Nonlinear Dyn (2024) 112:15653-15669
https://doi.org/10.1007/s11071-024-09832-0

®

Check for
updates

RESEARCH

Impact of time-dependent infection rate and self-isolation
awareness on networked epidemic propagation

Xianglai Yuan - Yichao Yao - Xiangxi Li -
Minyu Feng

Received: 14 March 2024 / Accepted: 1 June 2024 / Published online: 27 June 2024
© The Author(s), under exclusive licence to Springer Nature B.V. 2024

Abstract In the past decades, numerous models have
been proposed in epidemic modeling. However, few
of them describe the dynamic variation process of the
infection rates, and the impact of infected individuals’
safety awareness on epidemic spreading has also been
rarely studied. We propose a novel epidemic spreading
model with time-dependent infection rates (TDIR) and
self-isolation awareness (SIA). The TDIR describes
the variation in infection rates over time, and the STA
denotes the infected individuals’ safety awareness. The
results show that both TDIR and SIA can suppress the
spread of the epidemic, and SIA has a greater impact on
the peak infection and the time to peak infection com-
pared with TDIR, while TDIR plays a critical role in
eradicating the epidemic. Additionally, a higher inten-
sity of SIA causes a lower peak distribution and station-
ary infection density. As the intensity of SIA increases,
its inhibitory effect on the peak infection exhibits a
marginal effect. Furthermore, when considering differ-
ent epidemic models with TDIR and SIA, simulation
results indicate that the infection density distribution is
similar, but the corresponding infection density values
vary significantly.
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1 Introduction

As is well known, epidemics have been present since
the dawn of human existence, and the theoretical
study for epidemic spreading began in 1760 when
Swiss mathematician Daniel Bernoulli proposed the
Bernoulli equation to study the effectiveness of small-
pox vaccination [1]. With the continuous development
of epidemiological theory, Kermack et al. proposed
threshold theory, which laid a solid theoretical founda-
tion for epidemiological research [2]. In the late twen-
tieth century, Watts-Strogatz smallworld and Barabasi-
Albert scale-free networks successively proposed by
Duncan J. Watts et al. and Albert-Ldszl6 Barabasi et
al. provided a theoretical network structure for epi-
demiological research [3,4]. Feng et al. refined existing
network models and investigated the dynamics of pop-
ulation births and deaths based on a queueing system
[5,6]. Hereafter, research based on complex network
modeling has become a hot topic in the study of epi-
demic spreading [7,8], and the hotspots of epidemic
dynamics at the current stage of work are primarily
the structure of interactions among individuals, contact
patterns, and migration patterns of populations [9, 10].

Gosak et al. suggested that community lockdowns
and travel restrictions can hardly mitigate epidemic
spreading, while the bottom-up endogenous self-isolat-
ion and social distancing are effective in mitigating
epidemic spreading [11]. Tracht et al. investigated the
effectiveness of masks on epidemic spreading [12,13],
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while Li et al. proposed that every individual possesses
a sense of self-protection to denote an individual’s self-
protective behaviors in epidemic spreading [14—16].
Mask protection proposed by Tracht et al. and Lietal.’s
proposed self-protective awareness of individuals are
both protective mechanisms that reduce direct contact
with infected outsiders, and they do serve to inhibit the
spread of epidemics. However, these protective mech-
anisms act on the whole network, and although they
reduce the probability of contact between individuals
as a whole, they do not consider the heterogeneity of
the probability of contact among individuals in differ-
ent states. The driving force of epidemics lies in the
behavior of infected individuals, and few studies have
examined the effects of the dynamics of infected indi-
viduals on epidemic spread from the perspective of self-
isolation awareness among those infected. As we know,
it is the nature that people usually tend to pay attention
to their local surroundings, and the research by Keith
Paarpornd et al. showed that local epidemic conditions
are most effective in slowing down the spread of the
epidemic, while global epidemic conditions have lit-
tle effect [17], which means it is of great significance
to keep an eye on local conditions for our safety. And
for a person who is infected, more infected individuals
there are around him or her means less likely he or she
is to come into contact with other people, as this may
worsen his or her condition or lead to an accelerated
spread of the epidemic. Furthermore, government and
social media play an important role in disseminating
epidemic-related information, enhancing the public’s
safety awareness, especially among infected individu-
als, and thereby impeding the spread of the epidemic.
For example, itis well known that an epidemic outbreak
has an enormous impact on the health of the popula-
tion and the normal functioning of society [18], dur-
ing the COVID-19 pandemic, European countries pub-
licized real-time information about the epidemic and
continuously appealed to recipients, especially infected
individuals, to reduce their outdoor activities. As a
result, we introduce Self-Isolation Awareness (SIA) to
describe the safety awareness of the infected individu-
als when in contact with others.

Infection rates have been the focus of epidemiologic
studies. Li et al. in their study of the impact of epi-
demics on regional populations, considered the rate
of infection as a constant [19]. Xu et al. suggested
that the probability of an individual being infected is
related to whether or not he or she is aware of epidemic
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information [20,21], while Chen et al. suggested that
the infection rate is related to the age of the individ-
ual [22]. Huang et al. proposed an epidemic-spreading
model with the possibility of repeated infection, and the
infection rate decreases exponentially with the time of
infections [23]. However, the studies above about infec-
tion rate nearly all consider the infection rate from the
perspective of the individual, few studies consider the
impact of the overall dynamics of the infection rate
from an epidemiological perspective. As we know, peo-
ple continually receive vaccines to maintain or enhance
their resistance during an epidemic, leading to a reduc-
tion in the infection rate [24—26]. For instance, in China,
the majority of the population completed the full course
of vaccinations during COVID-19, resulting in a dimin-
ishing probability of infection and, consequently, a
decrease in the overall number of infections in the coun-
try [27]. Additionally, the spread of epidemics is often
influenced by various uncertain factors such as climate
and environment, which may contribute to fluctuations
in the infection rate, and diseases like dengue fever, bac-
terial dysentery, and malaria exemplify these influences
well [28,29]. Therefore, we propose a Time-dependent
Infection Rate (TDIR) to describe the dynamic changes
in the infection rate influenced by factors such as vac-
cination, climate, and environmental change.

Based on the above insights, we incorporate TDIR
and SIA into the epidemic spreading process and thus
obtain a novel model of epidemic spreading. The paper
is structured as follows. In Sect. 2, we introduce a new
model that incorporates TDIR and SIA, focusing on the
influence of realistic factors on the spread of the epi-
demic. Sect. 3 is dedicated to simulating the infection
density of the population under time evolution. We ana-
lyze the effects of relevant parameters on the infection
density and discuss the significance and implications of
these effects on the prevention and control of real epi-
demics. Sect.4 provides a summary of our work and
offers suggestions for potentially effective epidemic
prevention and control, and additionally, we outline
directions for future research to address the limitations
of the current model.

2 Model description
To better account for the substantial influence of real-

world factors on epidemic spreading, we enhance the
existing model by introducing TDIR and SIA. TDIR is
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primarily incorporated to account for the dynamic char-
acteristics inherent in the infection rate. On the other
hand, SIA is introduced based on the understanding
that infections are typically caused by infected individ-
uals, considering the safety awareness of individuals in
the context of epidemic spreading. Moreover, we will
describe how TDIR and SIA are introduced to network
models and introduce the process of epidemic spread-
ing among individuals based on Markov chains. Fol-
lowing this, we will offer a comprehensive explanation
of the aforementioned components.

2.1 Time-dependent infection rate

In the literature of the epidemic spreading, it is well-
established that infection rates decrease as individuals
receive vaccinations and complete the full course [24].
Simultaneously, the infection rate undergoes fluctua-
tions during this decline, influenced by factors like cli-
mate and environment [30,31]. Consequently, we pro-
pose TDIR to describe the dynamics of infection rates.
To mathematically describe TDIR, we introduce geo-
metric Brownian motion, which is denoted as:

dp(t) = pp(r)dt +op)dW (1), ey

where pudt represents the change of 8(¢) due to the pop-
ulation’s timely full vaccination during the epidemic
spreading, and od W (¢) represents the fluctuation of
B(t) due to factors such as climate and environment.
Specifically, the Wiener process W (¢) is a stochastic
process with independent increments, independent of
past states, and therefore it is suitable for representing
fluctuations in the infection rate caused by uncertainties
such as environment and climate. i and o are regulable
parameters.

Based on the above description, we can simulate the
gradual decline of the infection rate during the whole
vaccination process by controlling the parameter p. For
the fluctuation of the infection rate during epidemic
spreading due to the influence of climate and environ-
ment, we can describe it by the Wiener process W ()
independent of the parameter u, and at the same time,
we can adjust the parameter o to portray the degree of
fluctuation of the infection rate. By solving this stochas-
tic differential equation using Ito’s integral [32], we
obtain

1
B (1) = B(0)exp[(— 502)(1 —10)+o (W (1)—W(1))],
2

which characterizes the variation of the infection rate

over time, where 8(0) denotes the initial infection rate
and 1 is the initial time. Furthermore, we observe that
B(t) is a log-normal distributed random variable, then
we have its expected value

E[B(1)] = B(0)exp(ut), 3

which reflects the average growth rate of S(¢) in an
expected sense. We find that E[S(¢)] is independent of
o and can only be affected by u and ¢. As we increase
the vaccination rate and enhance resistance, then the
E[B(?)] tends to be zero after a period, which means
there is a great opportunity to contain or even eradicate
the epidemic in the end. According to the above equa-
tions, we depict the infection rate 8(¢) varies as time
progresses by introducing geometric Brownian motion
and find that its expectation is independent of o.

2.2 Self-isolation awareness

The contact probability between susceptible and infect-
ed individuals is not always equal. Crucial factors influ-
encing the contact probability include the surrounding
environment and the sensitivity to epidemics. Specif-
ically, a higher number of infected individuals in the
vicinity and a greater sensitivity of infected individuals
to epidemic information indicate a higher intensity of
safety awareness. Consequently, there is a lower prob-
ability for an individual to have contact with others. To
creatively represent the safety awareness of infected
individuals, we introduce the concept of SIA, defined
as:

in

Ui
kj ),

(=6

Ajy=1-e )

where § is the sensitivity of epidemics, with higher
values indicating greater sensitivity. in f; represents the
number of infected neighbors of the individual j, while
k ; represents the total number of neighbors of the indi-
vidual j. Due to “a higher intensity of Self-Isolation
Awareness (SIA) he or she has means a lower proba-
bility for him or her to have contact with others”, then
we have

inf;
51
Gy =1-Aa;0=¢ 5",

(&)
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Fig. 1 The illustration of contact probability C; ;(¢) between
individuals. For the given network at time t, susceptible individ-
uals are represented by blue nodes, while infected and recovered
individuals are represented by red and yellow nodes, respectively.
The numbers on the nodes correspond to their identifiers, and the
edges between nodes represent the connections within the net-
work

where C;_; (1) represents the contact probability between
the individual i to the individual j at time 7, and is illus-
trated in detail in Fig. 1.

In Fig. 1, each individual is regarded as a node in
the network, edges indicate contacts between nodes,
and assume that the initial sensitivity of epidemic §
of an individual is 1. For infected node 1, it has 6
neighbors in total, and one of its neighbor (node 4)
is infected, which means k; = 6 and inf; = 1. Then
the STA of node 1is A1(t) =1 — e(_é). For node 1’s
susceptible neighbor, such as node 7, the contact prob-
ability of node 7 to node 1 is C7,1(t) = e(_é). The
contact probability of infected or recovered nodes with
node 1 is also e(_%), such as infected node 4 or recov-
ered node 5. Since infections are primarily caused by
infected individuals, through the introduction of Fig. 1,
we can more intuitively understand the mechanism of
SIA among infected individuals and its impact on the
spread of epidemics. Next, we will use the homoge-
neous Markov chain to provide a detailed explanation
of the significance of SIA in the transmission of epi-
demics.

2.3 Algorithmic analysis and epidemic modeling
In Sects. 2.1 and 2.2, we introduce TDIR, which

varies only with time and is not influenced by pop-
ulation structure. Additionally, by introducing self-
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isolation awareness (SIA) among infected individuals,
we obtained the contact probability C;; between nodes
i and j. Next, we will specifically describe the spread
of epidemics within the population.

During the period of epidemic spreading, individu-
als may experience various states, such as susceptible
(S), infected (), and recovered (R) states. Different
epidemics correspond to different transmission mod-
els, such as SIRS, SIS, and SIR models. In the process
of epidemic spreading, taking SIRS model as an exam-
ple, anindividual may transition through the states from
Stol,]toR,and R backto S, and the state transitions
of all individuals represent the dynamics of infection
density within the population. Furthermore, since real-
world social networks often exhibit small-world prop-
erties, we utilize WS network to represent the popula-
tion structure model. In the following, we will provide
a detailed description of the epidemic spreading pro-
cess within WS networks based on the homogeneous
Markov chain.

In SIRS model, we assume that the state X (¢) of
an individual at moment ¢ is a homogeneous Markov
chain {X(¢),t = 0, 1,2, ---} with a state space E =
{S, I, R}, where the letters S, I, and R represent sus-
ceptible, infected, and recovered states, respectively.
Then, the transition probability from the susceptible
state to the infected state is Pg_ s, the transition proba-
bility from the infected state to the recovered state is
Py r, and the transition probability from the recovered
state to the susceptible state is Pg s. The key to the
increase of infection scale lies in the transition proba-
bility Pg ;, which is associated with the infection rate
B(t) of epidemics and the probability of the susceptible
individuals coming into contact with the infected, and
it can be expressed as

Psp=1—0—=pB0)Ci1 (1) — B(1))Cia(t)
X o+ (1= B)Cip

n (6)

=1-0-p0)y[]cu.

=1

where S(¢) represents the Time-dependent Infection
Rate (TDIR), and C;;(¢) represents the probability
of susceptible node i coming into contact with its
infected neighbor [ at time ¢. To facilitate algorithm
expression, we use consecutive numbers 1,2,...,n
to represent the various infected neighbors of node
i, where n = inf;. (1 — B(t))C; 1(¢) represents the
probability of node i coming into contact with its
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Fig. 2 State transitions of individuals in an epidemic spread-
ing model. Arrows denote transitions from one state to another,
where the transition probabilities are given, and circular arrows
denote the probability that the individual stays in the current
state and does not make a transition. a, b, and ¢ represent the
state transitions of individuals in the SIRS, SIS, and SIR models,
respectively. In a, the probability of an individual transferring
from state S to state I is Pgs 7, and the probability that the indi-

infected neighbor 1 without being infected. Similarly,
(1 — B(t))C; 2(t) represents the probability of node i
coming into contact with its infected neighbor 2 with-
out being infected, and so on. Then, the term (1 —
B)Cin (A = ) Cin(1) x --- (1 = (1)) Cin(t)
represents the probability of node i coming into contact
with all of its infected neighbors without being infected.
Therefore, 1 — (1 — B())Ci1(t)(1 — B())Ci2(t) X
-+ (1= B(1))C; ,(t) represents the probability of node
i getting infected.

Then, the state transition of SIRS model in an epi-
demic can be illustrated as Fig. 2a, from which we can
observe the transition process of nodes among S, I, and
R, and the state transitions of all individuals represent
the evolution of the infection scale within the popula-
tion.

In the SIS and SIR models, the Markov process of
individual state transition is similar to that of the SIRS
model, with the difference that in the SIS model, indi-
viduals do not have the R state whereas in the SIR model
individuals do not undergo a transition when they reach
the R state. Meanwhile, the key transition probability
in the SIS and SIR models is still the probability from
state S to state I, which can be expressed by Eq. 6, and
the collective state transitions of all nodes contribute
to the overall change in infection density. The detailed
state transition of SIS and SIR models are illustrated in
Fig. 2b and c.

We introduce TDIR to model the dynamic process
of epidemic infection rates in this part. Additionally,
we introduce SIA to represent individuals’ tendencies
to avoid harm. By incorporating TDIR and SIA into the

Ps,s Pry Ps,s Prr
U S - \IJ -
Prs

(b)

R

(©)

vidual stays at the current state S without transitioning is Pg s.
The probability that an individual transfers from state I to state
R is Py g, and the probability that the individual maintains the
current state I without transitioning is Pj ;. The probability of
an individual transferring from state R to state S is Pg s, and the
probability of maintaining the current state R without transition-
ingis Pg r.Inb and c, the individual state transitions are similar
to those in (a)

dynamics of epidemic spreading within the population,
we refine the existing epidemic spreading process. Sub-
sequently, we will investigate the impact of TDIR and
SIA on epidemic spreading, as well as their significance
and implications for real epidemic control.

3 Simulation

In Sect. 2, after providing detailed explanations of the
practical significance of TDIR and SIA, as well as the
corresponding theoretical models, we introduced the
spreading processes of different types of epidemics in
populations based on homogeneous Markov chains and
conducted theoretical analysis. Next, we will utilize the
theory outlined in Sect. 2 to simulate the impacts of SIA
and TDIR on epidemic propagation and offer practical
insights derived from the findings.

In Sect. 3.1, we will elaborate on the methods and
algorithms used in the simulations, primarily including
the programming environment, the construction of the
population network, and the epidemic spreading mod-
els. In Sect. 3.2, we investigate the effects of TDIR
and STA on infection density in SIRS, SIS, and SIR
models. We aim to explore the primary roles of TDIR
and SIA in suppressing epidemic spreading and ana-
lyze their implications for real-life epidemic preven-
tion and control by observing and analyzing the simu-
lation results. Subsequently, in Sect. 3.3, we explore the
effects of different strengths of SIA on infection density
in SIRS, SIS, and SIR models. We seek to understand
the role of public opinion campaigns on epidemics con-

@ Springer



15658

X. Yuan et al.

ducted by the government and the media in curbing the
spread of epidemics. This exploration will be carried
out by observing and analyzing the simulation results.
In Sect. 3.4, we explore the effect of different intensi-
ties of TDIR on the density of infection by adjusting the
parameters o and p in the SIRS, SIS, and SIR models.
This simulation aims to explore the effect of vaccina-
tion, environment, and climate change on the infec-
tion density. To better present the simulation results,
the x-axis is represented in logarithmic coordinates in
Sects. 3.2, 3.3, 3.4. Finally, in Sect. 3.5, we compare the
effects of SIA and TDIR on infection density through
heatmaps, which aim at investigating the impact of dif-
ferent types of epidemics on the population and soci-
eties.

3.1 Methods and algorithms

All simulations in this section are implemented based
on Python 3.10. We utilized the Watts_strogatz_graph
() function from the networkx package to generate WS
networks and employ the random.sample () function to
randomly select initial infected nodes.

Regarding the specific construction of WS network,
we set the number of nodes N = 1000, the number of
neighbors K =4 per node, and the rewiring probability
between nodes is set to P = (.5. The initial number of
infected nodes Ny = 10.

For the epidemic spreading models, we used SIRS,
SIS, and SIR models to represent epidemics with dif-
ferent transmission characteristics. In these models, S
denotes individuals in a susceptible state, / denotes
individuals in an infected state, and R denotes individ-
uals in a recovered state. The probability of an indi-
vidual transitioning from S to [/ is represented as Ps j,
and similar expressions are used for the probabilities
of transitioning between other states. Additionally, to
improve readability and facilitate the presentation of
results, we use ¢ instead of B(0) to represent the initial
infection rate of the epidemic.

3.2 Infection density in different epidemic model
Here, we set the initial infection rates ¢ to 0.1, 0.3,
0.5, 0.7, and 0.9 to simulate the spread of epidemics

with varying infection intensities within the population.
Additionally, we investigate the epidemic transmission
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scenarios separately in the SIRS, SIS, and SIR models
for different types of epidemics. Subsequently, we con-
duct theoretical analyses of the simulation results and
illustrate them with real-world cases, aiming to provide
valuable guidance and recommendations for practical
epidemic prevention and control.

3.2.1 Infection density in SIRS model

We explore the time evolution of infection density
under different initial infection rates ¢ in the SIRS
model in this part. We plot the density evolution curves
to investigate the impacts of TDIR and SIA on the epi-
demic spreading, which are displayed in Fig. 3. To
be specific, Fig. 3a—d represent the proportion of the
infected population under the “Without both TDIR and
SIA”, “With only TDIR”, “With only SIA”, and “With
both TDIR and SIA” models, respectively.

In Fig. 3a, under the condition without TDIR and
SIA, the result indicates that a higher initial infection
rate ¢ leads to a faster spread of infection, resulting in
a shorter time to reach the peak infection and a larger
peak infection density. As time evolves, the infection
density gradually decreases after reaching its peak, ulti-
mately stabilizing at a stationary value. We observe a
similar phenomenon in Fig. 3b, ¢ and d, with the differ-
ence that in Fig. 3b and d, the infection density reaches
a peak and then gradually decreases until it tends to
ZEero.

Comparing Fig. 3a with Fig. 3b, under the same
initial infection rate ¢, they exhibit nearly identical
peak infection values and times to reach the peak. This
implies that the role of TDIR in suppressing the peak
infection and extending the time to reach the peak infec-
tion is weak, especially when the initial infection rate
¢ exceeds 0.5. However, over time, we observe that the
infection density in Fig. 3b gradually decreases until
it is eradicated, while the infection density in Fig. 3a
remains stationary, indicating that TDIR has a global
impact on infection density. Contrasting Fig. 3a with
Fig. 3c, under the same initial infection rate ¢, Fig. 3¢
has a lower peak infection, a longer time to peak infec-
tion, and a lower stationary infection density, especially
when the initial infection rate ¢ is below 0.5. This sug-
gests that STA can effectively suppress the peak infec-
tion, extend the time to reach the peak infection, and
lower the stationary infection density. Finally, compar-
ing Fig. 3d with Fig. 3b and c, we find that Fig. 3d
has the lowest peak infection, the longest time to reach
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Fig. 3 The evolution of the infection density for different con-
ditions within 1000 steps in SIRS model. a corresponds to the
infection density under the condition without TDIR and SIA,
b corresponds to the infection density under the condition only
with TDIR, ¢ corresponds to the infection density under the con-
dition only with SIA, and d corresponds to the infection density

the peak infection, and the shortest time of infection
eradication, which suggests that the combined action
of TDIR and SIA produces a synergistic effect, effec-
tively suppressing the spread of the epidemic.

The simulations above demonstrate that in the SIRS
model, SIA can reduce the peak infection, extend the
time to reach the peak, and lower the stationary infec-
tion density, while TDIR primarily plays a global con-
trol role in eradicating the epidemic. This means that
for epidemics that are still potentially infectious after

0.8
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— 7=0.9

Infection Density
o o = o e
w B v o ~

o
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o
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(b) With only TDIR

o I I g e o
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I
N}

I o
o =

Time
(d) With both TDIR and SIA

under the condition with TDIR and SIA. Parameters are set as
o = 0.02, 0 = —0.01, Pr. g = 0.4, Pg s = 0.5, the initial
infection rate ¢ = 0.1, 0.3, 0.5, 0.7, and 0.9, which correspond to
blue, orange, green, red, and purple lines respectively. The results
are obtained through Monte-Carlo simulation in 1000 time steps,
with an average taken over 50 iterations

recovery, we need to vaccinate as early as possible, keep
abreast of outbreak information, and keep as much dis-
tance as possible from infected individuals.

3.2.2 Infection density in SIS model

We continue the simulation in SIS model and display
the results in Fig. 4. Through the observation of Fig. 4,
we found that its curve of infection density is very sim-
ilar to that of Fig. 3, the major obvious difference is

@ Springer
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Fig. 4 The evolution of the infection density for different con-
ditions within 1000 steps in SIS model. a corresponds to the
infection density under the condition without TDIR and SIA,
b corresponds to the infection density under the condition only
with TDIR, ¢ corresponds to the infection density under the con-
dition only with SIA, and d corresponds to the infection density

that the infection density is higher in SIS model. The
reason is that the SIS model is a special case of the
SIRS model, i.e., the infected individual [ in the SIS
model recovers with a probability of 1 and then reverts
to the susceptible state S instantly. However, in SIRS
model, the individual has a certain probability of being
in the recovered state without participating in the infec-
tion process, therefore, the proportion of individuals in
the infected state is greater in SIS model than in SIRS
model.
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(d) With both TDIR and SIA

under the condition with TDIR and SIA. Parameters are set as o
=0.02, u = —0.01, P; s = 0.4, the initial infection rate ¢ = 0.1,
0.3,0.5,0.7 and 0.9, which correspond to blue, orange, green, red
and purple lines respectively. The results are obtained through
Monte-Carlo simulation in 1000 time steps, with an average taken
over 50 iterations

In the SIS model, we got a similar conclusion as in
the SIRS model, i.e. “In the SIS model, SIA can reduce
the peak infection, extend the time to reach the peak,
and lower the stationary infection density, while TDIR
primarily plays a global control role in eradicating the
epidemic. This means that for epidemics that are still
potentially infectious after recovery, we need to vac-
cinate as early as possible, keep abreast of outbreak
information, and keep as much distance as possible
from infected individuals.”
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Fig. 5 The evolution of the infection density for different con-
ditions within 1000 steps in SIR model. a corresponds to the
infection density under the condition without TDIR and SIA,
b corresponds to the infection density under the condition only
with TDIR, ¢ corresponds to the infection density under the con-
dition only with SIA, and d corresponds to the infection density

3.2.3 Infection density in SIR model

Having investigated the effects of TDIR and STA on epi-
demic spreading within SIRS and SIS models, we now
proceed to explore the impact of these factors on epi-
demic spreading within the SIR through simulations,
and the results of simulations are shown in Fig. 5. In
Fig. 5a, the result shows that a higher initial infection
rate ¢ leads to a faster spread of the infection, resulting
in a shorter time to peak infection and a larger peak
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under the condition with TDIR and STA. Parameters are set as o
=0.02, u = —0.01, P7 g = 0.4, the initial infection rate ¢ = 0.1,
0.3,0.5,0.7 and 0.9, which correspond to blue, orange, green, red
and purple lines respectively. The results are obtained through
Monte-Carlo simulation in 100 time steps, with an average taken
over 50 iterations

infection density, and over time, the infection density
decreases after reaching the peak until the infection is
eradicated. Similar conclusions can be drawn in Fig. 5b,
¢, and d.

Comparing Fig. 5a with Fig. 5b, under the same
initial infection rate ¢, they exhibit very similar peak
infection values and times to reach the peak infection.
This implies that the effect of TDIR in suppressing the
peak infection and extending the time to reach the peak
infection is not significant. Over time, we observe that
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the infection density in both Fig. 5a and b gradually
decreases after reaching the peak, until the infection is
eradicated. Contrasting Fig. 5a with Fig. 5c, under the
same initial infection rate ¢, Fig. 5c has a lower peak
infection, a longer time to peak. This indicates that STA
can effectively suppress the peak infection, and extend
the time to reach the peak infection. Finally, comparing
Fig. 5d with Fig. 5b and c, we find that Fig. 5d has the
lowest peak infection, the longest time to reach the peak
infection, and the shortest time of infection eradication,
which indicates that the combined action of TDIR and
SIA produces a synergistic effect, effectively suppress-
ing the spread of the epidemic. The simulations in the
SIR model suggest that SIA can reduce the peak infec-
tion and extend the time to reach the peak infection,
while TDIR is nearly ineffective. Interestingly, we find
that in all subfigures of Fig. 5, the infection eventually
dies out, which may be due to the inherent mechanisms
of the SIR model exerting a stronger control effect than
TDIR.

The simulations in Sect. 3.2 show that SIA can effec-
tively lower the peak infection and extend the time to
reach the peak infection. For the SIRS and SIS mod-
els, SIA exhibits a strong inhibitory effect on station-
ary infection density, but it is unable to eradicate the
epidemic completely. On the other hand, TDIR shows
a less pronounced inhibitory effect on the stationary
infection density compared to SIA, nevertheless, it can
control the overall trend of the epidemic, and even erad-
icate it eventually. when an epidemic occurs, timely
preventive measures by individuals, such as wear-
ing masks and minimizing outings, can significantly
delay the outbreak and lower the peak infection rate.
Additionally, if a vaccine is successfully developed,
prompt vaccination not only boosts individual immu-
nity but also contributes to the potential eradication of
the epidemic. For certain SIR-type infectious diseases
like chickenpox, although individuals gain permanent
immunity after recovery, taking preventive measures
during the infectious period, such as isolation treat-
ment, can prevent the outbreak of epidemics, thereby
avoiding social panic and medical resource shortages.

3.3 Infection density with different intensities of SIA
During an epidemic, the government and the media

typically respond by closely monitoring the epidemic
situation. Simultaneously, they call on the public to
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heighten safety awareness, urging individuals to mini-
mize outdoor activities and reduce contact with others
to prevent widespread infection and curb the epidemic’s
spread. The specific role of the SIA and its effective-
ness in preventing epidemic spreading is a worthwhile
subject of investigation, and we delve into a detailed
study of the actual impacts of varying intensities of STA
on the spread of epidemics and illustrate the results in
Fig. 6.

In the SIRS model, observing Fig. 6a, we find that
as § increases, both peak infection and stationary infec-
tion density decrease. However, the suppression of peak
infection by § exhibits a marginal effect. In Fig. 6b, we
notice that as § increases, the peak infection decreases
and the stationary infection density decreases until the
infection is eradicated. Table 1 shows the difference
between peak infection in Fig. 6a and b. We find that
TDIR has an inhibitory effect on the infection peak at
different values of 8, and the inhibitory effect is best
when § = 5. In the SIS model, we have similar findings
which are shown in Fig. 6¢ and d, and the inhibitory
effect of TDIR is prominent when § = 5 (Table 2). In
the SIR model, we find that Fig. 6e and f have similar
infection density change curves, and that the suppres-
sion effect of § on the peak of infection also shows a
marginal effect. In addition, the results in Table 3 show
that TDIR has the best suppression effect on the infec-
tion peak when § = 3. However, due to the inherent
propagation characteristics of the SIR model, TDIR is
not as effective in accelerating the elimination of infec-
tions.

Through the simulations mentioned above, we obser-
ve that in all three models, § has a significant inhibitory
effect on the peak infection. TDIR also has an inhibitory
effect on the peak infection, and the inhibitory effect
becomes more pronounced as § increases, with the
most significant change observed when § is around 4.
Besides, In SIRS and SIS models, § has an inhibitory
effect on the stationary infection density. During the
initial phases of the COVID-19 pandemic, as a vac-
cine had not yet been developed, individuals relied on
information disseminated by government organizations
and the media to stay informed about the epidemic. In
China, most people remained isolated athome, and only
one person per family was permitted to go out to buy
supplies, which greatly reduced the probability of pop-
ulation contact and thus prevented the occurrence of a
large-scale epidemic in China [33]. Consequently, the
timely release of epidemic information not only served
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to delay the outbreak, providing crucial time for vaccine
development but also contributed to the preservation of
normalcy in people’s lives and the orderly functioning
of society.

3.4 Infection density with different intensities of
TDIR

In the period of epidemics, individuals increase their
resistance to epidemics through vaccination, while at
the same time, changes in the environment, climate,
etc. can affect the infection rate of epidemics. Here,
we explore the effects of vaccination and factors such
as environment and climate on the infectivity of epi-
demics, where o denotes the fluctuation of the infection
rate caused by factors such as environment and climate,
while p denotes the inhibitory effect of vaccination on
the infection rate, i.e., the larger the absolute value of
W is, the stronger the inhibitory effect on the infection
rate is.

Looking at Fig. 7a, we can see that when the popula-
tion is vaccinated, changes in the environment, climate,
and other factors do not cause large changes in infection
density. In Fig. 7b, as the absolute value of u increases,
the peak of infection density becomes lower and lower,
and the time of infection annihilation is shorter, which
is because the inhibition of infection rate by the vac-
cine plays a dominant role in the change of infection
rate. There is a similar phenomenon in the SIS model
corresponding to Fig. 7c and d and the SIR model corre-
sponding to Fig. 7e and f. The main difference is that the
size of the infection peak is different in different mod-
els. For instance, in SIS model, the infection peak is
the highest, primarily due to the inherent transmission
characteristics of the model. Through this simulation,
we found that vaccination is the main factor affecting
TDIR and the main means of increasing resistance to
epidemics.

Although factors such as environment and climate
have less influence on TDIR, it may still lead to a higher
probability of an individual contracting an epidemic.
Therefore, paying attention to the climatic environment
around us and timely vaccination are effective ways to
prevent infection.
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3.5 Heatmaps of TDIR and SIA on infection density

Having examined the individual effects of TDIR and
SIA on the infection density of the population, our
comprehensive analysis will now explore their com-
bined impact. This simulation is designed to investi-
gate the overall infection conditions after an extended
period of epidemic spreading. Given that all individu-
als in the SIR model ultimately transition to the recov-
ery (immune) state, our study specifically focuses on
the infection density of the population under the SIRS
model and SIS model, and the results are illustrated in
Fig. 8.

Figure 8a represents the heatmap of ¢ and § under
SIRS model, while Fig. 8b represents the heatmap of ¢
and 6 under SIS model. For Fig. 8a, observing from top
to bottom, the result shows that the change in infection
density is slow as § decreases, however, observing from
left to right, the result shows that the change in infec-
tion density is very fast as ¢ increases. Specifically,
when ¢ is less than 0.4, we observe that § is either 0
or 1, at which point the infection density is close to
0. However, when ¢ exceeds 0.4, it suggests that the
infection density decreases gradually as § increases.
Furthermore, the final epidemic outbreak occurs as ¢
increases, regardless of the initial value of §. From the
Fig. 8a, we can also observe that if we take the ¢ coordi-
nate on the x-axis as the starting point, and connect the
points with the same value of infection density into a
straight line, then the slope of this straight line is greater
than 1. For example, when the x-axis coordinates of
¢ are between 0.4 and 0.6, then the slope of this lime
green color band corresponding to the infection density
is obviously greater than 1. This graphically shows that
compared with &, the effect of ¢ on infection density is
more obvious, However, this effect will be weaker as
the increase of ¢. In Fig. 8b, we have a similar finding.

Contrasting Fig. 8a with Fig. 8b, we found that the
infection density distribution in Fig. 8a is extremely
similar to Fig. 8b, but the corresponding infection den-
sity values in Fig. 8b are approximately twice those in
Fig. 8a.

In this simulation, for the epidemic of SIS and SIRS
types, it is indicated that despite the similarity in the
distribution of their infection density, there is a signif-
icant difference in the corresponding values of infec-
tion density. For SIS-type epidemics, such as influenza,
its infection has no memory and people have a high
chance of being re-infected. And because of its short
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Table 1 Difference

between peak infection in 8 Model

Fig. 6a and b SIRS without TDIR SIRS with TDIR Difference
0 0.5181 0.4986 0.0195
1 0.37024 0.3608 0.00944
2 0.2843 0.2543 0.03
3 0.23006 0.1844 0.04566
4 0.1804 0.1196 0.0608
5 0.13458 0.065 0.06958
6 0.09174 0.043 0.04874
7 0.05242 0.0243 0.02812
8 0.022 0.0172 0.0048

e D od

Fig. 6¢ and d SIS without TDIR SIS with TDIR Difference
0 0.6676 0.6447 0.0229
1 0.5691 0.5258 0.0433
2 0.4589 0.4062 0.0527
3 0.3605 0.2801 0.0804
4 0.2762 0.1717 0.1045
5 0.2078 0.0884 0.1194
6 0.1505 0.052 0.0985
7 0.073 0.0333 0.0397
8 0.0556 0.0221 0.0335

::tl\);zeil ;;flfeirnefllift:ion in 8 Model

Fig. 6¢ and f SIR without TDIR SIR with TDIR Difference
0 0.5089 0.5081 0.0008
1 0.3251 0.3186 0.0065
2 0.2062 0.1983 0.0079
3 0.1354 0.1078 0.0276
4 0.0793 0.055 0.0243
5 0.0546 0.0369 0.0177
6 0.0295 0.0266 0.0029
7 0.026 0.0221 0.0039
8 0.0205 0.0182 0.0023
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Fig. 7 Infection density with different intensities of TDIR in
epidemic spreading models. o values range from 0.01 to 0.05,
and p values range from —0.05 to —0.01. a and b represent SIRS
model with o and with w. In a and b, the initial infection rate ¢
=05, P,r =04, Pgp s=0.5,6 =1. cand d represent SIS model
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(f) SIR with p

with ¢ and with x. In ¢ and d, the initial infection rate ¢ = 0.5,
Prs =04, =1 e and f represent SIR model with o and with
w. In e and £, the initial infection rate { = 0.5, Py g = 0.4, and
8 = 1. The results are obtained through Monte-Carlo simulation
within 1000 time steps, with an average taken over 50 iterations
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0 0.2 0.4 0.6 0.8 1
4

(a) SIRS

Fig. 8 The heatmaps of averaged infection density for differ-
ent the ¢ and § in SIRS and SIS model. a corresponds to the
average infection density in SIRS model with TDIR and SIA,
correspondingly, b corresponds to the average infection density
in SIS model with TDIR and SIA. In SIRS model, the infection
density is calculated based on the mean value within the time
t € [900, 1000], parameters are set as o = 0.005, u = —0.001,

transmission circle, there are only susceptible state S
and infected state I. As a result, the number of peo-
ple infected during an outbreak is theoretically higher,
which is one of the main reasons why the number
of people infected during the flu-prone season is very
high. Therefore, understanding the propagation mech-
anisms of epidemics is of significance for studying the
impact of epidemics, especially those that have never
been seen before.

4 Conclusion and outlook

In our study, we present and analyze a novel epidemic-
spreading model incorporating TDIR and SIA as its pri-
mary features. Unlike other studies, our TDIR model
considers the variation of the infection rate primar-
ily based on the epidemic itself rather than indi-
vidual heterogeneity. Specifically, the infection rate
decreases and fluctuates over time due to real-world
factors such as vaccination, climate, and environment
[24,30,31,34]. Regarding SIA, we propose a self-
isolation awareness mechanism based on the kinetic
behavior of infected individuals, recognizing that epi-
demic spreading is primarily driven by the actions of

0.0
0 0.2 0.4 0.6 0.8 1

4
(b) SIS

Prr =04, Prs = 0.5, ¢ and § both ranges from 0 to 1. In
SIS model, the infection density is calculated based on the mean
value within the time ¢ € [900, 1000], parameters are set as o =
0.005, u = —0.001, P; s = 0.4, ¢ and 8 both ranges from O to 1.
The results are obtained through Monte-Carlo simulation, with
an average taken over 50 iterations

infected individuals. Additionally, we utilize the homo-
geneous Markov chain to study the state transfer pro-
cess of individuals in the SIRS, SIS, and SIR models.
In simulations, we find that SIA can effectively
suppress the peak infection, prolong the time to peak
infection, and lower the stationary infection density. In
contrast, TDIR has a weaker effect on inhibiting the
peak infection and extending the time to peak infec-
tion. However, networks with TDIR eventually lead
to the stationary infection density approaching zero as
the spread progresses. Applied to real-world scenarios,
paying timely attention to the surrounding environment
and epidemic information to enhance safety awareness
not only diminishes the likelihood of individual infec-
tion but also delays the outbreak and reduces the size of
the infected population. This, in turn, buys crucial time
for vaccine development. Furthermore, if a vaccine is
successfully developed and accessible to the masses in
a timely manner, the overall risk of infection for the
entire population is simultaneously reduced. This not
only curbs the spread of epidemics, mitigates social
panic, and prevents shortages of medical resources due
to outbreaks, but also contributes to the potential elim-
ination of the epidemic. In addition, it is noteworthy
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that the scale of infections caused by different types of
epidemics varies considerably due to distinct mecha-
nisms of infection. For instance, SIS-type pandemics,
characterized by a short transmission cycle involving
only S and I states in individuals, are highly susceptible
to large-scale population infections, posing significant
challenges to human health and social stability. During
the influenza season, for example, hospitals often face
overcrowding, and there is a serious shortage of medi-
cal resources. Hence, in the context of epidemics, par-
ticularly novel ones, the identification of their transmis-
sion mechanisms is important for effective epidemic
prevention and control. Additionally, society should
prioritize enhancing information transparency, bolster-
ing public safety campaigns, and promoting individ-
ual safety awareness to minimize the risk of infection.
Lastly, sustained efforts in vaccine development and
the enhancement of herd immunity play a crucial role
in significantly curbing the spread of epidemics.

There are additional factors that we have overlooked,
such as the inevitable population births and deaths in
real-world networks. Moreover, social networks in the
real world may be much more complex than WS model.
To address these issues, we propose to use queuing the-
ory to simulate the population birth and death mecha-
nisms in the system. By constructing an M/M/1 queu-
ing model, where individual births can be regarded as
a Poisson process with arrival rate A, and individual
survival in the network follows an exponential distri-
bution with parameter 1, we can simulate the births and
deaths of individuals in reality. This approach enables
us to model the population dynamics more accurately.
Additionally, we plan to further validate our conclu-
sions by conducting experiments on ER graphs and BA
scale-free networks. We plan to address these limita-
tions in future research endeavors.
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