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Abstract

The COVID-19 (SARS-CoV-2) spread around the globe could have been halted if we had had a better understanding of the
situation and applied more restrictive measures for travel adapted to each country. This is due to a lack of efficient tools to visualize,
analyze and control the virus dissemination. In the context of virus proliferation, analyzing flight connections between countries
and COVID-19 data seems helpful to understand spatial and temporal information about the virus and its possible spread. To
manage these complex, massive, and heterogeneous data, we propose a methodology based on knowledge graphs models. Several
analyses and visualization tools can be applied, and our results show that these knowledge graph models may be a promising way
to study the dissemination of any virus. These graphs can also be easily enriched with additional information that could be useful
in the future to analyze or predict other interesting indicators.
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1. Introduction

The International Epidemiology Association’s Dictionary of Epidemiology defines a pandemic as an epidemic
occurring worldwide” [1], and COVID-19 (SARS-CoV-2) is the most recent pandemic that has spread around the
globe. Even if we live in a globalized era, where new information is quickly made available on the Internet, there are
not enough restrictive measures, based on each country’s situation, against the virus to stop its spread from outbreak
to being a pandemic. This is primarily due to the lack of ways to visualize, analyze and control its proliferation, which
would also help raise people’s awareness of the possible severity of the virus. There are many tools to store and query
data, like relational databases, but most lack efficiency in conveying complex and highly linked large-scale data.
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There are approaches that propose a methodology to deal with viruses’ high heterogeneous linked data for pan-
demic detection and spread visualization by merging multiple ontologies [2], which are ”a formal, explicit specifica-
tion of a shared conceptualization” [3], and it gives us knowledge about a domain of interest by describing the concepts
in the domain and also the relationships between those concepts [4]. The only problem is that those approaches do not
handle massive data. To address this issue, we could use a graph-based approach that would be able to manage big
data [5].

In this paper, our objective is to address the management of complex data about COVID-19 and flight connections
as a graph-based knowledge format, known as a knowledge graph, to better analyze the spread of the virus using
different queries and graph algorithms to propose different measures to control its proliferation.

This article is organized as follows. First, the literature review recalls the definitions of knowledge graphs and how
it was used in other work against COVID-19. Later, we detail our methodology with some experiments to show the
feasibility of our proposal. Finally, we detail our perspectives on future work and conclusions.

2. Literature Review

Let Con be a countably infinite set of constants, a knowledge graph can be mapped as triples of (vy, e, v,), being v,
and v, nodes ids from the set of nodes ids V C Con, and e an edge id from the set of edge ids E C Con, both nodes
representing entities of a domain, and the edge representing the relationship between these entities. Different standard
modelings can represent those graphs, each conveying the same information but handling the data differently. As we
need to work with heterogeneous massive complex data from different sources, one clean and intuitive representation
is needed, so we chose to use property graph models [6]. Let G be a knowledge graph, a property graph is a tuple:

G=WV,E,L,PUelp) ey

where L C Con is a set of labels, P C Con is a set of properties/attributes that each node or edge could have, U C Con
is a set of values of their respective properties, e : E — V X V maps an edge id to a pair of node ids, [ : VU E — 2
maps a node or edge id to a set of labels, and p : VUE — 2P%U maps a node or edge id to a set of property-value pairs,
which allow us to avoid creating extra nodes and edges, as we put data directly inside the entities and relationships,
so this modeling makes knowledge graphs more concise.

Knowledge graphs existed for a long time, and many works expanded and analyzed the theory as [7, 8, 9]. However,
since Google made them popular [10], we can see the growing number of their applications in different domains. As for
virus tracking, there are relevant works for COVID-19 data analysis, like patient information tracking [11], by using
knowledge graphs to manage heterogeneous data about contact cases of patients that traveled inside their country, and
by using graph algorithms to extract information about the propagation of the virus.

The authors in [12] study the field of social networks, where users can be ranked according to diffusion information
using centrality algorithms. These algorithms are used to rank nodes in a knowledge graph according to their connec-
tions in the graph. Other examples from this same survey are given in other areas, such as biological networks, citation
networks, and urban street networks. The application of these different algorithms is possible by simply changing the
diffusion information in the network to the factor that we want to investigate. If we consider the number of COVID-19
cases as the diffusion information, we could observe how the virus spread around the network of countries. There-
fore, the only remaining task would be to select graph algorithms that are, in fact, relevant to our work. The chosen
algorithms and their usefulness are described in subsection 3.2.

Knowledge graphs can also convey spatial and temporal information that can be exploited by means of spatial
and temporal reasoning [13]. In particular, the edges may contain temporal context annotations [14, 15] that can be
exploited with Allen’s Logic [16].
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3. Methodology

As already expressed, the objective of the research is to manage heterogeneous massive complex data by using
knowledge graphs to create a consistent model about COVID-19 focusing on the flight connections among countries.
From that graph, we would be able to extract information to monitor the spread of the virus, leading to eventually
raising alarms in the case of suspicious configurations being detected.

We will focus on open data about flight connections and epidemiological data (number of cases, deaths, ...) during
the world’s first wave of COVID-19 (in January 2020). These data will be pre-processed to assure coherence among
them. Later, the knowledge graph will be built regarding the structure presented in subsection 3.1 in order to be
analyzed according to the algorithms described in subsection 3.2 to obtain pertinent information.

3.1. Knowledge Graph Construction

We show here which nodes and edges can be used to represent the COVID-19 data. It is not the only modeling we
can have, but it can represent enough concepts/classes of elements to track viruses’ cases, regional information, and
flight information. For the entities/nodes, we have:

e Country: Holds the unique Wikipedia link identifier and other descriptive information, such as latitude, longi-
tude, ISO2, and ISO3 codes;

o City: Holds the unique Wikipedia link identifier and the Wikipedia identifier of the respective country;

o Airport: Holds the ICAO unique identifier, its latitude, and longitude;

e Event: Holds diverse information about COVID-19 (such as the number of cases, deaths, vaccinated people, ...)
for a given date in a certain country.

For the edges/relationships between nodes, we have:

CITY_OF: connects a city to its respective country;

AIRPORT _OF: connects an airport to its respective city;

EVENT_OF: connects an event to its respective country and holds the date in which the event took place;
FLIGHT: describes a flight that connects two airports, with the date and other useful information. It can be
either international or domestic.

3.2. Graph Exploitation

Once the knowledge graph is built, we can extract, infer, and predict different pieces of information using graph
algorithms. These algorithms are introduced in this section and will be experimented in this paper.

We can analyze the spread of the virus in two possible ways, either we consider all the flights in the graph (re-
gardless of the fact that the countries may have zero COVID-19 cases), or we consider only the flights leaving from
countries that can effectively spread the virus because they already have some cases.

In subsubsection 3.2.1, we show the proposed centrality algorithms to extract information about our knowledge
graph, and in subsubsection 3.2.2 we will also propose another type of graph algorithm that could help us analyze our
graph.

3.2.1. Centrality Algorithms
The selected algorithms and the justification for this choice are the following:

Degree Centrality. This algorithm is used to rank nodes by the number of neighbor nodes (equation 2) [12].

ky

Cp(u) = -1

)
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where u is the node, k, the degree (of edges leaving, entering, or both), and n the number of nodes. There can be
multiple edges between two given nodes, implying that the degree centrality can be greater than one. This formula
can also be modified in order to have a version of this algorithm that includes edge weights by replacing k, with the
sum of the edge weights between u and its neighbors.

We can use this algorithm to rank the countries according to the number of flights to other countries, so we would
be able to know countries that could spread the virus to most other countries. We could also use this algorithm to rank
countries according to the number of flights from the first day they have a virus case, so we would be able to know
infected countries that could spread the virus to most other countries.

Betweenness Centrality. Betweenness centrality measures centrality in a graph based on shortest paths. For every
node pair in a connected graph, there exists at least one shortest path between the nodes such that either the number
of edges that the path passes through (for unweighted graphs) or the sum of the weights of the edges (for weighted
graphs) is minimized. The betweenness centrality for each node is the number of these shortest paths that pass through
the node (also called a bridge) [17]. We can use this algorithm to rank nodes as bridges (equation 3) [12].

Z 05t (1)
SFEFUFL (g,

G = D=2

3

being d(«) the number of shortest paths between nodes s and ¢ with node u acting as an intermediate node in the
shortest path, and dy, all shortest paths between ¢ and s. There can be multiple edges between two given nodes,
implying that the betweenness centrality can be greater than one. This formula can be modified to have a version of
this algorithm that includes edge weights by considering the weights in each path, as in the Dijkstra’s algorithm [18].

We could use it to analyze possible bridges among groups of countries in order to know where to apply restrictive
measures to block the flow of the virus among those groups.

Harmonic Centrality. This algorithm gives the ranking of nodes with the shortest paths to all other nodes considering
unconnected graphs (equation 4), as explained in [19].

Cu(x) =

1 1
4
n—1 Z dist(x;, x ;) @
JFL

where dist is the distance between two nodes, which can consider the weights of each edge in its calculation.
This algorithm can rank countries whose infected people could reach the other countries the fastest. The spread of
the virus could be slowed down by restricting travel from the most relevant countries classified by this ranking.

Eigenvector Centrality. It assigns a relative index value to all nodes in the network based on the concept that connec-
tions with high indexed nodes contribute more to the score of the node than the connections with low indexed nodes,
as explained in [12]. For a graph G(V, E), the eigenvector centrality is calculated with equation 5.

1
Ce() = + > AuC() s)

veV

where v is a neighbor of u, A is a constant, A is the adjacent matrix of uv, and V is the set of neighbors of u.
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This algorithm can rank nodes connected to other nodes with the highest number of cases and deaths. It means that
it can rank an uninfected country’s susceptibility to having cases of the same viruses. The governments of the most
susceptible countries should have the most attention to applying restrictive measures for arriving travelers.

3.2.2. Community Detection

We also can analyze the knowledge graph by using graph algorithms to find communities of countries, being a
community a group of countries that are disjoint from other groups. We can identify connected subgraphs disjoint from
each other by using the ”’Strongly Connected Components” algorithm [20]. We can use it to see disjoint communities
of countries during a period of time, so the virus from one community would not reach other communities in the
same period. We would also be able to identify the counties without any cases of a virus that could have future cases
because they were part of a community with at least one country with cases of the virus.

4. Experimentation & Results

In this section, we experiment with the datasets explained in subsection 4.1, as they are managed to achieve the
resulting knowledge graph, followed by the application of graph algorithms described before to extract relevant infor-
mation about the spread of the virus.

4.1. The Data
We choose to use the following two datasets:

e Crowdsourced air traffic data from The OpenSky Network [21]: It is a dataset with flights between different
countries from January 2019 to December 2021;

e Health World Organization dataset about COVID-19 [22]: It holds temporal data on COVID-19’s number of
cases, vaccinated people and deaths for each country, starting from January 2020 up to date.

In Figure 1, it is possible to see a timeline of events related to COVID-19. We chose to work only with data from
January 2020 because it was the month that the virus spread from two countries to another twenty-one, according to
the considered datasets. Therefore, we would be able to see the first spread of the virus around the globe and how it
could impact the graph algorithms described early.

2019-11-17 2022-01-31
First identified Last tracked day on
case on China 2020-03-11 OpenSky's dataset

W.H.O. defines Covid-19
as a pandemic

| —tt

2020-01-30 2020-08-10

W.H.O. defines Covid-19 Very fist vaccine
as outbreak

Fig. 1. Timeline of events about the spread of COVID-19.

4.2. The Pipeline

For this study, we will be working with the pipeline from Figure 2, which shows us how to get data from different
datasets to construct the graph and extract information from it. The left cylinder is the database that contains data about
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travels between different countries, and the right one contains information about COVID-19 cases around the globe.
Each rectangular node is a sub-package that will handle the data by doing what their names describe, going from
the collection, cleaning, and storing to creating the knowledge graph with instances of nodes of different classes. We
also have a sub-package to send the graph to a knowledge graph tool. Finally, the edges represent the command sent
between the nodes. The knowledge graph created by the "Graph Construction” node will be explored in subsection 4.3,
while the "Graph Algorithm Applier” applies the algorithms explained in subsection 3.2 on the graph.

Source |
Connections' Database COVID-19 Database
GET_DATA GET_DATA
Data Pre-processing Knowledge Graph Environment}
SEND SEND
[ Collector ]—)[ Cleaner ]—)[ Storer ] [ Graph Algorithm Applier ] [ Graph Viewer ]
PUBLISH STORE_AND_SEND (SEND_SUBGRAPH _~SEND_SUBGRAPH
graph Creator
SEND. SEND
DB Viewer :-—)[ Class Converter Graph Contructor Graph Tool
[EETaEr [o] T %ﬁmuw v

Fig. 2. Pipeline to extract information from sources and create the knowledge graph.

As for the implementation, the sub-packages from the "Data Pre-Processing” and ”Graph Creator” packages were
made with Python. As for the "Knowledge Graph Environment” package, we have chosen the Neo4j graph database to
integrate our graph. It is one of the world’s leading open-source NoSQL (Not only SQL) Graph Database Management
Systems [23] (GDBMS)'. More information about the implementation can be found on (https://github.com/
Gabriel382/C0OVID19-tracking-knowledge-graph).

4.3. Knowledge Graph
Figure 3 shows a subset of the created knowledge graph from the aforementioned data, focusing on the US node
and some of its relationships. The number of nodes per class and edges per relationship associated with the whole

knowledge graph are presented in Tables 1 and 2. The data and code can be found in the github repository mentioned
above.

/’j Airport a8

City a4

Country 2
—— T,

znzo-m-lzusg
a / Event 58

Ctrredl 2 2020-01-09US

Richmond

Fig. 3. Subset of our knowledge graph.

! https://db-engines.com/en/ranking
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Table 1. Number of nodes in each class.

Class Number of nodes
Country 244
City 33,291
Events 180,861
Airports 65,730

Table 2. Number of edges of each relationship type.

Relationship type Number of edges
CITY_OF 33,291
AIRPORT_OF 65,730
EVENT_OF 180,861
FLIGHT 2,583,438

4.4. Graph Algorithm Results

The knowledge graph from the last subsection makes it possible to extract information by either simple queries
or by applying graph algorithms. For instance, by queries, we know that in January of 2020, the virus started in
China and Finland and spread to other twenty-one countries over the month. All those countries and other eighty-two
countries are part of a community extracted with the ”Strongly Connected Components” algorithm. This means that
these eighty-two countries risk having new cases of COVID-19 soon, which was indeed the case.

The centrality algorithms operate on subgraphs composed of only one class of nodes and one type of relationship.
As we want to analyze the spread of the virus among country nodes, we create the following relationships:

1. EXTERIOR _FLIGHT: edge created between two countries for each FLIGHT edge between airports from the
considered pair of countries. This edge has a property called “from_infected”, whose value is equal to 1 if the
country from where the plane takes off has at least one case of the virus and equal to 0 otherwise;

2. INFECTED_EXTERIOR _FLIGHT: edge created between two countries for each existent EXTERIOR_FLIGHT
edge with property ’from_infected” with value 1.

We run the centrality algorithms analyzing the EXTERIOR_FLIGHT edge to know which countries could effi-
ciently spread the virus, regardless of whether they have it. We also run the algorithms on EXTERIOR_FLIGHT
(using the "from_infected” property as weight) or INFECTED_EXTERIOR _FLIGHT (when the algorithm does not
use weights) to know which infected countries could effectively spread the virus, as they already have cases. Both
results will be shown in two charts having the names of countries on the ordinate axis, while the abscissa is the value
of the result of the algorithm.

For this article, we focus on analyzing the virus’s global spread. However, it would also be possible to study the
spread between cities in the same country by analyzing domestic flights.

It is also essential to remember that even if the algorithms show that a country could have helped disseminate the
virus, it does not mean it happened. Nevertheless, the following results are indicators that can be taken into account
by each country’s government to establish appropriate countermeasures against the virus.

4.4.1. Degree Centrality
We can analyze the results of the unweighted and weighted versions of the algorithm in Figure 4. Even if the United
Kingdom has the most outbound flights during the considered period of time, the United States is the country that has
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the highest number of outbound travels since the day of the first confirmed case. By focusing on more restrictive
measures for travelers in those countries, the spread of the virus could have been reduced.

Weighted Centrality

Centrality
. United
United States
Kingdom
Germany Hong Kong
United Taiwan

States
France Spain

Italy Germany

0 10000 20000 30000 40000 0 5000 10000

Fig. 4. At the left, the centrality considers the EXTERIOR_FLIGHT relationship without weight, and at the right, considering the "from_infected”
as the weight.

4.4.2. Betweenness Centrality

From the results in Figure 5, we can observe that the United States is ranked as the most relevant bridge between
different communities of countries. Unfortunately, the virus is already present in the US during the considered period
of time, meaning that the country contributed strongly to the spreading of COVID-19 since the very beginning of the
pandemic.

Betweenness (EXTERIOR_FLIGHT) Betweenness (INFECTED_EXTERIOR_FLIGHTS)
United States United States
United Kingdom Germany
United Arab United Arab
Emirates Emirates
Germany Thailand

France France

0 500 1000 1500 2000 400

Fig. 5. On the left, the betweenness only considers the EXTERIOR_FLIGHT relationships without weight, and on the right, it only considers the
INFECTED_EXTERIOR _FLIGHT relationships.

4.4.3. Harmonic Centrality and Eigenvector Centrality

The Harmonic Centrality shows that Germany is the country with the shortest path to all other countries, which
means that it has direct flights to most of them, so it is also a country that should have restrictive measures for travelers.
The Eigenvector Centrality gives us the information that the United States is connected to countries with many cases,
which is dangerous as it is also the best bridge for the virus during the considered period of time.

5. Conclusion

In this paper, we have presented a methodology to manage massive heterogeneous complex data about the pro-
liferation of COVID-19 using knowledge graph modeling by merging data from different trustworthy sources using
simple identifiers. This knowledge graph can easily receive more data from the same and different sources by using
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Harmonic Centrality Eigenvector Centrality
ranee Kingdom
emirae: I
Emiates e |

0,0 0,1 02 03 0,4 00 01 02 03 04 05

Fig. 6. At the left is the Harmonic Centrality, and at the right is the Eigenvector Centrality, both applied over the EXTERIOR_FLIGHT relationship
with “from_infected” as weight.

the modeling and node identifiers shown above, and it can also be easily modified to fit into other types of modeling.
This gives data scientists a database that conveys more information by visualization than relational databases. It gives
those who work in the medical field a chance to analyze the spread of the virus through certain periods of time. The
knowledge graph is also a tool to see the evolution of the proliferation as new data is added to it, so it can be used to
make people aware of the severity of the virus.

We proposed to use queries and graph algorithms to extract useful pieces of information from the knowledge graph.
The centrality algorithms can be used to find countries that could effectively diffuse the virus to other countries around
the globe due to a certain period of time. The same algorithms can also be used to visualize how countries with cases
of viruses can influence the dissemination to other countries. We can also use community detection algorithms to
find communities of countries of interest in our knowledge graph, such as the ”’Strongly Connected Components”
algorithm to find clusters of disjoint communities of countries to identify counties that could have cases in the future.

In the future, we will apply spatial and temporal reasoning to further analyze the spread of the virus according to
the geographic position of the countries and the temporal aspect of the dissemination (like flight date and increase
of the number of cases on another date). There is also the possibility of trying to predict future cases of the virus in
countries that never had it before by trying to predict an edge between an event and a country. We can achieve this by
using a group of methods called Link Prediction [24]. These methods tend to have more accurate predictions as the
data increases. It would be interesting to experiment with Link Prediction utilizing more months of COVID-19 data.

Many Link Prediction methods can only be applied to floating number vector representations of knowledge graphs,
also known as embeddings. There are many embedding algorithms, but they can be separated into two categories:
homogeneous embeddings that consider only one class and only one relationship [24] and heterogeneous embeddings
that consider multiple classes and relationships [25]. In future works, it would also be interesting to analyze the results
of these different embeddings in our knowledge graph and the impact of both on the accuracy of the Link Prediction
methods.

Finally, this research is part of a framework for a larger research project. In this project, we propose using knowl-
edge graph models to try to detect the emergence of new health risks by means of social media, biomedical literature,
and news media mining. Similar work was done in the field of social politics [26]. However, our methodology con-
siders biomedical data and can extract viruses’ information directly from texts from different sources. This approach
could give us data about possible new viruses, and by using the methodology shown in this paper, we would be able
to manage this data in order to analyze useful indicators about the spread of emergent viruses.
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