MMC equations were inspired by Wang et al. (2021) in their UAU-SIS
model [45], which is for the resource allocation between individuals. We additionally set
an equation for the resource distribution from the centralized storage:

Rc(k + 1) = [Rc(k)− ∑
i

[
PAI

i (k) + (1 + ω)PIS
i (k)](1 + π) (16)

In the resource allocation layer, there is an initial value of individual holdings for each
node, and it is set so that one unit each node begins with an initial value of the number of
individual holdings set at one unit (Ri(1) = 1); and the initial value of centralized material
storage has a multiplicative relationship with the sum of the individual material holdings.
At each time step k, the individuals with status of US, UR, AS and AR can share the resource
with their neighbors and will equally divide the supplies they currently hold among their
neighbors who ask for them and themselves (Equations (10)–(13)). Similarly, at each time
step k, individuals with a status of AS, AI and IS will request resources from their neighbors
(Equations (13)–(15)). Beyond neighborly sharing, individuals with a status of AI and IS
will obtain one unit of supplies from the centralized storage (Equations (14) and (15)). For
example, local government organizes the distribution of epidemic prevention supplies
to the people who need the resources most. According to Kar et al. (2023), this study
postulates that individuals influenced by inaccurate information, represented by the status
IS, are predisposed to hoard supplies [62]. Thus, the number of medical resources acquired
by individuals in IS is set to be 1 + ω times that of other individuals (Equation (15)). Finally,
the centralized storage will increase by π in each time step until the virus is cleared in
the system, which π is called the automatic replenishment rate (Equation (16)), but after
the virus is cleared, the centralized material storage will not be replenished automatically.
Combined with the description of ‘amount of resource held by each individual affects their
recovery rate’ as mentioned in Equation (8), this is how the resource layer interacts with
the information layer and the epidemic layer; that is, how the three-layer network model
evolves collectively.



Systems 2024, 12, 95 10 of 23

4. Simulation and Results
4.1. Explanations

The simulation of the information–epidemic–resource three-layer coevolution process
is performed on an Intel Core i9-12900K CPU. This section shows the implement of the
three-layer model and visualizes the dynamic. There are 1000 individuals in this simulation
(nodes = 1000). In the information layer, a Barabási–Albert (BA) scale-free network is
established using a preferential attachment mechanism (Figure A1 in Appendix A). This
network obeys power–law distribution as many complex networks in the real world
do, and it is widely used in information dissemination research [63]. This BA scale-free
network begins with three nodes. Each new node is connected to two existing nodes with
a probability, and the initial connection is random. The links between every two points
represent the possibility of information sharing between them.

In the epidemic layer (please refer to Figure A2 in Appendix A), each node could
move 0.1 shortly (r1 = 0.1) with a probability of 0.8 (p1 = 0.8) or travel a long distance of
0.5 (r2 = 0.5) with a probability of 0.1 (p2 = 0.1) in each time step. The two nodes whose
distance is no more than 0.07 can be connected (r = 0.07). The time delay from infection to
recovery is seven time steps (τ = 7).

In the resource layer, we set the resource as protective (ε1 = 0.2) not cure-focused,
and the Resource Efficiency is very high (δ = 0.9). The automatic replenishment rate of
centralized material storage (π) is 0.01 in this case. The initial number of resources is 1 for
each individual, and the initial number of centralized storage is 20 times the total amount
of material held by the individuals. The detailed parameter settings are summarized in
Appendix A Table A1.

The explanations below can fully and clearly explain the simulation results shown
in Figure 3: the number of infected people is low at the beginning and the centralized
resources storage increases due to the automatic replenishment mechanism (area a). As the
number of infected individuals and inaccurate information spreaders increase, the central-
ized resources storage gradually decreases (area b). In the later stages of the epidemic, the
number of infected nodes decreases, and there are more and more recovered persons, so the
centralized resources storage increases (area c). After the virus is cleared, the centralized re-
sources storage no longer undergoes automatic replenishment. However, individuals who
believe and spread inaccurate information continue hoarding supplies from the centralized
resources storage, causing it to decrease (area d). The model assumes that individuals who
are infected and have recovered do not disseminate inaccurate information. For instance, if
infected persons believe the rumor that “drinking alcohol kills COVID-19”, they will try it
out and find it ineffective, then they are unlikely to propagate this inaccurate information
further. Consequently, the spread of inaccurate information is initially high but begins to
diminish as the number of recovered individuals increases. The recovery period is set as
7 days, after which the density of inaccurate information spread begins to decline (area e).
The reason that there are always a small number of inaccurate information propagators
is that there are still some uninfected individuals until the end of the virus spreading in
this simulation (area f). Most people have individual material holdings fluctuations at
the beginning of the virus spreading. This fluctuation is going down as the density of
those recovered increases and the density of inaccurate information spreaders decreases
(area g). Although there are no infected individuals in the second half of the simulation, few
individuals still exchange their resources disturbed by the inaccurate information, which
leads to fluctuations in individual material holdings (area h). The detailed differences in
the fluctuation of individual material holdings at different stages are shown in Figure 4.
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Figure 4. Fluctuation of resources held by each individual in time step from 10 to 40. The fluctuation
situation of individual material holdings varies at different stages: (1) when T = [10,20], the number
of individuals having material fluctuations is large, but all fluctuations are low; (2) when T = [20,30],
the number of individuals having material fluctuations is large, and most fluctuations are low but a
few are high; (3) when T = [30,40], the number of individuals having material fluctuations is very
small, but a few individuals have high fluctuations.

We further explored the implications of network topology by analyzing results under
Watts–Strogatz (WS) and Erdős–Rényi (ER) network structures. Our findings indicate that
variations in network topology do not alter the fundamental conclusions of this study. For
detailed analysis, refer to Appendix B.

4.2. Hypotheses and Simulations

The above explanation reveals several noteworthy phenomena of the fluctuation. To
quantify the fluctuation, the Standard Deviation (or σ) is employed, which is a commonly
used and understood quantitative metric to measure the variation or fluctuation of the
price and energy resource [64,65]. In the context of centralized storage, fluctuation refers
to the standard deviation of the number of materials stored during each time step. For
individual holdings, fluctuation is computed as the mean standard deviation across all
individuals during each time step. According to the literature review in Section 2, some
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hypotheses are proposed concerning “media exposure”, “the consistency of public opinion”,
“self-protection level” and “restrictive protection level” as follows:

Hypothesis 1. The larger the media exposure, the higher the fluctuation in individual material
holdings and centralized material storage.

Hypothesis 2. The higher the consistency of public opinion, the lower the fluctuation in individual
material holdings and centralized material storage.

Hypothesis 3. The lower the self-protection level, the higher the fluctuation in individual material
holdings, and the centralized material storage does not fluctuate significantly.

Hypothesis 4. The lower the restrictive protection level, the higher the fluctuation in centralized
material storage, and the individual material holding does not fluctuate significantly.

Then, extensive simulations are performed to verify these hypotheses by varying
the factors introduced in Section 3.1. Generally, according to Figures 5 and 6, we find
that for the individual holdings, protective resources held by individuals affected by the
inaccurate information have higher fluctuations (please note that in the legend of Figure 5,
“affected people” refers to “individuals affected by the inaccurate information”). For the
centralized material storage, the fluctuations “during pandemic” are higher than that “after
pandemic”. Either for individual holdings or centralized resources, the fluctuations of
protective resources are higher than that of cure-focused resources. These findings appear
to be in line with our common knowledge. However, we still need further exploration
about which factors influence these fluctuations and to what extent. Thus, this study
uses the least squares method for linear regression analysis on the fluctuating curves to
fit trendlines. Subsequently, the significance of the trendline slope is assessed using the
P-value to determine the overall trend in demand fluctuations. The numerical results are
shown in Table 3. The detailed outcomes of Figures 5 and 6 and Table 3 are plotted in
Appendix C.
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Table 3. Numerical results of the parameters’ influence on the resource amount fluctuations.

Information
Diffusion Rate

Information
Forgetting Rate

Inaccurate Information
Diffusion Rate

Inaccurate Information
Forgetting Rate

Resource Type TL p-Value TL p-Value TL p-Value TL p-Value

Individual
holdings

fluctuations

Protective
(all people) −0.0113 ** 0.0058 −0.0058 0.1338 0.0203 *** 0.0000 −0.014 *** 0.0008

Cure-focus
(all people) −0.0043 * 0.0192 0.0011 0.5056 0.0063 ** 0.0069 0.0005 0.7893

Protective
(affected people) −0.584 *** 0.0000 −0.0233 0.786 −0.0443 0.6569 −0.7174 *** 0.0000

Cure-focus
(affected people) −0.203 *** 0.0000 −0.0184 0.147 −0.0856 ** 0.0095 −0.0688 *** 0.0000

Centralized
storage

fluctuations

Protective
(all stage) 82.0707 *** 0.0002 −27.0554 0.1742 219.8313 *** 0.0000 −101.8142 *** 0.0008

Cure-focus
(all stage) 6.3044 0.4521 −17.0604 * 0.0392 51.7569 *** 0.0000 1.5159 0.7893

Protective
(during the epidemic) 97.1633 *** 0.0004 −27.9038 0.3158 297.4283 *** 0.0000 −101.0463 *** 0.0001

Cure-focus
(during the epidemic) 16.02 * 0.0354 −9.0894 0.2126 92.7855 *** 0.0000 −7.0144 0.3815

Short Move
Probability

Long Travel
Probability

Short Move
Distance

Long Travel
Distance

Resource Type TL p-Value TL p-Value TL p-Value TL p-Value

Individual
holdings

fluctuations

Protective
(all people) 0.0032 0.4705 0.0924 0.0645 −0.0318* 0.0329 −0.0001 0.9831

Cure-focus
(all people) 0.0112 *** 0.0000 −0.0181 0.2896 −0.0064 0.3796 0.0006 0.8489

Protective
(affected people) 0.0965 0.1869 2.0135 * 0.0311 0.0772 0.7835 0.0278 0.8344

Cure-focus
(affected people) 0.0041 0.6844 0.0836 0.3743 −0.0114 0.6752 0.0013 0.9228

Centralized
storage

fluctuations

Protective
(all stage) 32.6361 0.1182 −166.3182 0.5824 93.0911 0.1522 6.4858 0.8186

Cure-focus
(all stage) 18.6066 0.0506 187.9401 0.1199 147.9141 *** 0.0000 −10.9779 0.4638

Protective
(during the epidemic) 46.4884 0.0593 −334.4764 0.4241 266.6032 *** 0.0003 −4.4905 0.8829

Cure-focus
(during the epidemic) 14.0995 0.1459 245.3338 0.0641 162.2711 *** 0.0000 3.452 0.7927

* p < 0.05, ** p < 0.01, *** p < 0.001.

Table 3 shows the impact of various parameters on resource fluctuations, presenting
positive or negative influences with statistically significant p-values. Regarding information
parameters, information diffusion rate has negative effects on fluctuations of both protective
and cure-focused resources held by individuals. Conversely, it has positive effects on
the fluctuation of centralized storage for both types of resources during the epidemic.
Inaccurate information diffusion rate has significant positive effects on the fluctuations of
protective resources held by individuals and protective centralized material storage, which
has an opposite effect to the inaccurate information forgetting rate. In terms of traveling
parameters, short move probability has a positive effect on the fluctuations of cure-focused
resources held by individuals. Long travel probability has a slightly positive effect on the
fluctuations of resources held by individuals who are affected by inaccurate information.
Short move distance has a negative effect on the fluctuations of protective resources held
by individuals but has significant positive influences on the centralized cure-focus (all the
simulation stage) and protective (only during the epidemic) storage.

Finally, we found that the hypothesis we proposed was not entirely valid. The amend-
ment of the hypothesis proposed is presented in Table 4.
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Table 4. Verification and amendment of the hypothesis proposed.

Hypothesis Validity Summary

Hypothesis 1 Partially verified

Findings 1 The larger the media exposure for normal information of the
epidemic, the lower the fluctuation in individual material holdings (for both
protective and cure-focused resources), but higher fluctuations in centralized
material storage (for only protective resources).

Hypothesis 2 Partially verified

Findings 2 The higher the consistency of public opinion for inaccurate
information about the epidemic, the lower the fluctuation in individual
material holdings (for both protective and cure-focused resources), and in
centralized material storage (for only protective resources).

Hypothesis 3 Verified
Findings 3 The lower the self-protection level, the higher the fluctuation in
individual material holdings (for only cure-focused resources), and the
centralized material storage does not fluctuate significantly.

Hypothesis 4 Verified
Findings 4 The lower the restrictive protection level, the higher the fluctuation
in centralized material storage (for both protective and cure-focused
resources), and the individual material holding does not fluctuate significantly.

4.3. Scenarios Analysis

The previous section investigates the concurrence and divergence between the actual
outcomes and the envisioned results by proposing and testing the hypotheses. Most im-
portantly, the impact of different factors on the demand fluctuation for different types of
resource are explored. In this section, we implement the model into four city scenarios to
see whether the demand fluctuations for different types of resource vary across cities or not.
We choose four cities from two countries as references to design these four city scenarios,
which are Shanghai (China), Wuhan (China), Berlin (Germany) and Bremen (Germany).
Cities are named as “SH”, “WH”, “BE” and “BR”. Combined with our previous results, we
distinguish these four city scenarios using six characteristics, including population density,
media exposure level, consistency of public opinion, self-protection level, restrictive protec-
tion level and production capacity. The simulation parameters of these four city scenarios
are generated based on some statistical data of the corresponding cities. The statistical data
we considered include population size, area, population density, internet user size, number
of supermarkets, total track length of metro, the duration of COVID-19 travel restrictions,
crime rate, opinion on fake news and number of medical devices companies. Following
that, the characteristics of the four city scenarios are encapsulated in Table 5. For detailed
parameter settings and the data source, please refer to Appendix A Tables A2 and A3. The
results presented are averaged from 1000 realizations of a Monte Carlo simulation.

Table 5. Characteristics for the four city scenarios.

The Name of
City Scenarios

Population
Density

Media Exposure
Level

Consistency of
Public Opinion

Self-Protection
Level

Restrictive
Protection Level Production Capacity

SH Very High High High High High Concentrated to be utilized with
higher capacity conversion efficiency

WH High High High High High Concentrated to be utilized with
higher capacity conversion efficiency

BE High Low Low Low Low Decentralized to be utilized with
higher capacity conversion efficiency

BR Low Low Low Low Low Decentralized to be utilized with
lower capacity conversion efficiency

The quantity fluctuations of resources in the four city scenarios are illustrated in
Figure 7. For individual holdings (left), Scenario WH exhibits the highest fluctuations,
followed by Scenario SH. Scenario BE and Scenario BR show similar and relatively lower
fluctuations. Notably, the use of protective resources with low dependence (0.1, 0.1) results
in the most significant variation across different city scenarios. Therefore, cities with high
population density, advanced media development, strong public opinion control, strict
epidemic prevention measures, and efficient material supply should be vigilant about
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potential fluctuations in individual holdings, particularly concerning panic buying and
hoarding during epidemics.
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For centralized storage (right), Scenario SH experiences the greatest fluctuations,
followed by Scenario WH, Scenario BE and Scenario BR. Moreover, the protective and high-
dependence resource (0.1, 0.9) significantly impacts the degree of fluctuation in centralized
material storage. Hence, cities with high population density, advanced media development,
strong control of public opinion, strict epidemic prevention measures and efficient material
supply also need to closely monitor changes in the quantity of centralized material storage,
especially for the protective and high dependence resource (0.1, 0.9).

Our configuration of parameters may not perfectly align with the real development
status of each city. However, the results of city scenario simulations indicate that cities
with different developmental characteristics indeed exhibit significantly varied demand
dynamics in medical resources during epidemics. When an outbreak occurs, different cities
will experience diverse changes in demand. Therefore, material supply policies need to
be customized and strategically adapted to meet the unique needs of different nations
and cities.

4.4. Discussion

By studying the coevolution effects of information diffusion and virus spreading on
demand fluctuation, this paper expands our understanding of the complex dynamics of
demand fluctuations during public health emergencies, which not only adds value to the
literature, but also provides new insights for solving those material security problems in
emergency supply chain management. For instance, monitoring individual holdings can
serve as an indicator of hoarding behavior, while examining fluctuations in centralized
storage can inform early warning systems for safety stock levels. Furthermore, our analysis
of city scenarios reveals that different city settings exhibit varied demand fluctuations,
reflected by their unique characteristics. As the COVID-19 daily updated data released by
“Our World In Data” show, different countries have different trends (the timings reach peaks
and troughs) on cases, hospitalizations, vaccinations, mortality risk, etc. [66]. Moreover,
our findings emphasize that careful monitoring of changes in the quantity of centralized
material storage, particularly for protective resources, is crucial. This necessity is indi-
rectly corroborated by Fastenal’s experience during the early months of COVID-19. They
encountered a surge in demand of masks and janitorial suppliers in the early month of
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COVID-19, but then in the third quarter of 2020, they met the oversupply of masks, and
prices declined, which led to inventory imbalances, and this imbalance might take one
year to correct itself [67]. To address this situation, the State Administration for Market
Regulation, the National Medical Products Administration and the National Intellectual
Property Administration of China jointly issued “Ten Measures to Support the Resumption
of Work and Production in Enterprises”, encouraging the textile and apparel industry to
shift towards the production of masks and protective suits. This adaptation allowed a
smoother transition back to their normal production lines when the demand for masks
decreased [68]. Finally, this study could provide suggestions for fluctuation assessment, de-
mand prediction and safety stock warning in emergency supply chain management, while
also reminding providers of emergency supplies during epidemics that general forecasts
may not be applicable to emergency scenarios when developing production plans.

5. Conclusions

The rapid development of information technology and the complex social environment
has made the demand responses in public health emergencies even more challenging. This
paper investigated the interactive effects of information diffusion and virus spreading
on medical resource demand during epidemics by developing a three-layer coevolution
“information–epidemic–resource” model. Some city characteristics affecting information
and virus spreading behavior were identified and defined from the literature, including
media exposure, consistency of opinion, self-protection, and restrictive protection. Moreover,
the concept of demand fluctuations in epidemics was clarified and some factors that could
influence these fluctuations were proposed, including Information Diffusion Rate, Information
Forgetting Rate, Inaccurate Information Diffusion Rate, Inaccurate Information Forgetting
Rate, Short Move Probability, Long Travel Probability, Short Move Distance and Long Travel
Distance. The reserves form of medical resource in this paper include both Individual Holdings
and Centralized Material Storage, and resources are categorized into protective and cure-
focused based on their respective efficacy. Finally, this study designed four city scenarios with
different characteristics based on some statistical data of four cities in China and Germany,
and analyzed and compared the demand fluctuation between these cities.

This study conducts extensive numerical simulations and concludes that the demand
fluctuation of individual holdings and centralized storage can be influenced by different
city characteristics. For the demand fluctuation of individual material holdings, the media
exposure, consistency of public opinion and self-protection level in a region have positive
or negative effects, which are evidenced by metrics such as information diffusion rate, inac-
curate information diffusion rate, inaccurate information forgetting rate and short move
probability. For the centralized storage, the demand fluctuation of that can be influenced
by a region’s media exposure, consistency of public opinion and restrictive protection
level, which can be demonstrated by the information diffusion rate, inaccurate information
diffusion rate, inaccurate information forgetting rate and short move distance. In other
words, media exposure in inaccurate information inflates fluctuations, while higher public
opinion consistency can reduce it for both individual holdings and centralized resource
storage. Reinforcing self-protection can reduce the demand fluctuations of individuals,
which is similar to Yuen et al. (2020) who concluded that “Panic buying can be viewed
as a self-protection mechanism to satisfy the safety needs of individuals”, and effective
restrictive protections can reduce the fluctuations of centralized resource storage, then
relieve pressure on material security for government decision-making centers [28]. Fur-
thermore, protective resources are more susceptible to the changing environment than
cure-focused resources.

This study contributes significantly to the field of emergency supply chain manage-
ment and public health safety, offering valuable insights for researchers, policymakers and
industry practitioners. Future work includes studying the demand fluctuation in a dou-
ble three-layer network, which means we would explore the resource allocation between
two cities with different city characteristics to minimize the overall demand fluctuations.



Systems 2024, 12, 95 17 of 23

Considering the heterogeneity of the public to distinguish their susceptibility to viruses or
inaccurate information is also one of the future research directions.
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Figure A2. Status evolution of individuals. The density of nodes in different states varies over time.
The density of blue nodes, representing susceptible individuals, gradually diminishes over time. The
density of red nodes representing infected individuals initially rises and then declines. Finally, there are
almost all green nodes (recovered) and very few blue uninfected nodes remain in the system. Gray lines
between two nodes indicate that they are connected in the epidemic layer and the resource layer.
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Algorithm A1. The movement of nodes in the epidemic layer at each time step

Input: the position matrix P, the state matrixes Sa, the parameters r1, r2, p1, p2, t
Output: the new position matrix P_new
T = t;
n = length (P);
% Randomly select nodes to move
move1 = rand(n,1) < p1;%0–1
move2 = rand(n,1) < p2 & ~move1;
% Move nodes that are selected to move
move1_inds = find(move1);
move2_inds = find(move2);
for i = 1:length(move1_inds)
idx = move1_inds(i);
P_new = P(idx,:) + rand(1,2) * r1—r1/2;
if all(P_new >= 0) && all(P_new < = 1)
P(idx,:) = P_new;
end
end
for i = 1:length(move2_inds)
idx = move2_inds(i);
if Sa(idx) = 1
P_new = P(idx,:) + rand(1,2) * r1 − r1/2;
else
P_new = P(idx,:) + rand(1,2) * r2 − r2/2;
end
if all(P_new >= 0) && all(P_new < = 1)
P(idx,:) = P_new;
end
end

Table A1. Parameters setting of the three-layer simulation.

Nodes = 1000, T = 100

Information Layer Epidemic Layer Resource Layer

βA = 0.6 βB =0.1 ε1 = 0.2
µA = 0.4 r = 0.07 δ = 0.9
ω = 0.75 τ = 7 π = 0.01

γA = 0.09 r1 = 0.1 rc = 1
r2 = 0.5
p2 = 0.1

Table A2. Parameters setting of the city scenarios simulation.

Parameters Scenario 1 Scenario 2 Scenario 3 Scenario 4

nodes 2488 1245 365 57
T 200 200 200 200

βA 0.60 0.60 0.40 0.40
µA 0.4 0.4 0.4 0.4
ω 0.9 0.9 0.7 0.7

γA 0.06 0.06 0.03 0.03
βB 0.2 0.2 0.8 0.8
r 0.03 0.08 0.03 0.07
τ 7 7 7 7
r1 0.1 0.18 0.1 0.18
p1 0.6 0.6 0.9 0.9
r2 0.8 0.8 0.5 0.5
p2 0.05 0.05 0.2 0.2
eps 0.1/0.9 0.1/0.9 0.1/0.9 0.1/0.9
δ 0.1/0.9 0.1/0.9 0.1/0.9 0.1/0.9
π 0.01 0.01 0.01 0.005

rc(1) 1 1 1 1
Rc(1) 124,410 62,240 7290 569.352
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Table A3. Statistical data city scenarios simulation.

Scales Shanghai Wuhan Berlin Bremen Data Source

Population size 29,210,808 8,718,250 3,573,938 567,802 World Population Review

Area city (square km) 6341 8494 891 318 Wikipedia

Population density 4200 1026 4126 1700 Wikipedia

Internet user size (million) 1050 (in China) 77.53 (in Germany) DataReportal

Number of supermarkets 2714 179 973 78 Smartscrapers; CEIC;
Google Map

Track length of metro (km) 826 463 155.64 no metro Wikipedia

Lifting of COVID-19 travel
restrictions 29.04.2023 (for entry into China) 11.06.2022 (for entry into Germany) TRAVEL BANS

Crime rate and statistics 0.5 (in China) 0.94 (in Germany) macrotrends

Opinion on fake news 0.604 (in China) 1 47% (in Germany) 2 [69]; statista

Number of medical
devices companies 32,632 (in China) 10,679 (in Germany) statista; BoldData

1 [69]: the factor loading of “do not have enough time to check the accuracy of news” is 0.604. 2 statista: 47% of
respondents (in Germany) were confident they could tell real news from fake.

Appendix B

Besides the Barabási–Albert (BA) network applied in this study, we introduced the
Watts–Strogatz (WS) and Erdős–Rényi (ER) networks to assess whether network structure
influences demand fluctuations. According to Figure A3 and Table A4, our results suggest
that topology does not significantly influence our study’s conclusions regarding resource
fluctuation during pandemics.
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Figure A3. The impact of topology on research outcome. This is a comparison between Barabási–
Albert (BA), Watts–Strogatz (WS) and Erdős–Rényi (ER) network models. Different network structures
show different inaccurate information spreading dynamics, notably in peak differences (see (a)), but
do not show significant impact on virus transmission dynamics (see (b)). While network structure
affects the quantity of central storage, it does not alter the trend/fluctuation (see (c)).

Table A4. Statistical data city scenarios simulation.

Topology Average Variance of Individual Holdings

Barabási–Albert (BA)-random-random 0.240892879185805
Watts–Strogatz (WS)-random-random 0.252602085078648

Erdős–Rényi (ER)-random-random 0.286417945011199
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Appendix C

For Figures A4–A7, higher positions of the curves represent higher standard deviation,
which means higher fluctuations in the corresponding materials. This study uses the least
squares method for linear regression analysis on the fluctuating curves to fit trendlines.
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