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1 Introduction

Infectious diseases are an international
issue responsible for millions of deaths ev-
ery year, representing a threat to a coun-
try’s economy and health systems. Infec-
tious diseases are the second highest cause
of death, accounting for 25% of all deaths
worldwide (WHO, 1999). Throughout his-
tory, the world has suffered several waves
of outbreaks, epidemics and pandemics:
Black Death in 1346, Spanish flu in 1918
and most recently HIV at its peak in 2005.

On the other side, vaccines were intro-
duced to the world over 200 years ago by
the works of Edward Jener. They became
one of the major contributors to global
health as a simple and effective way of pro-
tecting population from diseases and infec-
tions. However, the anti-vaccination move-
ment was revived “in recent years by the
publication of a paper in The Lancet by a
former British doctor and researcher, An-
drew Wakefield” (Hussain, Ali, Ahmed, &
Hussain, 2018) and the repercussions of his
work spread around the world, leading to
MMR vaccination rates dropping in most
countries. As a result, multiple outbreaks
of measles were reported across Europe and
USA between 2000 and 2011 and continue
to this day.

According to the World Health Organi-
zation (WHO), the high mobility of popu-
lations is one of the main reasons for con-
cern about the spread of infections. The
increase of global mobility and air traffic in
the past few decades, allowed infectious dis-
eases to spread within countries and conti-
nents more easily (Stattner & Vidot, 2011).
In addition, there has been an increase in
costs of developing new vaccines resulting
in a major challenge for countries where
these vaccines could be of use.

Therefore, it becomes necessary to study

how Infectious diseases spread across lo-
cations and to establish adequate vaccina-
tion strategies. The field of Social Network
Analysis has developed a variety of mea-
sures to determine the role that an individ-
ual has in a population, taking into con-
sideration the number of contacts made,
the proximity of individuals and how fre-
quent individuals cross paths with each
other (Christley et al., 2005). Thus, this
paper focuses on the analysis of different
transmission routes when a new highly con-
tagious infectious disease has developed,
using the USA airport transport data as
the network representation. The main ob-
jectives of this research is to identify the im-
pact of a highly contagious virus and what
is the most effective vaccination strategy to
reduce it’s impact.

This paper is organized in 6 sections.
Previous related work on Social Network
Analysis applied to the field of epidemiol-
ogy is described in Section II. The method-
ology used to run different simulations con-
sidering several assumptions is presented
in Section III. Section IV is dedicated to
presenting the experiments and results ob-
tained. Section IV is dedicated to present-
ing the experiment conducted while section
V looks at the results. A discussion about
the papers findings and related future work
is presented in Section VI with concluding
remarks in Section VII.

2 Related Works

Social network analysis (SNA) is the study
of relationships between individuals, en-
tities or objects that can be visualised
and represented as a network in a sin-
gle graph. While the term social is in-
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cluded in SNA, the relationships stud-
ied aren’t limited to personal relation-
ships. Examples of SNA research topics
include analysing the links between com-
panies share prices in the stock market as
outlined in (Huang, Zhuang, & Yao, 2009)
and (Mantenga, 1998), analysing the ef-
fects of sentiment across online platforms
as outlined in (Raccaa, Casarin, Squaz-
zoni, & Dondio, 2016) and (Casnici, Don-
dio, Casarin, & Squazzoni, 2015) and as-
sessing vulnerabilities in power grid net-
works to identify weak points (Pagani &
Aiello, 2013).

Our research has primarily been influ-
enced by the paper published by (Karkada,
Adamic, Kahn, & Iwashyna, 2011) which
used USA critical care hospital patient
transfer records to simulate the spread of
highly resistant hospital acquired microor-
ganisms to assess it’s impact on the net-
work. They showed that the median time
for the virus to spread across the full net-
work was 21 and a half years while the best
containment strategy was to focus infection
control resources to key hub hospitals using
a greedy algorithm.

Some research papers in this area focus
on the spread of viruses in a community
and describe what this looks like in network
analysis terms (Salathé et al., 2010) while
others focus on finding effective early warn-
ing indicators of the rapid spread of viruses
to prevent epidemics (Christakis & Fowler,
2010). Various case studies have also been
conducted in order to identify the source of
disease and predict future outbreaks. Ex-
amples of this are the study into the spread
of Ebola in Africa by (Nadhem & Nejib,
2015) and the study of the cases of swine

flu in humans by (Myers, Olsen, & Gray,
2007).

This focus of research has been popu-
lar over the years and has perhaps influ-
enced the rise of apocalyptic and post-
apocalyptic story lines in popular culture.
Hollywood movies such as World War Z
and I Am Legend take influence from the
possibility of a mass breakout of a deadly
virus resulting in a significant amount of
deaths of the world’s population.

3 Methodology

3.1 Data Gathering and Description

Two datasets were used to produce this
analysis. First, a dataset 1 containing more
than 3.5 million records of USA Domes-
tic Flights from 1990 to 2009, including in-
formation about origin airport, destination
airport, number of passengers transported
and number of seats on plane, population
at destination and population of origin city.
Secondly, a dataset 2 with airports location
information, which includes name and code
of airport, latitude and longitude coordi-
nates and IATA airport codes.

3.2 Data Preprocessing

Though the domestic flight data is a rich
source of information, there was an issue
with missing data. In the initial data ex-
ploration phase, we discovered that approx-
imately 0.2% of the longitude and latitude
variables were null. As these are quite use-
ful attributes for plotting, we decided to
source another dataset to enrich the infor-
mation we already had. This additional

1Flights information can be downloaded from: https://www.kaggle.com/flashgordon/usa-airport
-dataset

2Dataset including airports code and location can be downloaded from: https://www.kaggle.com/

dell4010/airports
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data set contained airport specific informa-
tion and included the coordinates for each.
Joining this to our original dataset required
matching on the IATA code where possi-
ble and on the local code where not. We
also used the city and state to ensure we
matched to the correct airport as in some
cases there were duplicate codes for dif-
ferent airports. This data enrichment was
completed at the node creation phase as we
only needed the additional airport data at
a node level and not at an edge level.

We created the graph in two phases.
The first phase consisted of sub-setting
the data based on the chosen time period
and then combining each of the origin and
destination airports into one complete set.
Next, we joined on the additional airport
data. Finally, we assigned each airports
susceptible, infected and removed popula-
tions. These values were based on the aver-
age population of the relevant city divided
evenly between all the airports in that city.
Each node in the graph was identified by
the three-digit IATA code and given at-
tributes including name, city, state, sus-
ceptible, infected, recovered and deceased
populations.

The second phase consisted of adding the
edges between the nodes. For this we first
had to subset the data such that every ori-
gin and destination airport was already a
node in our graph. Secondly, we had to
calculate the number of flights and passen-
gers per day based on the total number of
days in the chosen time period. The weight
of each edge was determined by the number
of flights per day between each airport as
it represented the strength of the connec-
tion. The number of passengers per day
was required so that for each iteration we
knew how many passengers travelled be-
tween two nodes. Finally, we included the
average distance for each route as it could

be used as a parameter to calculate close-
ness centrality.

3.3 The Virus

The hypothetical virus that has been used
in our models is based on the severe acute
respiratory syndrome (SARS) virus that
was prominent in Asia in 2002 and 2003.
Patients exposed to SARS developed flu
like symptoms allowing for them to go un-
detected until they sought medical help
as a result of their worsening condition.
While SARS patients were not contagious
until they developed a fever and had an in-
cubation period of between 2 to 10 days
(HSE West, 2012), our hypothetical virus
has a rapid onset time resulting in im-
mediate transferal upon contraction. This
results in airport travellers being particu-
larly susceptible to contracting the virus as
the virus will spread through respiratory
droplets that can travel through air vents
in airplanes and airports.

A study of SARS in Singapore recorded
the infection rate of patients as 19% (CDC,
2003) and this will be the infection rate of
travellers in our model. In a publication re-
leased by the WHO, the virus had a fatality
rate of 9.6% (WHO, 2004). While this is a
relatively low figure when compared to dis-
eases like Ebola and meningitis, SARS has
been chosen as the basis of this virus due
to its easily transferable properties.

Later in our simulation, we introduce a
vaccination into the population which be-
gins to cure and remove passengers from
the network. Typically, vaccination devel-
opment can cost anything from half a bil-
lion to a billion dollars (Plotkin, 2017) and
take between 10 to 15 years (Han, 2015)
however our hypothetical vaccination was
developed in an extremely short period of
time. This was as a result of developing a
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new type of vaccine that can be spread by
human transmission and was influenced by
the research published by (Nuismer, May,
Basinski, & Remien, 2018) who show the
benefits of developing such a vaccination.

In order to account for the rapid devel-
opment of the vaccination in such a short
space of time, we have included a random
chance variable into our model that allows
for instances of vaccination failure resulting
in some passengers remaining infected.

3.4 Outbreak Design

In this study, we used USA domestic flight
data to represent a directed graph of the
contact network through which a new infec-
tious disease would be transmitted, where
each node represents an airport with flights
representing the edges between them. The
infectious disease is considered capable of
being spread from an airport a to another
airport b once there exists a directed edge
from a to b and node a has been infected
in a previous iteration.

The spread of the virus through each
node of the network was simulated using a
susceptible-infected-removed (SIR) model
including mortality rates (Hill, Rand,
Nowak, & Christakis, 2010). In each in-
dividual node the airport population goes
through three potential stages during the
epidemic process:

S I R

• Susceptible (S): represents the popu-
lation that is susceptible to infection
from its neighbours.

• Infected (I): represents the infected
population which will carry the dis-

ease and it will infect each susceptible
neighbour with a given probability.

• Removed (R): represents the popula-
tion that has been removed from con-
sideration after the node has been in-
fected. There are two possible op-
tions that lead to removal, a propor-
tion of the population could be re-
moved due to death or due to recov-
ering from the infection.

At the beginning, the entire population
is assumed to be susceptible before the in-
troduction of the virus. The number of pas-
sengers that can possibly fly on a given day
is calculated and assigned to each one of
the stages, these being mutually exclusive.
Therefore, the same person can’t belong to
two stages at the same point in time (e.g.:
infected and deceased).

Susceptible (S), Infected(I):A random
airport (node) was selected to start the out-
break from which a certain number of pas-
sengers would become infected before flying
to their respective destinations. At each it-
eration, an infected airport carries passen-
gers along each of its edges to other nodes
and for each outbound flight, the potential
passengers for a route are randomly dis-
tributed between each stage (FlySt , FlyIt ,
FlyRt), as presented below:

FlySt = Passengers ∗ (
St−1 ∗Dir(S)

N
)

(1)

FlyIt = Passengers ∗ (
It−1 ∗Dir(I)

N
) (2)

FlyRt = Passengers ∗ (
Rt−1 ∗Dir(R)

N
)

(3)
Where:
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• Passengers represents the daily num-
ber of passengers for that route.

• N represents the total population
that can actually fly.

• Dir(S), Dir(I), Dir(R) represent
the probability for Susceptible, In-
fected and Recovered population re-
spectively sampled from the Dirichlet
distribution.

• St−1 represents the susceptible popu-
lation remaining from previous step.

• It−1 represents the infected popula-
tion remaining from previous step.

• Rt−1 represents the recovered popu-
lation remaining from previous step.

Consequently, the infection rate is ap-
plied to a proportion of the remaining sus-
ceptible population in each connected node,
as presented below:

SIt = St−1 ∗ β (4)

Where:

• β represents the infection rate.

• SIt represents the number of suscep-
tible passengers infected at iteration
t.

• St−1 represents the susceptible pop-
ulation remaining from previous iter-
ation.

Therefore the total number of passengers
infected is represented by:

It = SIt + FlyIt (5)

An important assumption of this model
is the fact that a node is considered to

have been infected the first time any in-
fected passengers reached it. Once infected,
a node is never again considered healthy.

Infected(I), Recovered(R): Each origin
airport, in every iteration, has access to
vaccination resources which are distributed
according to different allocation strategies.
Hence, the number of susceptible passen-
gers infected in each iteration were adjusted
to take into consideration the application of
such resources resources:

I∗t = It ∗ αt (6)

Where:

• It it is the number of passengers in-
fected at iteration t.

• αt represents the resource reduction
rate at iteration t.

The application of the vaccine started af-
ter 30 days and it was applied to the entire
infected population before traveling to the
destination airport. Thus, those passengers
receiving the vaccine would have a chance
of being cured before departure. The num-
ber of infected passengers cured in each it-
eration is calculated by:

Ct = It − I∗t (7)

To take account for potential vaccination
failures, for each time the vaccine is applied
there is a random chance between 0.8 and
0.99 it will succeed. To calculate the num-
ber of cases where the vaccination failed we
used:

Ft = Ct ∗ (1 − γ) (8)

Where:

• Ft is the number of cured cases where
the vaccination was not effective at it-
eration t.
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• Ct is the number of passengers cured
at iteration t.

• γ represents the vaccination success
rate.

The actual number of cured passenger is
then given by:

C∗
t = Ct − Ft (9)

Those passengers whose vaccination fails
will remain infected while the successfully
vaccinated passengers recover. The number
of recovered passengers at each iteration is
given by:

Rt = FlyRt + C∗
t (10)

The last step in the iteration is the calcu-
lation of the deceased passengers, once all
the passengers have travelled:

Dt = (I∗t − C∗
t ) ∗ δ (11)

Where:

• Dt is the number of deceased cases at
the end of iteration t.

• It is the final number of infected pas-
sengers at iteration t.

• Ct is the final number of cured pas-
sengers at iteration t.

• δ represents the virus mortality rate.

3.5 Resource Allocation Strategy

This study considered different resource al-
location strategies:

• None: Zero resources assigned to air-
ports.

• Even: One resource assigned to each
airport.

• Degree: Resources assigned propor-
tionally to the average between the
in-degree and out-degree measures.

• Eigenvector centrality: Resources al-
located by the relative importance of
the airport in terms of how many im-
portant connections it has.

• Closeness centrality: Resources allo-
cated based on the distance between
nodes.

• Cluster coefficient: Resources allo-
cated based on the clustering coeffi-
cient of the node.

• Greedy: Resources assigned by the
proportion of infected people at each
node (most infected airport would get
more resources). At every single iter-
ation the resources are re-distributed.

When applied, a single resource pro-
vides a 25% reduction, while every resource
thereafter provides a multiplicative reduc-
tion equivalent to the method applied by
(Karkada et al., 2011). This is employed to
capture diminishing returns. Equation 12
illustrates how the resources reduction rate
is estimated:

αt = (1 − 0.25)Rj (12)

Where:

• αt represents the resource reduction
rate at iteration t.

• Rj is the number of infection control
units allocated to node j.
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4 Experiments

For the experiments we isolated flight data
for 2008. In total, we ran 10 trials for each
of 7 conditions. For details of the condi-
tions see table 2. Each trial began by se-
lecting a node at random to be the source
of the disease. From there the simulations
ran for a number of iterations equal to the
total number of days in the chosen time
period (365 days). At each iteration an in-
fected airport carries passengers along each
of its edges to other nodes. The potential
passengers for a route are sampled at ran-
dom from the S, I and R populations of
the node using a Dirichlet distribution of
random numbers whose sum is one. These
are then used to proportionally divide the
actual passengers for a route into each cat-
egory.

For each iteration the susceptible pop-
ulation that travels has a 19% chance of
becoming infected. After 30 iterations, de-
pending on the vaccination strategy em-
ployed all infected passengers have a chance
of being cured. This is determined by the
origin airports ability to tackle the disease
before its passengers leave the airport. This
is calculated using the resources available
to the airport at the time as outlined in
equation 12 above. In the case where no
resources are available, a 0% reduction rate
is used.

In all cases except for the greedy condi-
tion, the resources are applied once at the
beginning and remain unchanged through-
out the experiment. In the greedy con-
dition, since resources are based on the
proportion of infected population at each
node, at every iteration the resources are
re-distributed.

As referred to in the description of the
virus, to take account for potential vaccina-
tion failures, each vaccination has a random

chance between 0.8 and 0.99 it will succeed.
Passengers whose vaccination fails remain
infected while the successfully vaccinated
passengers recover.

Once all the passengers have travelled in
an iteration, we calculate fatalities at a rate
of 9.6% of the remaining infected popula-
tion.

The outputs for each condition (includ-
ing the node updates and the population at
each iteration) were averaged across all tri-
als to ensure that an accurate estimation of
the disease spread through the network was
calculated. This also ensures we took sit-
uations where the chosen source node has
no edges and therefore cannot spread the
disease into consideration.

A single trial took in the range of 8 min-
utes to complete with all trials for all con-
ditions taking approximately 8 hours.

Finally, in order to determine which vac-
cination strategy was the most effective, we
used t-tests to compare the mean infected
population across all simulations for each
of the conditions.

5 Results

5.1 The USA Airport Network as a
Graph Network

Once our network was created, we were
interested in discovering its structure and
key features. This section will briefly cover
these points.

Our results indicate that the airport net-
work exhibits characteristics of a scale-
free network as described by (Barabási &
Bonabeau, 2003). By calculating the num-
ber of edges connected to each node (the
degree distribution) and graphing the re-
sults, we can see a highly skewed and long
tailed distribution - a classic power law dis-
tribution. This allows us to conclude that
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the airport network has a small number
of hubs with a high degree of connectiv-
ity. These types of networks are generally
resistant to random removal of nodes and
vulnerable to targeted removal of key nodes
(Sridhar & Sheth, 2008).

Figure 1: Degree distribution of the airport
network

To determine what was the most impor-
tant node in the network, the eigenvector
centrality measure was used. This mea-
sure ranks all nodes against each other on
a scale of 0 to 1 and tells us if nodes with
high scores are connected to other nodes
who also have high scores. With this mea-
sure, Hartsfield Jackson Atlanta Interna-
tional Airport is the most important node
in our network.

Distance metrics allow researchers to dis-
cover the average graph distance between
all pairs of nodes. Two of these mea-
sures are betweenness centrality (how of-
ten a node appears on the shortest path
between nodes thus determining its influ-
ence) and closeness centrality (the average
distance from a given starting node to all
other nodes). While Hartsfield Jackson At-
lanta International Airport has been deter-
mined to be the most important due to its
eigenvector centrality measure, St Paul In-

ternational airport in Minneapolis has the
highest betweenness (15483) and closeness
(0.68) centrality measures. Below is a sum-
mary table of network properties of our air-
port network.

Network Graph Properties

Property Value

Number of Nodes 516
Number of Edges 15022
Average Degree 29.1
Network Diameter 5
Graph Density 0.057
Modularity 0.202
Average Clustering Coeffi-
cient

0.507 3

Average Path Length 2.46

Table 1: Summary of airport network
graph properties

Modularity is a useful community detec-
tion tool in SNA that is used to identify
groups of similar nodes together. As out-
lined by (Newman, 2006), modularity is the
number of edges between a group of nodes
minus the expected number if the edges
were randomly distributed. This allows us
to conclude that links identified are as a re-
sult of a relationship rather than by chance.
In our network, the modularity is 0.202 re-
sulting in 5 distinct communities although
community 3 only contains 0.19% of the
network and isn’t visible in the resulting
graph. Figure 2 shows resulting divisions.

3Significant compared to 1000 random graphs generated with the same number of nodes and edges
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Figure 2: Network modularity

Finally, when we use remove the geo-
graphical layout from our graph, we’re left
with a clear scale free community-based
network.

Figure 3: Scale-free community based net-
work

5.2 Simulation results

In our experiments we analysed the spread
of a SARS mutation across the United
States airport network in 2008 under seven
different vaccination strategies. In total
there were over 7 million flights transport-
ing 534m passengers between 516 airports
in an estimated population of just over
380m.

In the network all nodes had connections,
though not all nodes could spread the dis-
ease. In total there were 20 nodes (3.88%)
that had no outgoing connections and as
such could never spread the disease. Fur-
thermore, there were 11 nodes that could
spread the disease but could never receive
it. This meant that 96.12% of the graph
could initiate the spread of the disease and
2.13% would never become infected.

In order to assess the effectiveness of
network-aware allocation strategies we first
simulated the spread of the disease with
no resource allocation. This allowed us to
identify how the disease would behave if it
could spread freely. We found that on av-
erage, given the high degree of certain hubs
and the high average clustering coefficient,
after 5 iterations all airports that could be
infected had been infected.

Since we implemented an arbitrary 30
day delay to simulate the time to mobilize a
vaccine, this was consistent across all of our
simulations for each strategy. As a result
the simulation does not assess the vaccina-
tion strategy’s ability to stop the disease
spreading to the entire network, rather its
ability to tackle the infection once it has
spread. After 365 days, with no vaccination
strategy in place the average infected popu-
lation was just over 2.2 million inhabitants
(s.d. 775,431). When a single resource was
allocated to each of the 516 nodes, the aver-
age infected population after 365 days was
1,184,061 (s.d. 416,057), which is almost
half.

With these as the baseline results, we
implemented the network-aware strategies
and compared the results. Details of each
strategy can be found in table 2 of the ap-
pendix with full details of the results avail-
able in table 3 of the appendix. In all cases
utilizing network measures as a means of
distributing the resources was more effec-
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tive than equally distributing them, though
some strategies were more effective than
others.

Distributing resources based on either
closeness centrality or clustering coefficient
showed the least improvement at 1,027,564
(s.d. 541,579) and 1,166,089 (s.d. 614,598)
infected population after 365 days respec-
tively. Though an improvement upon, nei-
ther were significantly better than equal
distribution (p > 0.05). The most success-
ful strategies were degree centrality, eigen-
vector centrality and greedy with infected
populations of 533,762 (s.d. 183,151),
521,210 (s.d. 1975) and 369,661 (s.d.
3019) respectively. Each strategy more
than halved the average infected popula-
tion compared to equal distribution and
had the effect of reducing the infected pop-
ulation more than 4-fold when compared
to no resources. All three were significantly
better than the baselines (p< 0.05). Figure
4 below shows the percentage of infected
population at each iteration (this does not
include the deceased population which is
included in figure 6 in the appendix).

Figure 4: Percentage population at each it-
eration

The greedy algorithm which targeted the
most infected nodes was the most effective
method of resource allocation. It was sig-
nificantly better than all other algorithms
(p < 0.05). Not only was it the most

effective for reducing the number of in-
fected inhabitants, it also resulted in the
least amount of mortality’s having cured
the most amount of people.

6 Discussion

This research shines a light on the potential
impact a mass virus breakout could have
in a relative short space of time. If such
a highly contagious virus were to develop,
the relevant authorities would struggle to
contain it before it would kill a substan-
tial amount of people. Without a strategy
in place, our research indicates that 80 mil-
lion people will succumb to the virus within
the first 365 days. It’s worth mentioning
that the most effective strategy would be
to ground all flights in such an event how-
ever this would need to be combined with a
halt to all other forms of transport includ-
ing road and rail, a highly unlikely possi-
bility both politically and practically.

It is unsurprising that the results of our
research are closely related to (Karkada et
al., 2011). They modelled the potential
impact of a contagious disease across the
USA through critical patient transfers be-
tween hospitals showing that the best con-
tainment strategy was to target hospitals
with the most transfers using a greedy al-
gorithm. The higher the number of passen-
gers passing through an airport, the higher
the chance of spreading the disease. Both
studies highlight the importance of tar-
geted, measured and dynamic strategies.
Our results show that while distributing
resources using the airports network mea-
sures of importance of degree and eigenvec-
tor centrality has a statistically significant
impact, a more effective strategy is to use
a dynamic, evolving strategy.

Our findings shouldn’t be limited to the
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USA airport network. As mentioned above,
this can be applied to any transport net-
work where people must travel through
central hubs to get to their destination.
This study can be expanded to other ar-
eas of research like information diffusion
and malware attacks. A SNA could be
used to investigate the impact social me-
dia has on sales, otherwise known as the
influencer market. Social media shares a
similar network model as the one studied in
this paper - there are celebrities who have
an exponentially higher number of follow-
ers than the average user resulting in the
influencer market. It would also be very
beneficial for investigating what clusters of
IP addresses are particularly susceptible to
sustained malware attacks.

While this simulation study highlights
the impact of a virus outbreak, is it just
that: a simulation. We included tight
restrictions and made many presumptions
that limits the influence it should have on
policy makers. Because we focused on the
USA airport network, it was a closed pop-
ulation. This means we chose not to con-
sider other methods of transportation of
the virus as well as the impact of inter-
national flights. It also means that we
chose not to include passengers on return-
ing flights, presuming passengers only flew
one way. Furthermore, being able to de-
velop and manufacture a vaccine in such a
short space of time (30 days) is an aspect
of this simulation that is favourably unre-
alistic. However, one definite take away is
the need for a dynamic strategy in fighting
such an outbreak. Policy makers must con-
tinually reassess situations as they develop,
refraining from resting on their laurels if an
event like this were to happen in the real
world.

There are various other potential areas
of research that could be undertaken in the

same vain. 1) Use a world-wide network
of flights to investigate the spread of the
disease around the globe. Other methods
of transport like road and rail could also
be taken into consideration. 2) Use a dif-
ferent combination of infection, death and
cure rates. Our infection rate was par-
ticularly high resulting in a rapid spread
of the disease. It would be interesting to
compare results with a lower infection rate
and expand the study over a several years
rather than 365 days. 3) Build a more com-
plex model that considers returning pas-
sengers, cabin crew transfers and calcula-
tions that depend on actual flights per day
rather than using an average per day. 4)
Use a more realistic time frame for devel-
oping a vaccine. This would mean taking
other containment strategies into consider-
ation while the vaccine was being developed
and manufactured.

7 Conclusion

We have conducted a simulation study of
the spread of a highly contagious disease
across the USA airport network over 365
days using real flight data. We have shown
that a virus with a high transmission rate of
19% will spread to all possible nodes within
5 days. This is as a result of the scale free
network the airport network is. In such a
network, hubs are connected to many air-
ports and become hives for transmission al-
lowing the virus to spread at a rapid pace.

We also assessed the impact of using
graph network properties to manage the
distribution of vaccine resources. While
closeness centrality and clustering coeffi-
cient reduced the spread of disease, they
were statistically insignificant when com-
pared to equal distribution (p > 0.05). The
properties of degree centrality and eigen-
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vector centrality reduced the spread and
were statistically significant (p < 0.05).
The most effective strategy was one which

used a greedy algorithm. It was statisti-
cally significant (p < 0.05) and resulted in
the least number of deaths.
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8 Appendix

Strategy Description

None No resources assigned

Equal One resource assigned

Degree Resources were assigned proportionally to the
average between the in-degree and out-degree
measures

Eigenvector centrality Resources were allocated by the relative impor-
tance of the airport in terms of how many im-
portant connections it has

Closeness centrality Resources were allocated based on the distance
between nodes

Clustering coefficient Resources were allocated based on the clustering
coefficient of the node

Greedy Resources were assigned by the proportion of
infected people at each node (most infected air-
port would get more resources). At every single
iteration the resources are re-distributed

Table 2: Vaccination strategies

Strategy Susceptible Infected Recovered Deceased

None 299,889,345 2,206,890 - 80,565,560

Equal 308,542,916 1,184,061 20,686,826 52,247,991

Degree 306,311,533 533,762 47,832,643 27,983,857

Eigenvector centrality 313,608,921 521,210 41,635,652 26,896,012

Closeness centrality 317,008,316 1,027,564 19,178,225 45,447,690

Clustering coefficient 315,840,712 1,166,089 15,360,896 50,294,099

Greedy 307,302,612 369,661 53,584,636 21,404,886

Table 3: Vaccination results: average after 365 days
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Figure 5: USA airport network with unranked nodes and unweighted edges

Figure 6: Percentage population at each iteration
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