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Abstract—This paper aims at constructing a probabilistic  methodology for the spread of the disease ¥, and the contagion
node-level time-dependent contagious disease spreading model for network is often regard as the time-dependent adaptive network
coronavirus disease (COVID-19) pandemic which is called  which could be described through the partial derivative
SEINRVseinr by introducing exposed and asymptomatic infectious  equations (PDEs), e.g., the famous Susceptible-Infectious (SI)
state, imperfect vaccination, reinfected possibility and weighted model ¥ in Gross et al 5 and its later extended version the
undirected graph for social network into the traditional Susceptible-Infectious-Recovered (SIR) model (& 7). In the early
probabilistic node-level Susceptible-Infectious-Recovered (SIR) stage of this research, the closed form of the node level

netw.ork' model. T.hlS paper simulates the effectiveness of five approximation scheme was come up with by degree-based pair
vaccination strategies (including random base, degree-target base, approximation ™ or deeree-based MF approximation )
random acquaintance, first-neighbor and second neighbor Pp g PP :

strategies) in random network, small world network and scale-free Control of COVID-19 varies a lot. Shutdown, segregation
network. Compared with the benchmark model, the results show and contract tracing are used to control the COVID-19 in the
that random acquaintance strategy is efficient strategy and  early stage. Firth JA, Hellewell J, Klepac P, Kissler S, Group
neighbors’ strategies perform better in certain interval. CC-W, Kucharski AJ, et al employed real-world social network
to model the contract tracing and quarantine approach by gather
the GPS data from a documentary dataset of BBC . Another
common way to control the virus is by vaccine which works by
L INTRODUCTION creating an immune m'emory'of the pathogen’at the individual

. . . . level and creates herd immunity at the population level and one
Coronavirus ~disease 2019 (with COVID-19 as its ;¢ pe global strategies to respond to COVID-19 published by
abbreviation) is a typical type of severe acute  world Health Organization (WHO) is to develop safe and

respiratory syndrome coronavirus and has been a sleriqus effective vaccines and therapies that can be delivered at scale
ongoing global pandemic featured with long latent period’, high 4 that are accessible based on need. Especially in macro level,

ratio of asymptomatic infection and low fatality rate. The longest  gifferent ways to select nodes to get vaccinated are studies. For
incubation time from infection to symptoms is almost two weeks. example, target strategy which use different measurement of
It can be transmitted by human-to-human close contact through  peqyork clustering such as degree, centrality, betweenness.
air or droplet or surface contact of the contamination. Clinical Acquaintance strategy doesn’t require the helicopter knowledge
cases suggest that pre- and asymptomatic }nfectlcl)us group of  ahout the network since it selects a certain fraction of nodes at
people may contribute to 80% of the transmission ! random and vaccine its neighbors ['%, Since different strategies

Along with the outbreak of the disease, network scientistsare ~ meets with different scenarios, a framework of combination of
interested in the spreading of the disease in the social network all the strategy has come up by Yang!''l. Also, new vaccination
model. Network simulation? is the most commonly researched ~ strategy has been tried like a new strategy based on Negative

Keywords-  Probabilistic  Node-level Model, Imperfect
Vaccination, Numerical Simulation

' During latent period, individuals can’t spread the virus but they get the virus without have any symptoms. the latent period and the asymptomatic infectious period. See
During asymptomatic infectious period, individuals can spread the virus but they don’t have any symptoms. https://www.futurelearn.com/info/courses/ebola-in-context/0/steps/4828 for more information about
The incubation period is the time from acquiring the virus to the first symptoms of illness which includes incubation period and latent period.
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Key Player Problem which is similar to influencer identification
problem in opinion and information spreading ['?! or practical
ones like first neighbor and second neighbor strategy [,

In our previous research, we came up with two types of
dynamic network for vaccination under SIR model. The former
one is discrete vaccination strategy by site percolation '] which
means the vaccination is taken at certain frequency and
equivalent to disconnect all the edges for the selected nodes [
the latter one is to consider the vaccination as a new state for the
disease propagation process and has a new probability to get
vaccinated in every timestamp so it is called continuous
vaccination strategy ['].

In this paper, we introduce the characteristics of COVID-19
into our model and consider the social network as a weighted
undirected graph and extend the five typical vaccination
strategies (including random base, degree-target base, random
acquaintance, first-neighbor and second neighbor strategies) for
the weighted undirected graph and conduct the simulation in
scale free network, random network and small world network.

II. MODEL FOR COVID19

In this part, the characteristics of COVID-19 would be
introduced into the probabilistic node level disease spreading
model.

Here, we defined the parameters used in the model as the
following.

TABLE I. DEFINITION OF ALL PARAMETERS
Name Description
s () Probability of node k being susceptible at time t.
e (1) Probability that node k being exposed at time t.
i, () Probability of node k being infected at time t.
nsiy (£) frobability of node k being asymptomatic infectious at time
7 (2) Probability of node k being recovered at time t.
o (1) Probability of node n being vaccinated at time t.
3 Probability of getting exposed on a contact in a unit time
£, . (transmission rate)
0 Probability of getting infected in a unit time &, .
Probability of getting recovered after infected in a unit time
v ;. (recovered rate)
Probability of getting asymptomatic infectious in a unit time
Te
Probability of getting recovered after asymptomatic
g infectious in a unit time &, .
e Probability of getting vaccinated in a unit time &,
(vaccination rate)
A Adjacent matrix for an undirected graph. (symmetric

adjacent matrix)

A. Introduction of Exposed State, Asymptomatic Infectious
State

COVID-19 is featured with long latent period which mean
people who get sick without knowledge of it or any symptoms.
In this pandemic, many people are asymptomatic which means
they could spread the virus but still don’t have any symptoms.
With these two features and the easy spreading way of the
disease, the virus is more powerful compared with other
pandemic and we introduce two new state into the original
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probabilistic node level SIRV model where a deterministic state
cannot be obtained in a probabilistic model.
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-

Figure 1 Propagation process for COVID-19 with exposed and asymptomatic
states

In the time-dependent probabilistic node-level model, we
could write the Partial Derivative Equations (PDEs) considering
the state transfer departure of the node. For example, when
transferring from exposed state to infectious state, the parameter
0 denotes the transfer rate; when transferring from exposed state
to asymptomatic infectious state, the term (1 — 8) n denotes the
transfer rate. It’s the same for nodes transferring from
susceptible state to vaccination state with (1 — B)e as the
transfer rate.
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Here, for (1), it means the node exposed process, and the
probability to get exposed is around the multiplication of the
transmission rate § and the probability of susceptible and the

sum of infectious node around this typical node, which is
represented by the adjacent matrix A and the probability of
remain susceptible would also be decreased by getting
vaccinated. For (2), the probability of explosion could be
increased by the exposed process and decreased by the
probability of the node to transfer from exposed state to
infectious state or asymptomatic infectious state. For (3), the
probability to remain infectious would by increased by
contacting infectious people and decreased by independent
recovery. For (4), the probability to remain asymptomatic
infectious could be increased by not getting any symptom but
coming from exposed state and decreased by independent
recovery. Similarly, the process of recovery and getting
vaccinated would be written like (5) and (6).

B. The Possibility of Reinfection

The clinical cases of recovered people getting infected again
suggest that COVID-19 virus evolved so quickly that the
antibody the patients produced lose efficiency in a time period
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and it is possible to become susceptible even after the patients
recovered. Then we consider the recovered state still have a
transfer rate as a.

EPk

Figure 2 Propagation process for COVID-19 with the possibility of reinfected

Compared with SEINRV modle without the possibility of
reinfected, the PDEs for s, and 7}, are changed.
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C. Imperfect Vaccination

In our previous models, we consider the perfect vaccination
which means once get vaccinated all the edges would be
disconnected or once vaccinated the state of the node remain in
the so-called vaccination state forever. To make the situation
more closed to the real situation considering the possibility of
the failure of the vaccination even after the injection, we suppose
the vaccination state node could be infected but in a much lower
probability.
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Figure 3 Propagation process for COVID-19 considering imperfect
vaccination

Here, the PDEs have ten states and ten equations in total. We
called this complicated model SEINRVseinr.
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D. Weighted Undirected Graph

The classical probabilistic node-level SIR model uses
symmetric adjacent matrix where “1” means there are
connections in one contract. For COVID-19, it’s suggested that
some groups of people get higher possibility to get infected in
only one contact, e.g., medial staff, seafood vendors and so on

Authorized licensed use limited to: IEEE Xplore. Downloaded on June 29,2024 at 21:56:55 UTC from IEEE Xplore. Restrictions apply.



(171 Although these groups of people have low degree in the
network, they actually have more contact with the virus thus they
should be assigned to a higher weight. Here, we consider this
factor and use weighted undirected graph in this new model.

The new adjacent matrix is still symmetric but with all the
weight of the nodes which follows a power law distribution with
the sample mean of 1 for comparability.

01001..1 0 wo 0 0 wy ... wy,
10110 0 we 0 wy wy O 0
01001 1 0 wy 0 0 ws Wsp (23)
01001 1| — ] 0 wy 0 0 wyy Way,
10110..0 wy 0wy wy O 0
10110..0 w, 0 ws wy, 0 0

where wy;~ f(z) and f(z) = kz“where uTU =1

(which means w,; follows Power Law Distribution with sample mean equal to 1)

Figure 4 Examples of extension of the adjacent matrix

III. VACCINATION STRATEGIES

By considering the weighted undirected graph, we test the
following five vaccination strategies based on SEINRVseinr.

A. Benachmark: Random Strategy

Pk in the PDEs is where we set our vaccination strategies.
Here, the adjacent matrix doesn’t change the random strategies
where we randomly take some nodes to get vaccinated so we use
P, =1 as abenchmark for our strategies.

B. Weighted Degree-base Target Strategy

The traditional degree-base target strategy is to take the most
highly connected nodes in the network to get vaccinated. In our
COVID-19 featured model, the degree-base target strategy is
based on the weighted degree which consider the weight of the
edges in the network.

24)

For example, in the previous probabilistic node level model,
the node with high degree would be selected; node with high
degree but very low weight wouldn’t be selected while nodes
with low degree but high weight would be selected in this
circumstance. This is realistic in the implementation of
vaccination strategy since the government is considering get the
medical staff the priority role to get vaccinated since their
weights are higher on average although with likely low degree.

2’% ,2/2
4/ ./ ~2\1

Figure 5 An example for weighted degree(Weighted degree = 9 in these two
cases)

C. Important Group’s First Neighbor Strategy

Important group’s first neighbor strategy is an extension
from random acquaintance strategy. Random acquaintance
strategy is to randomly take some nodes and select its neighbors
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to get vaccinated. It’s a useful and effective strategy when global
information about the network structure is lost). In the weighted
undirected graph, instead of randomly selecting some nodes and
getting their neighbor vaccinated we select the nodes with the
most highly average weight and vaccinated their neighbor. Since
the weight is considered in the weighted adjacent matrix, their
share the same function for Py,.

B Ay DA
= R S — !
D22 A A
K J [

D. Improved First Neighbor Strategy

5 (25)

First neighbor strategy is to get the direct neighbors of the
infected node whose degree crosses certain threshold vaccinated.
In SEINRVseinr model, the nodes with more infected neighbors
have a higher probability to get vaccinated. Here, this degree
measure has already taken the weight into consideration.

kY Ay,
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E.  Improved Second Neighbor Strategy

5 26)

Second neighbor strategy is to get the neighbors’ neighbors
of the infected nodes vaccinated. Also, when we considering the
neighbor of the infected nodes, the nodes with higher weight
would get more attention in our model.

EY Ay, > Ay
J i

J
)
kg 1

IV. SIMUALTION RESULTS

P.= 27)

A.  Efficiency of different strategies

We conduct 100 times network simulation for 100 nodes in
100 days as the time period of the five original vaccination
strategies for each model including the benchmark model (SIRV)
and SEIRNVseinr in normal adjacent matrix and SEIRNVseinr in
weighted adjacent matrix in three different networks (scale free
network, random network and small world network)
respectively. The initialization conditions of the model are listed
in TABLE II.

TABLE II. INITIALIZATION CONDITIONS OF THE SIMULATION
Name Number Name Number Name Number
m 5 iy 1 a; 0.1
p 0.2 ny 1 & 0.1
E, 4 T, 1 Ba 0.6
Iy 2 B 0.3 0, 0.2
Ny 2 6, 0.7 2 0.1
Ry 1 T 0.8 Y2 0.6
Vo 1 M 0.2 T 0.7
€ 1 st 0.4 [e%] 0.1

Figure 6, 7, 8 are the simulation sensitivity analysis results
of the vaccination rate epsilon. The horizontal axis denotes
vaccination rate epsilon while the vertical axis denotes the
average infectious probability for these 100 nodes and over the
100 days’ time period getting rid of infectious nodes in the very
beginning. The result of this sensitivity analysis is declining
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lines since with higher vaccination rate for the whole population

the average infectious probability will be lower and the better the small world network-SIRV
vaccination strategy, the quicker the average value will decrease. —— random strategy
0 degree base target strategy
Figure 6 shows the result for benchmark SIRV model in —— random acquaintance strategy

—— first neighbor strategy
—— second neighbor strategy

random network, scale free network and small world network.
For all these three networks, degree base target strategy is best
while random acquaintance strategy and random strategy make
no distinction of rank while first neighbor strategy and second
neighbor strategy fail to beat the random strategy. Theoretically,
the remaining strategies should be better than random strategy
but the benchmark model shows that these strategies aren’t as
powerful as we thought in the benchmark condition.

Then, we simulate for the SEINRVseinr model and find that E
except for scale free network where degree base target excel,
random acquaintance strategy is better than other strategies
which can be illustrated in Figure 7. The simulation result of the
SEINRVseinr model with weighted indirect graph share the
similar conclusion with that with normal adjacent matrix one.
For the SEINRVseinr model with unweighted indirect graph
under scale-free network, when the vaccination rate is larger el

nn2s 4

ams-

voiw

mean infectious prob

0005 1

o o8 1o

vaccination rate

Figure 8 Simulation results for SIRV under small world network

scale free network-SEINRVseinr

Lo —— random strategy

degree base target strategy
—— random acquaintance strategy

than approximately 0.55, the neighbors strategies excel the g — first ”Zigh?‘:;"at:gty
random strategy, while for the SEINRVseinr model with 0 ——
weighted indirect graph, when vaccination rate is between 0.28 Som
. . o
and 0.65 the neighbors strategies would excel. &
c
©
@ 0075+
£
scale free network-SIRV anso

—— random strategy
degree base target strategy - - o

—— random acquaintance strategy vaccination rate

—— first neighbor strategy

second neighbor strategy

0.0as |
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Figure 9 Simulation results for SEINRVseinr with unweighted undirected
graph under scale free network
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Figure 6 Simulation results for SIRV under scale free network
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Figure 10 Simulation results for SEINRVseinr with unweighted undirected
graph under random network
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Figure 7 Simulation results for SIRV under random network
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small world network-SEINRVseinr

random strategy

degree base target strategy

- random acquaintance strategy
first neighbor strategy

second neighbor strategy
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o
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Figure 11 Simulation results for SEINRVseinr with unweighted undirected
graph under small world network
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Figure 12 Simulation results for SEINRVseinr with weighted undirected graph
under scale free network

random network SEINRVseinr
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Figure 13 Simulation results for SEINRVseinr with weighted undirected graph
under random network
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small world network SEINRVseinr
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Figure 14 Simulation results for SEINRVseinr with weighted undirected graph
under small world network

V. CONCLUSIONS AND FUTURE WORKS

We consider the characteristics of COVID-19 into the SIRV
model and come up with a more complicated SEINRVseinr with
weighted undirected graph with latent state, asymptomatic
infectious state and reinfected possibility and imperfect
vaccination. After conducting the simulation, we know that the
SIRV model is too simple as the benchmark model and the
degree base target strategy is best neighbor strategies fail to
overperform the random strategy. However, for SEINRVseinr
model random acquaintance strategy is efficient strategy and
neighbors’ strategies perform better in certain interval.

The main contribution of this paper includes:

1. Introducing the characteristics of COVID-19 into the
probabilistic node level disease spreading model,
including the exposed state, asymptomatic infectious
state, the possibility of reinfection;

2. Considering imperfect vaccination in the SEINRVseinr
model;

3. Using weighted undirected graph in the social network
for disease spreading;

4. Testing five vaccination strategies, rewriting degree-

target base, random acquaintance, first-neighbor and
second neighbor strategies into weighted degree-base
target strategy, important group’s first neighbor strategy,
improved first neighbor strategy, and improved second
neighbor strategy.

We consider the weight of the graph as random variables
from power law distribution. In the future work, we tend to study
the social ties both the strong ties and weak ties ® and their
influences to the offline contact of the people or even consider
dynamic ties ' and update the method to measure the weight of
the network. There were also many researches based on
community data or real social network data to conduct
simulation analysis ®?. Also, we would try to employ some
empirical data to validate our model and make the model results
closer to the realistic situation.
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