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Epidemic Vulnerability Index for Effective
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Abstract—COQOVID-19 vaccine distribution route directly impacts the community’s mortality and infection rate. Therefore, optimal
vaccination dissemination would appreciably lower the death and infection rates. This paper proposes the Epidemic Vulnerability Index
(EVI) that quantitatively evaluates the subject’s potential risk. Our primary aim for the suggested index is to diminish both infection rate
and death rate efficiently. EVI was accordingly designed with clinical factors determining the mortality and social factors incorporating
the infection rate. Through statistical COVID-19 patient dataset analysis and social network analysis with an agent-based model that is
analogous to a real-world system, we define and experimentally validate the capability of EVI. Our experiments consist of nine
vaccination distribution scenarios, including existing indexes which estimate the risk and stochastically proliferate the contagion and
vaccine in a 300,000 agent-based graph network. We compared the outcome and variation of the three metrics in the experiments:
infection case, death case, and death rate. Through this assessment, vaccination by the descending order of EVI has shown to have a
significant outcome with an average of 5.0% lower infection cases, 9.4% lower death cases, and 3.5% lower death rate than other

vaccine distribution routes.

Index Terms—COVID-19, epidemic vulnerability index, agent-based model, clinical and social data analysis, simulation-based inference,

statistical proliferation estimation, vaccine distribution strategy

1 INTRODUCTION

CORONAVIRUS disease (COVID-19) is a novel pandemic
infected through the SARS-CoV-2 virus starting in late
2019 [1], [2]. Multiple types of variants have been propagated
by mutation inside the host, rapidly escalating the infection
and death cases in many countries. Vaccines have been
developed and inoculated throughout the world, but several
nations suffer from the increasing demand and the limited
supply. The distribution strategy of the vaccination is critical,
for its effective propagation route will significantly decrease
the casualties, including death and infection cases. On the
contrary, an improper vaccination dispatch strategy would
extend the virus dissemination, increasing the damage.

In this paper, we suggest a novel index that estimates the
potential risk of the subject based on the clinical and social
factors, which shows to have significant interconnection
with their mortality and infection rate, respectively. Clinical
factors are the interior features of the subject that have been
observed to determine the intensity of disease exacerbation,
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such as types of underlying disease, age, physical vulnera-
bility, etc. In contrast, the social factor is an external prop-
erty that affects the infection rate. By assessing the
importance of the subject among its affiliated community, it
offers the information to quantify the potential risk of being
infected. We compute this through Social Network Analysis
(SNA) and centrality among the real-world based social net-
work structure, which explains the influence of the subject
among the associated neighborhood when it is infected. We
collect and analyze the statistical dataset involving past
COVID-19 patients and social network datasets to analyze
external and internal factors.

This study proposes the novel Epidemic Vulnerability
Index (EVI), representing the overall potential risk assess-
ment. We utilize the EVI to discover the effective vaccina-
tion route among the social network. The possibility of
applying EVI as a criterion to denote the necessity of vacci-
nation is reasonable because it is specifically designed to
estimate the internal and external risk for the subject, which
incorporates its property and heterogeneous circumstances.
We construct the Agent-Based Model (ABM) consisting of
300,000 agents with a directed graph structure for valida-
tion. Each node contains certain features such as age,
comorbidities, gender, locational factors, centrality, etc. The
node represents an individual subject, and the edges illus-
trate the physical contacts within the associated network.
The internal properties of the node and the edges are allo-
cated via real-world statistics such as physical contact per
age, comorbidity ratio, age group, and gender population.
Implementing the established ABM, we conduct nine vac-
cine distribution simulations based on existing criteria or
index that measures the subject’s risk and compare the
numeric results of the three metrics: infection cases, death
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cases, and death rates after a virus and vaccines were prolif-
erated within a certain period of time.
The major contributions of this paper are as follows:

1. We propose the EVI that quantitatively evaluates
the risk of mortality and infection rate based on
the subject’s clinical and social factors after multi-
perspective analyses. EVI could be optimized by
tuning the parameters in suitable scenarios and
objectives accordingly.

2. We design the probabilistic simulation algorithm
operated in the ABM that was built analogous to
real-world conditions. Virus and vaccine prolifera-
tion in the ABM in diverse settings, such as initial
spreaders, regional-based propagation, stochastic
infection rate, etc., offers inference and explainability
from statistical estimation to predictive analysis.

3. We simulate the nine vaccine distributions among
the ABM and compare the corresponding dissemina-
tion effect through statistics of infection cases, death
cases, and death rate, validating the efficiency of EVL

Estimating the propagation of infectious disease and vac-

cination is a complex problem dynamically being affected by
miscellaneous variables such as economic issues, vaccination
effect, regionality, and political agenda. Not only is the
impact randomized dispersion in terms of time, but it also
varies in spatial aspects because locational environments that
influence the infection have their unique property. Thus,
selecting a successful distribution route in given circumstan-
ces is an elusive task. However, diverse feasible simulation
models on real-world based population sets provide us with
predictive cases of currently viable response options. There-
fore, intensive analysis and various empirical studies offer
references and insights to devise optimal solutions. This
research aims to derive the new aspect concerning distribu-
tions of COVID-19 vaccination, examining the influential
factors to successfully minimize the infection and death rates.

The contents covered in this paper are organized as fol-

lows. Section 2 illustrates the existing works regarding risk
evaluation on COVID-19 patients and our discriminative
aspect compared to previously suggested studies. Section 3
measures the individual potential mortality based on the
statistical, clinical dataset involving internal properties. Sec-
tion 4 focuses on the infection rate, constructing the ABM
analogous to the real-world system and analyzing the effect
of the centrality types of individual subjects. Adopting the
ABM, we select the best propagation criteria and validate
the selection through experiments. Experiments are con-
ducted in Section 5, where we suggest the vaccine disper-
sion simulation algorithm and compare the number of
casualties and death rate with nine distribution scenarios.
Finally, Section 6 concludes our study, explaining the avail-
ability and limitations.

2 RELATED WORKS

After global-scale pandemics such as severe acute respira-
tory syndrome (SARS), Ebola, and COVID-19, studies that
estimate the potential risk were proposed along with auxil-
iary criteria [3], [4], [5], [6], [7], [8], [9], [10], [11] that accom-
modate the response strategy [12], [13], [14], [15], [16]. In a
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similar context, corresponding medical supply (e.g., vaccine,
mask, self-test kits) distribution schemes and challenges
[17], [18], [19], [20] were studied. The existing auxiliary
indexes mainly estimate the risk primarily focused on the
intrinsic biometric properties of the subject, accumulated
from past patients who suffered from the pandemic or other
diseases. This section explains past studies with respect to
the vaccine distribution strategies and suggests indexes that
quantify the patient’s risk.

The vaccine is one of the encouraging options that we can
effectively respond to contain the infectious disease among
the penetrable host. However, the vaccine supply [16] is
limited compared to the substantial demand, especially dur-
ing the initial phase after the vaccine is invented. Therefore,
locating an effective and efficient distribution trajectory is
crucial after a multi-perspective analysis. Bubar et al. [12]
suggested five vaccination distribution schemes analyzed
based on the standard of age stratification and showed the
coinciding result efficacy after vaccination simulations with
SEIR [21] (Susceptible, Exposed, Infectious, Recovered)
model. Our research is similar to what this manuscript
presents, concerning the derivatives throughout the time of
major factors such as infection, death, and recovered cases.
Our simulation involves other significant properties of the
subjects, especially social factors based on the thorough
analysis, and more experimental cases were reflected com-
pared to [21] to organize a realistic simulation framework.
Matraijt et al. [22] analyzed the vaccination result on selected
time periods based on distribution by age. It shows evi-
dence-based guidance for vaccination from the perspective
of the age group. For the optimal vaccination route, various
empirical studies on the population that simulates the varia-
tion were illustrated. One frequently utilized scheme is the
Agent-Based Model [23], [24], which is constructed of multi-
ple individual agents that indicate the entity and their con-
nection to other agents with the stochastic interaction. Kerr
et al. [15] suggest COVID-19 agent-based simulator, cover-
ing several locational properties to approximate its pro-
pounded system into the real-world scenario. Silva et al.
[25] implemented the seven settings in social activities
within the regional community and observed the number of
deaths along with the economic impact using their formu-
lated ABM. Several studies targeted the specific region
reflecting their certain characteristics, such as Gomez et al.
[26] designed an ABM for the city of Bogatd, Columbia, and
Hoertel et al. [27] for New York City, USA. On account of
the intrinsic regional distinctive properties, the ABM simu-
lated the transmission of COVID-19, offering future varia-
tions and predictability. Hinch et al. [28] suggested the
ABM model that traces the age-stratified subject’s contact
based on U.K. statistics. Our study also involves a similar
context to this work, for physical contact in age groups is
one of the decisive statistics that has been validated [29].
The limitation of recent vaccination distribution manu-
scripts is that the analysis only focuses on the patient’s age
group. Most open-sourced COVID-19 datasets are aligned
with the age and comparatively easy to preprocess.
Although age does imply a significant correlation concern-
ing mortality, more investigation could be found. This study
mainly considers age-stratified, 22 types of comorbidities,
gender, centrality, and locational factors in order to score
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the danger level, then reflect the results for devising an opti-
mal vaccine distribution route.

There have been instructive attempts to quantitatively
estimate the entity’s potential risk in given conditions from
the perspective of individual conditions and geographical
properties. These studies evaluated the current risk situa-
tion and offered a prognosis of future statistics to take
successful countermeasures to stagnate the disease prolifer-
ation. The Centers for Disease Control (CDC) devised a
Social Vulnerability Index (SVI) [5] for assessing the future
impact of the disaster, as the socially vulnerable are highly
prone to be adversely affected by natural disasters. SVI was
validated through the statistical dataset of Hurricane
Katrina-related casualties. Moreover, Frailty Index (FI) [9]
suggests the vulnerability of a given subject, and it is espe-
cially established as a measure for elderly citizens to deter-
mine their physical and mental health. Studies are
emerging regarding the relationships between the COVID-
19 casualties and the FI [10], [11], and several recent studies
have illustrated that FI is not sufficiently suitable for
COVID-19 analysis. Decaprio et al. [4] proposed the C-19
index, which quantifies the vulnerability of individuals
based on past respiratory disease patients, utilizing the
XGBoost machine learning algorithm. Although the rela-
tionship between COVID-19 and existing respiratory dis-
eases is shown to be positively proportional, the disuse of
the COVID-19 patient database regards this as a proxy mea-
sure. Amram et al. [3] suggested the COVID-19 diagnosis
rate in the counties of Washington State in the US. Their
study visualized the county-level risk with geographical
maps that offer intuitive risk scoring to compare. Similarly,
Marvel et al. [6] presented a Pandemic Vulnerability Index
(PVI) with geographical visualizations with a dashboard on
county-level risk scores among given states of the US. PVI’s
risk scoring algorithm uses a Bayesian machine learning
model with a county-level statistical COVID-19 patient
dataset. Most propounded indexes are county-unit risks
that evaluate the adverse effect among affiliated geographi-
cal units [30]. Apart from those risk criteria, other studies
have been presented to estimate the economic and financial
impact [8] of the pandemic, such as the Global Fear Index
[7]. The existing studies that designed an index mostly esti-
mated the internal risk of mortality based on the clinical
dataset only and aggregated the statistics to express the gen-
eral risk by geographical location boundaries. Our study
considers the social factors and estimates the risk, including
the clinical properties that the subject possesses. Based on
the quantified risk, we validate our estimation in a real-
world based ABM and compare the vaccination perfor-
mance to existing Indexes that present the credibility of
EVI. This approach is to satisfy the ultimate objective
that both infection rate and death rate must decline
simultaneously.

3 MORTALITY AND CLINICAL FACTORS

The subject’s mortality is directly affected by its internal
conditions. This section mainly focuses on three influential
factors to consider the mortality: age-stratified groups,
underlying diseases, and gender. We define the subject’s
susceptibility based on the past COVID-19 patient
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Fig. 1. COVID-19 Morality by given age-stratified groups in correspond-
ing countries by given period.

benchmark dataset. Let s; be an individual subject where
population S is expressed as S = 0222C3y;s;, and we set the
mortality of s; as M(-), such that M(s;)02225Dr/S, with r
indicating number of deaths and ¢ indicates the index of the
individual subject.

3.1 Age-stratified Groups and Gender in Mortality
Authoritative medical institutions such as CDC and WHO
have declared that age and gender are crucial properties in
assessing the risk [31], [32]. Statistically, subjects with higher
age groups have significantly higher mortality, as shown in
Fig. 1. Let age group A = {ax|l <k <9, k€ N} where &
refers to an index of age group, and «;<;<9 denotes age range
between 0-4, 5-17, 18-29, 30-39, 40-49, 50-64, 65-74, 75-84, 85+
sequentially. a3, = 0222C3yysy where sy € S is a subject that
has the age range of corresponding o}, and 7’ denotes the arbi-
tuary index among 0222C3y;i where 1 <4 < >~ 1. n(S) =
n(A) = >y n(ar) and M(s;)) = 7/or, where s(;, ;) indicates
the subject of age range within «;.

The mortality dataset that our team acquired is the
COVID-19 open dataset that is publicly accessible, provided
by the CDC [33] and NYTimes [34]. The dataset illustrates
the statistical numbers of infection cases, death cases, demo-
graphical trends, age groups of the patient, each US state
and county, comorbidities of the passed away patient, gen-
der, and racial type, in a daily and weekly period. In order
to discover practical information within the collected
COVID-19 patient dataset, we process the dataset to gener-
alize the parameters with the following approach. The accu-
mulated number of COVID-19 confirmed cases in males
and females as of March 31%, 2021 are 6,277,679 and
5,750,585, where we parametrize these values as I, Iy
respectively. Statistics show that Ip = Iy -1.09, and Ip:
Iy =52.2: 47.8, with 4.4% higher for I as the studies have
specified in [31]. Based on conditional probability P(rq|(Ip
02222A1)))02225DM (si) where G is a binary variable that
indicates gender, where G € {F, M}, sq refers to the subject
with corresponding sex and rg denotes the number of
deaths with given sex, the ratio of M(sp) : M(sy) = 0.559 :
0.441. The proportional difference is 0.5 &+ 0.059, and we
denote the term + ¢:=P¢ in (1). The mortality of the subject
with the age index k and sex G is M(syaq) = M(sq) -
(P + 1), and we normalize the component with min-max
normalization, between the range of [0,1]. In spite that the
min-max normalization scheme is prone to be ineffective
when outliers exist, it is suitable for our case since G is
deterministic. Therefore, the statistical risk of M(s( ) is
shown in (2).
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TABLE 1
Comorbidity Types and Corresponding Number of Casualties in Each Age-stratified Groups

Comorbidity Index 0-24 25-34 35-44 45-54 55-64 65-74 75-84 85+
Influenza and pneumonia 1 175 853 2,174 6,220 15,295 25,749 30,258 30,239
Chronic lower respiratory diseases Cy 36 88 203 594 2,334 5,577 7,551 6,749
Adult respiratory distress syndrome Cs 86 328 895 2,527 5,582 8,367 7,667 5,659
Respiratory failure Cy 153 613 1,582 4,726 11,840 21,324 25,811 24,738
Respiratory arrest Cs 10 38 88 234 580 1,062 1,427 1,837
Other respiratory diseases Cs 25 89 211 530 1,273 2,267 2,717 2,787
Hypertensive disease Cy 25 163 667 2,261 6,375 11,807 14,966 17,828
Ischemic heart disease Cy 5 38 154 692 2,640 6,085 9,088 10,804
Cardiac arrest Cy 76 278 678 1,930 4,344 6,869 7,442 7,944
Cardiac arrhythmia Cho 14 36 107 375 1,238 3,107 5,240 7,144
Heart failure Cni 9 54 126 444 1,442 3,113 5,130 7,899
Cerebrovascular diseases Cha 9 41 137 466 1,452 2,885 3,737 4,209
Other circulatory diseases C3 65 160 361 845 1,945 3,380 3,970 4,688
Sepsis Cu 56 223 560 1,697 4,030 6,652 6,177 4,435
Malignant neoplasms Cis 39 54 150 438 1,650 3,242 3,711 3,88
Diabetes Cig 64 257 899 2,723 6,714 11,198 11,391 8,427
Obesity Ci7 123 430 960 1,670 2,418 2,446 1,321 358
Alzheimer disease Cig 0 0 0 6 77 670 2,848 6,308
Vascular and unspecified dementia Chy 0 1 2 31 413 2,605 8,548 17,068
Renal failure Coy 29 180 463 1,388 3,426 5,891 6,249 5,574
Injury poisoning other events Cy 90 262 337 550 1,103 1,759 2,225 3,017
Other conditions and causes Cyy 435 1,175 2,631 6,997 17,581 31,390 36,470 38,705

J (G @

>va G
M(S(Hk,G)) . M(s3) - (1 + Pg) — min(0222C3y. M (sv) - (1 + Pg)) )

Heatmap for Comorbidities with Age-stratified Groups
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Fig. 2. Heatmap indicating the correlations between each age group
based on M (sy,).

- max(002203y; M (syr.) - (1 4+ Pg)) — min(0222C3y M (syi) - (1 + Pg))

3.2 Comorbidity in Mortality

Comorbidity is a critical factor that may intensify the
patient’s condition and escalate mortality. Various past
research [35], [36], [37], [38], [39] have asserted a strong cor-
relation between mortality and the underlying disease,
where statistics validate this claim. It shows that almost up
to 90% of hospitalized COVID-19 patients suffered from the
underlying illness [35] before the COVID-19 infection. The
statistics indicate that the patients possess higher mortality
if contracted diseases, especially respiratory, cardiac, and
cardiovascular-related illnesses. Therefore, examining the
patient’s comorbidity is imperative to make the prognosis.
The statistical dataset [33] used in our study categorizes the
disease types into 22 large-scale categories displayed in
Table 1. The initial classified types could be partitioned fur-
ther with the specific disease based on the WHO'’s Interna-
tional Statistical Classification of Disease and Related
Health Problems (ICD) [40].

Let D = Ox2203]2-210j (Table 1), and M(spc) be the
mortality of the subject with three properties of D, G, k. In
3C}, we measure the correlation with the Pearson correla-
tion coefficient among each age group, with pp ;) :=Cov
(M(sp), M(sy))/(o(M(sp)) - o(M(s1)) and  pipr sy > 0.9
where o(-) expresses the standard deviation and D’
D — {Ci7, C1s,C19} as shown in Fig. 2. Cy7 indicates the obe-
sity where age group between 55~64 had the most signifi-
cant number of casualty and Cig, Cig (i.e., Alzheimer and
Dementia) have exponentially increased with a linear
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Fig. 3. Heatmap indicating the correlations between each age group
based on M(sp).

increment of age groups. This asserts that most M (sp) have
a linear correlation with M(s;), and until 55~64 the
As(p i+1) tend to increase where As(p j.ii1) = [M(S(pr py)—
M (s(pr j41))|- After that point, the gradient starts to decrease,
having Aspy jiy1) > As(py g is1) Where £ indicates the index
of age group over 65, and k refers to the index of age group
under 65. Furthermore, Fig. 3 shows that the correlation
between given M (sp) sorted by order of k, which implicates
that u(M(s(pax))) and w(M(sp3rir))) where pu(-)denotes
the average set of inputs and arbitrary L #0¢€
(R*0x2224AR7), 1 < (k+ L) # k < 9 becomes distinct as |L|
gets larger. Table 1 shows the number of COVID-19 deaths
with the corresponding comorbidity sorted with age
groups, and we estimate the fatality based on statistics. The
fatality 8(s(p,)) is expressed in (3).

_ M(swn)
8(S<D’k>)._m (3)

Since the exact number of diseases that each patient
infected was not publicly opened, we randomly allocated
the comorbidity number ¢; € [0,3] and ¢; € N, and this
setting will be explained in detail in Section 4.3. Equa-
tion (4) specifies the linear aggregation of mortality in
given features, for each comorbidity is independent and
thus linearly escalates the risk. We scale the parameters
through min-max normalization and compute the final
mortality M (s(p,q.r))-

M(S(G,k)> + ZV‘H 8(3(D,k)) — min (0$2203VkM(3(G,k)) + ZV% 5(8([)@))
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defined the infection. Fundamentally, the current real-world
system consists of numerous entities that dynamically com-
mit transition with diverse dependent and independent var-
iables, which cannot be intuitively defined nor easily
predicted. Therefore, our study implements the simulation-
based approach to estimate the propagation in a scenario
that is specifically built to express the infection route via
social interaction statistics, which is closely akin to a real-
world topology.

4.1 Graph Network With Agent-Based Model

In the infectology system, physical connectivity matters
when the host is infected. Infections are perpetrated when a
virus has transferred from the infected to the non-infected,
and we define this relationship with a graph network
structure.

Let G = (V, E) where V is a set of vertices, and E is a set
that is consisted of edges where V = {v;|]1<i< N, i€
N}, N indicates the total number of clients (nodes; agents)
in G and FE = {{(vi, v)|(va, ) €V XV, 1< (a,b) €
N x N <37, 1}. The elements of G are finite, and (v,, )
indicates the directed edge with initial v, and destination v;,.
The infection process has a particular direction, where
infected agents transmit the virus to the connected non-
infected node, which verifies a source and destination.
Thus, utilizing a directed graph is reasonable. The visualiza-
tion of our graph structure sample is shown in Fig. 4.

Let E, = 0222C3y(v,, v), and n(E,) indicates the num-
ber of edges that begins with v, and is connected towards
Ju, where b specifies the neighbor vs; of the v,. When v,
with maxn(E,) is infected such that v, = True, the virus’s
diffusion pace is likely to increase with a high probability
since its importance among the affiliated community is sig-
nificant. To measure the importance of individual agents
among the associated group, we implement the network
centrality [41], [42] metrics to determine such potential
influence. We applied five following well-known centrality
metrics: Degree Centrality [43], Closeness Centrality [42],
Betweenness Centrality [44], Eigenvector Centrality [45],
and PageRank [46]. Among those centralities, we examine
the worst-case scenario that proliferates the virus within the
shortest period in an equivalent population setting.

4.2 Selecting Optimal Centrality

To select the worst-case centrality, we compare the virus
propagation period it takes to infect the virus to all the
nodes inside the ABM, initiating the proliferation from the
number of initial spreaders. At the outset, we construct the
three ABM types with n(V) = 1,000, 5,000, and 10,000. For

4)

M(spon):=

4 INFECTION RATE AND NETWORK CENTRALITY

As infection rate is another critical factor when examining
the pandemic’s analytical properties, various past studies
were conducted with practical perspectives to model and

max(0x22C3VkM(s<ij>) + Z\qu S(S(D’@)) — min (OxQQCSVkM(S(G,k)) + Zti 8(3(D,k)))

n(E) =y, n(E,), we implemented the statistics of physi-
cal contact per day by age groups suggested by Del Valle
et al. [26], considering that the infection spreads through
close contact exposure. Therefore, each agent is allocated
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TABLE 2
Population Ratio and Corresponding Contact Frequency
Age Population ratio Contact Frequency RCF
0-4 0.068 10.216 10
5-9 0.061 14.812 15
10-14 0.063 18.224 18
15-19 0.064 17.582 18
20-29 0.137 13.573 14
30-39 0.135 14.142 14
40-49 0.123 13.830 14
50-59 0.129 12.308 12
60-69 0.116 9.216 9
70+ 0.112 6.898 7

with a certain age, based on the ratio of U.S. population
demographics by age in 2020 [47], and v, are randomly
selected for v, as much as the corresponding number of con-
tacts per day. The contact frequency for each age group is
listed in Table 2, and the final number of edges for each ver-
tex is randomly designated between the range of 1 <
n(E,) <2 - RCF where RCF is an abbreviation of Round-up
Contact Frequency in the coinciding age group. The infec-
tion rate was set to 100% since our aim is to discern the
propagation speed. In each time step ¢, any v; that are con-
nected to the infected agent is designated as a newly
infected agent, where (v,, v;) refers to the virus transmission
from infected v, to v. Visualization for intuitive interpreta-
tion is shown in Fig. 4.

Each transmission through a single edge equals a one-
time step, and the random walk propagation algorithm was
designed based on Recursion and Dept-First-Search, which
we explain in detail through pseudocode in Section 5.
Assuming that the initial spreaders with higher centrality
would trigger faster dissemination (i.e., empirical proofs are
shown in Section 4.3.), we select the ten initial spreaders p =
0222C3100; where ¢; = max (0222C3y;¢(v;)), and  ¢(v;)
denotes the centrality of the input v; and ¥; is sampled with-
out replacement. We experimentally validate the selection
of maz (0222C3y;¢(v;)) in the next section. The virus propa-
gation result is shown in Table 3 after 50 trials on each cen-
trality on three types of total nodes. Each value is the
average value of 50 trials. Note that every attempt has

TABLE 3
Average Period Duration Among Given Centrality
Centrality Number of Nodes Average
1,000 5,000 10,000
Degree 271.8 3314 3323 311.8
(+4.2) (£3.3) (£2.9) (£3.5)
Closeness 129.5 145.5 143.2 139.4
(+20.7) (+£22.1) (+12.0) (+18.3)
Betweenness  129.5 145.5 143.2 139.4
(+20.7) (+£22.1) (+12.0) (+18.3)
Eigenvector 130.4 144.4 156.4 143.8
(+19.9) (+£31.1) (+£11.2) (+£20.7)
PageRank 116.9 139.4 103.7 123.1
(+19.4) (+14.3) (+£10.7) (+14.8)

Each value is the average value of 50 trials (new graph structure in each trial),
and the number inside the parenthesis illustrates the standard deviation.
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Fig. 4. Time steps t (=1,2,3) of spreading disease in given graph
network.

experimented with a new randomly generated graph struc-
ture with an identical number of the vertex. The outcome
shows that PageRank consumes the shortest period when
spreading the disease among all existing nodes. Therefore,
we take PageRank centrality into account to measure the
infection rate. PageRank is an algorithm that ranks the
entity in graph structure widely implemented in the Google
web search engine [46]. It judges the node’s importance by
aggregating the quality and quantity of other connected
nodes. The original equation is shown in (5), where PR(-) is
a PageRank value of the designated node v;, ¢ # ¢/, and we
set the damping factor ¢ = 0.85.

PR(vy)
: NumOutLinks(vy)

(5)

1—gq

= n(0222C350) 1

Vil e InLink(v;

4.3 ABM Construction by PageRank and EVI
Fig. 4. Time steps t ( = 1,2,3) of spreading disease in given
Graph Network.

In this section, we experimentally validate that vaccina-
tion through descending order of PageRank suppresses the
proliferation of virus in the ABM, and we assemble the
existing factors to compute the final EVI. In order to corrob-
orate the descending order of the proliferation effect, we
designed the ABM with 300,000 nodes via real-world statis-
tics. Each agent consisting of ABM has individual unique
clinical properties, allocated based on the statistical propor-
tion of features [33], [34]. For example, when the population
of the male age group of 35~44 takes %, we allocate n(V) -
2 - 0.01 nodes with a male and random age between 35~44
with uniform distribution and Gaussian noise. The underly-
ing disease dataset applied in Section 3.2 indicates the col-
lective groups from the death patient data, and we compute
the percentage of deaths among the infection cases and
adopt it to V. The original mortality is 1.45%, but it was
intentionally increased by five times (7.25%) since distinct
computation for the value was too sparse to effectively
observe the variation of death cases. Comorbidities were
allocated to the agents with their corresponding statistical
ratio. For the number of comorbidities per agent, consider-
ing that there may be the possibility of patients who possess
multiple illnesses, recall that the maximum number of the
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Fig. 5. The constructed graph network structure for simulations.

underlying disease was restricted to three and randomly
selected between 0~3 for the amount of ratio that includes
the comorbidity. Edges were connected identical fashion
with the built graph network in Section 4.2. Moreover, V/
was divided into five clusters: C; ~ Cs, and each cluster is
subdivided into six smaller regions: ¢; ~ ¢ as shown in
Fig. 5. This is primarily because the virus proliferation is ini-
tially bounded by the geographical regions, and most of the
physical contact occurs inside the affiliated community
where interaction between the group to group is not as fre-
quent as the internal contact frequency. To accommodate
the diversity of regional properties, each region consists of a
statistical ratio of age groups, and areas are connected inter-
mittently by 20% of the original edges.

We compared the two following cases: the first case
selected the p = 0222C3!” [, and the second case with p =
0222C3;% [, as initially infected agents where [ = sort
(0222C3y;ip(v;)) based on the order of argmin(0x22C3y;¢
(v;)), and L = sort(0222C3y;p(v;)) based on the order of
argmax(0222C3y;¢(v;)), and ¢(v;) specify a PageRank cen-
trality computation. The experiment measured the cumula-
tive period until every node was infected where initial
agents are designated without replacement. The result
shows that when p, the average period was 456.607-time
steps (Blue graph in Fig. 6.) and 485.642-time steps (Red
graph in Fig. 6.) for p after 70 trials, respectively. Each period
density distribution is shown in Fig. 6. This entails that the
highest to lowest order distribution G.e., >y, p < >, P)
brings faster proliferation speed; therefore, vaccination
based on o; implicates the effectiveness. We compute the
individual’s EVI after aggregating the mortality M (sp c.r))
and the PageRank ¢(v;) in (6), normalizing each factor using
the standard normalization and then scaling the accumula-
tion again with min-max normalization.

As (6) shows, the EVI is to both minimize the death rate
and infection rate, involving the portions of W, -
Infection rate: Wy - Death rate. We can calibrate the weights
(W1, W) that determine the level of consideration of each
term by adjusting values where W;+W;=1 and
(W1, Ws) € R". Similar to Fig. 7, which implies the linear
correlation coefficient between the infection rate and death
rate is -0.3, and this infers the trade-off between the infec-
tion rate and the mortality among the identical population.
The labels of F1~F11 are as follows: {population, population
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Fig. 6. Distribution results of period visualization using box plot (a) and
density plot (b).

density, land area, infection cases, death cases, infection
rate, death rate, GDP per capita, Median age, race variance,
age variance} in respect of 50 state-level datasets of United
States. From the age perspective, the younger generations
are mostly correlated with spreading the virus, and the
older generation occupies high morality. This is expected to
trigger the trade-off when selecting a vaccination candidate,
where vaccination towards the young-aged group may
decrease the infection rate but escalate the overall death
rate, and vaccination focusing on the older generation
would lead to an opposite result. Therefore, propagating
vaccines by examining those two factors in the optimal ratio
will balance the casualties in the long run.

-10

FO F8 F7 F6 F5 F4 F3 F2 Fl

F10

F11

FL F2 F3 F4 F5 F6 F7 F8 F9 FlO Fil
Fig. 7. Heatmap that visualizes the Pearson correlation coefficient of the
combination of factors.
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5 [EXPERIMENTS

This section presents the experiment and its consequential
results to validate the vaccine distribution effect through
propagating the vaccine with the highest to the lowest order
of EVI while the virus is being disseminated in the ABM.
The evaluation criteria are the number of infection cases,
death cases, and the mortality rate in the ABM consisting of
300,000 agents, which incorporates their unique features
such as age, comorbidity types, gender, PageRank value,
region, mortality rate, EVI, etc. We compare nine vaccina-
tion distribution routes and observe the variation of three
metrics.

5.1 Experiment Settings

In this vaccine propagation simulation, we compare the var-
iation of three metrics (infection cases, death cases, mortal-
ity rate) when vaccination through descending order of EVI
and eight other criteria (SVI [5], PVI [6], CVI [4], Age,
Comorbidity risk, Age + Comorbidity risk, Random distri-
bution, no vaccination) where every agent contains its
unique corresponding index. The reason for indicating only
three metrics is that other indexes can be inferred from these
three. (e.g., death cases 4 cured cases = infection cases). The
propagation through EVI is shown in Algorithm 1, which
accords with the stochastic random walk process. In Algo-
rithm 1, R([a,b],w = c) denotes the function that outputs
the stochastically random integer value between [a, b], with
the corresponding possibility (or weight; w € [0,1], w € R)
of selection on each candidate. © and @ symbol indicates
the remove and appends function respectively, for example,
D © d specifies the element d € D is being removed from
the list D, and D @ d refers to append element d to list D. In
each time step, the algorithm iteratively summons the recur-
sive function and stores/updates the individual agent’s sta-
tus to the auxiliary buffer (i.e., partially visualized in Fig. 4).
Each vaccination simulation type propagated the virus
through an average of 50% infection rate mixed with Gauss-
ian noise (w = 0.5, ¢ = 0.1; i.e., no particular dataset has
been released concerning contracting the disease when the
host encountered the virus). It was tested for 70 trials with
20 initial patients and 500 vaccines per time unit. At each
trial, properties of the individual node were altered ran-
domly, creating a new allocation of edges.

5.2 Experiment Result

Fig. 8a displays the visualization of cumulative numerical
values of each metric (death, cured, no virus, vaccinated) in
time-series format, and (b) shows the enlargement view of
the sequential time-step variation values where |z; — 2,11/,
having x as the numerical value of designated metrics.
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During the initial steps, the virus propagation tends to
increase sharply until a certain point, as the variation graph
(Fig. 8b) involves a long-tail distribution format, extending
the tail to the right side (as the graph suggests an enlarged
view). During those initial periods, it asserts that the aug-
mented contagious level reflects the graph structure, and
the reality in most of the top 30 GDP countries’ pandemic
dynamics follows the suggested trend with a slight time dif-
ference (i.e., 1~3 months) on a regional basis, for each vari-
ant (e.g., Delta+(B.1.617.2.1, 2021. June), Omicron(B.1.1.529,
2021. November)) has rampantly struck the national-level
communities with at least one explosive transmission. Fig-
ures (a, b) are triggered mainly by the static graph structure.
The reason that figures (a, b) entail the low residual noises
or random patterns is that we used the static ABM topology,
whereas the real-world is a structure that dynamically
varies with diverse variables, which is impalpable to define.
Moreover, no viable benchmark dataset exists that repre-
sents the dynamic interaction. Instead, we incorporate the
diversity with 70 trials on each random graph structure,
where the outcomes are shown in Fig. 8(c ~ h).

Algorithm 1: Vaccination_EVI

Input: Graph g, list of integers patients, list of strings stat, list of
list Dataset, integer vpt (vaccine per time)
Output: list of integers time_unit, list of strings stat

1: (D, C, V) < 0, (node_Ist, D_Ist, C_lIst, V_Ist) «— empty list
2: While V! =uvpt do

3: if EVI sort = () then
4: Break
5: else
6: if stat[EVI sort[cnt]] = ‘No Virus’ then
7: stat[EVI _sort[cnt]] < 'V’ // Vaccinated
8: (V++) and (EVI_sort © EVI_sort[cnt])
9: fornode € {1,2,..., n(patients)} do
10:  if stat[patients[node]] = ‘No Virus’ then
11: if R([0,1],w = [0.5,0.5]) =0 then // infection rate
50%
12: tmp — R([0,1],w = death rate in Dataset)
13: if tmp = 0 then
14: stat[patients[node]] — ‘D’ // Dead
15: (D++) and (EVI _sort © EVI _sort[cnt])
16: Else
17: stat[patients[node]] — ‘C’ // Cured
18: (C++) and (EVI sort © EVI sort[cnt])
19: forn € (1,2, ..., # of neighbors of patients[node]} do
20: node_Ist @ list of neighbors of patients[node][n]

21: (D_Ist ® D) and (C_Ist ® C) and (V_Ist ® V)

22: for node € {1,2, ..., n(patients)} do

23:  for neighbor € {1,2, . .., n(node_lst)}

24: if stat[node_lst[neighbor]] = ‘D’ or ‘C" or V' then

25: pass

26: else

27: time unit ® ‘O’ // n(time_unit) = time passed
28: Vaccination_EVI(g, patients, stat, Dataset, vpt)

Bar graphs in (c ~ h) show the vaccination result for each
criterion after the proliferation ceases. In the figures (c ~ k),
the non-vaccination outcome was omitted for almost 100%
of was infected. A y-axis is a relative unit, where 1.0 is the
value of a non-vaccination scenario. For example, no
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Fig. 8. (a) displays the cumulative result for each metric throughout the vaccination in EVI. (b) shows the variation of sequential metric values. (c), (e),
and (g) are the average and standard deviation of death cases, infection cases, and death rate, respectively. (d), (f), and (h) indicate the distribution
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vaccine scenario is 1.0; 100% and EVI 0.403; 40.3% when
measuring death cases. Fig. 8(c, e, g) respectively compares
the death case, infection case, and mortality result of initi-
ated vaccine distribution simulations, and their standard
deviation is shown. Fig. 8(d, f, h) respectively displays the
density of death cases, infection cases, and mortality results
after 70 trials in the box plot. To verify the statistical signifi-
cance, we implemented the ANOVA test by aggregating the
70 simulation outcomes for each vaccine distribution case.
The p-values indicated that it converges to 0, such that the
death case specifies 2.415e-156, infection case with 8.907e-
147, and death rate shows to have 8.663e-127, where the
distribution plot is shown in Fig. 8(i ~ k) for each metrics;
death case, infection case, and death rate respectively.
Vaccine distribution through EVI had shown an average
of 9.4% lower in death cases, 5.0% lower in infection cases,
and 3.5% lower in death rates than other distribution
criteria.

6 CONCLUSION

This paper presents the Epidemic Vulnerability Index that
quantitatively assesses the potential risk of the individual
subject based on their clinical conditions, which estimate
the mortality and social centrality that determine their
infection rate. Our experiments entail that the vaccination
simulation through descending order of EVI had the best
performance of containing the casualties among the ABM
formulated based on the real-world statistical dataset
with 300,000 nodes. Compared to the eight criteria that
determine the risk, EVI vaccination represents 5.0% lower
infection cases, 9.6% lower death cases, and 3.5% lower
mortality.

EVI suggests efficiency through empirical vaccination
simulations to evaluate the vaccination distribution routes.
To accommodate an accurate assessment, modeling the
propagation approximating the real-world scenario is
critical. However, virus proliferation among convoluted col-
lected groups is a dynamic system, for numerous and
diverse factors are intertwined, including social atmo-
sphere, economic, political aspects, vaccine performance,
randomness, etc. Therefore, estimating future conditions
and patterns with accurate predictions is an arduous objec-
tive. The limitation of our work lies in this domain, for our
simulation was primarily conducted on the diverse static
graph structures, where the real-world system evolves
dynamically throughout the time-domain.

As we have shown that infection and death rate hold a
negative correlation, simultaneously seizing both factors is
a complex task. However, fine-tuning each weight by delib-
erating the current and future trends would yield the opti-
mal response. Various new perspectives and approaches
are required to construct a productive vaccine distribution
strategy. In reality, the decision-makers select feasible can-
didates in the solution process according to multi-perspec-
tive analysis and establish a combined policy. This study
could be applied to the response plan for other possible
pandemics, such as regional vaccine distribution scenarios,
predicting the medical supply among the community,
adopting the new factors, and organizing the optimal strat-
egy at the right time and place.
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