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Abstract: Since first outbreak of respiratory disease in China, the Coronavirus epidemic 
(COVID-19) spread on a large scale, causing huge losses to individuals, families, commu-
nities and society in the country. The conventional research on the transmission process is 
basically to study the law or trend of the transmission of infectious diseases from a macro 
perspective. For in-depth study of the critical data of the newly confirmed patients, one 
effective way to improve the social isolation measures requires the formation of an organized 
tracking knowledge system for the confirmed patients and the personnel who have been 
removed, and the deep data mining and application. Knowledge graph (KG) is one of the 
irreplaceable techniques to quickly gather patient contact information and outbreak event, 
which reflecting the relationship between knowledge evolution and structure of novel 
Coronavirus. Therefore, this paper proposes a method for the analysis of COVID-19 epi-
demic situation using knowledge graph combined with interactive visual analysis. Firstly, 
based on the key factors of novel Coronavirus disease, the entity model of the patient, the 
relationship type of the patient and the expression of knowledge modeling were proposed, 
and the knowledge graph of the action track of the COVID-19 patient was deeply explored 
and comparative summarized. Secondly, in the process of constructing knowledge graph, 
conditional random field (CRF) algorithm is used to extract entity and knowledge. 
Meanwhile, to better analyze the disease relationship between patients, the semantic relation-
ship of knowledge graph was combined with the visualization of knowledge graph, and the 
semantic model was verified by deep learning calculation and node attribute similarity. To 
discover the community detection of patients in the patient knowledge graph, this paper uses 
PageRank combined with Label propagation algorithms to discover community propagation 
in the network. Finally, COVID-19 epidemic situation was analyzed from confirmed patient 
data and multi-view collaborative interactions, such as map distribution visualization, knowl-
edge graph visualization, and track visualization. The results show that the construction of 
a knowledge graph of COVID-19 patient activity is feasible for the transmission process, 
analysis of key nodes and tracing of activity tracks. 
Keywords: COVID-19, knowledge graph, Neo4j, CRF, tracking

Introduction
COVID-19 is a new strain of Coronavirus that has not been previously identified in 
humans. The COVID-19 is the cause of an outbreak of respiratory illness first 
detected in Wuhan, Hubei province, China.1 Coronaviruses are a large family of 
viruses that are known to cause illness ranging from the common cold to more 
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severe diseases, such as Severe Acute Respiratory syn-
drome (SARS) and Middle East Respiratory Syndrome 
(MERS).2 Novel Coronavirus began to appear when 
a number of patients in Wuhan, Hubei Province, China 
associated with a large seafood and live animal market, 
indicating animal to human transmission. Subsequently, 
more patients were reported to have had no contact with 
animal markets, indicates that human-to-human transmis-
sion. There have been subsequent reports of human-to- 
human transmission outside Hubei and in countries outside 
China, including the United States. As in the United 
States, most international destinations now have sustained 
community transmission of the virus that causes COVID- 
19.3 As of May 12, 2020, the virus outbreak lead to more 
than four million total confirmed cases and 289,932 
deaths, and the Coronavirus is affecting 212 countries 
and territories around the world.4

One method of controlling the communicable diseases 
is the use of a surveillance system to track the exposed and 
infected individuals, as well as contacted tracking.5–8 

However, the existing trajectory tracking systems have 
defects in temporal and spatial resolution.9,10 At the 
same time, the information and action track of patients 
play a key role in the control of the epidemic. However, 
the data of infected patients are usually from countries or 
regions, and decision-makers are unable to obtain the key 
track of infection from the data in the face of the sudden 
increase in data, which leads to the low efficiency of social 
isolation and isolation measures simultaneously.11 

Currently, we are in a critical period of fighting against 
the epidemic, but the overall cognitive ability to track the 
movements events and spread of patients is just simply not 
enough.

Knowledge graph is a knowledge representation form 
of structured knowledge by extracting domain entities, 
attributes and their interrelationships from massive text 
data with the help of information processing 
technology.12 In this paper, the knowledge graph helps 
track the motion trajectory of novel Coronavirus patients. 
By introducing a knowledge graph, you can integrate 
“knowledge” with information about different patients 
and get the information you need from travel information 
and its close contacts. In this way, not only can the infor-
mation of all infected patients be effectively integrated, but 
also regional prevention and control can be carried out 
through the track information. In the field of novel 
Coronavirus infection, due to the confidentiality of emer-
gency and personnel information in this field, it is difficult 

to obtain relevant data, and the inter-entity relationship is 
relatively complex. As a result, the accuracy of knowledge 
extraction based on unstructured data is limited, so it is 
faced with a series of difficulties to construct the knowl-
edge graph of motion trajectory of novel Coronavirus 
confirmed patients.

Actually, Google first proposed the concept of knowl-
edge graph in 2012. After bringing in the knowledge graph 
technology in the search engine fields, the search engine’s 
knowledge query efficiency has risen dramatically.13 For 
example, DBpedia,14 a multi-language knowledge graph 
based on Wikipedia data, has a large scale and covers 125 
languages, and is widely used all over the world. Most of 
the entities owned by YAGO15 with high confidence have 
been evaluated with high quality and accuracy, but the 
richness of the entities contained is lower than that of 
DBpedia. Thanks to the development of knowledge 
graph technology, the number of participants in the verti-
cal knowledge graph has been increasing year by year. For 
example, IMDB in the field of film and television, 
MusicBrainz in the field of music, knowledge atlas in the 
field of traditional Chinese medicine,16 and knowledge 
atlas in the field of plants,17 etc. During the construction 
of these vertical knowledge graph, a considerable part of 
the data obtained from web pages on the Internet. By 
summarizing the above knowledge mapping research, we 
can summarize that the existing structured data in the 
domain and the semi-structured data in the encyclopaedia 
are the key data sources to construct the knowledge graph. 
Due to the high data quality of the semi-structured knowl-
edge, this paper constructed the knowledge graph of 
COVID-19 diagnosed patients, such as knowledge extrac-
tion, knowledge fusion, construction and storage of knowl-
edge graph, and update and maintenance of knowledge 
graph.

The following are contributions of our article:

● In view of the key factors of novel Coronavirus 
disease, the entity model of the patient, the relation-
ship type of the patient and the expression of knowl-
edge modeling were proposed, and the knowledge 
graph of the action track of the COVID-19 patient 
was deeply explored and comparative summarized.

● In the process of constructing knowledge graph, con-
ditional random field (CRF) algorithm is used to 
extract entity and knowledge. Meanwhile, to better 
analyze the disease relationship between patients, the 
semantic relationship of knowledge graph was
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combined with the visualization of knowledge graph, 
and the semantic model was verified by deep learning 
calculation and node attribute similarity. To ensure 
the accurate storage of patient relationship informa-
tion, Neo4j graph database is used to store knowl-
edge graph data.

● Patient category analysis, range of action and preven-
tion situation analysis, cluster infection case analysis 
were conducted to realize patient relationship track-
ing, prevention and control information release of 
high-dimensional groups, and event regularity analy-
sis, accurate patient prevention and control has been 
achieved.

Materials and Methods
Related Works
As the COVID-19 epidemic evolves, researchers are 
increasingly taking an interest in trying to describe differ-
ent types of COVID-19-related knowledge graph, such as 
the virus classification graph, the COVID-19 basic infor-
mation graph, the antiviral drug knowledge graph, and the 
literature extraction graph. For example, OpenKG, an open 
Chinese knowledge graph, can meet the needs of the epi-
demic knowledge such as question and answer, knowledge 
reasoning. However, these knowledge bases are difficult to 
describe the dynamic changes of diverse information and 
lack of spatial-temporal characteristics, which make it 
impossible to carry out a deeper analysis of the epidemic 
situation.

Spatial temporal knowledge graph is a type of knowl-
edge graph in Spatial temporal science and a structured 
semantic web knowledge graph of spatial distribution. By 
describing concepts, entities, attributes or their relation-
ships in the Spatial temporal domain, concepts and entities 
are interconnected to form a network knowledge 
structure.18 In recent years, Spatial temporal knowledge 
graph has been recognized by experts in related fields, and 
has been studied in depth mainly from the aspects of 
construction of Spatial temporal knowledge graph, knowl-
edge correlation model and application of knowledge 
graph. The construction of Spatial temporal knowledge 
graph is mainly studied in terms of the extraction of 
geographic entities,19 the extraction of topology and azi-
muth relations,20 and the storage of Spatial temporal 
knowledge graph.21,22 As literature23 puts forward the 
framework of constructing Spatial temporal knowledge 
graph; Literature24 analyzes the key technologies of 

building Geographic knowledge graph in simulated spa-
tiotemporal scope practice. Literature25 uses geographical 
information to reinforce the geographical entity of Open 
Street Map (OSM), and constructs crowd-sourced geogra-
phical knowledge graph (CrowdGeoKG). Literature26 pro-
poses a formal representation model of spatiotemporal 
knowledge, aiming at the spatial, temporal and dynamic 
changeable characteristics of knowledge.

Entity extraction, also known as Named Entity 
Recognition, refers to the automatic recognition of named 
entities from the original corpus. Generally speaking, 
a specific noun, such as names of people, places and orga-
nizations. Entity is one of the most basic elements in the 
knowledge graph, its integrity will directly affect the integ-
rity and consistency of the knowledge graph.Word2Vec27 is 
an NLP tool launched by Google in 2013. Its feature is to 
quantize all words and express them as a low-dimensional 
dense numerical vector, which is convenient for computer 
processing. The vectorization form of words can quantita-
tively measure the relationship between them and help us 
understand the relationship between words. LSTM repre-
sents short-term and long-term memory network.28 It is 
a kind of cyclic neural network, suitable for processing 
serialized data. LSTM is used to obtain the status value of 
each word, and predict which entity tag each word belongs 
to. A simpler alternative would be to use the Softmax func-
tion to make a multi-category forecast. In order to consider 
the correlation of adjacent tags, this article uses CRF 
(Conditional Random Fields) conditionals to make multiple 
categorical predictions, meanwhile, LSTM model was used 
to train the patient’s semantic model and classify the 
patient’s movement trajectory.

Relationship extraction is based on the Recognition of 
Named Entities to further analyze the semantic meaning 
between entities, so as to further understand the natural 
language text information. According to the degree of 
dependence on labeled data, relationship extraction methods 
can be divided into supervised learning, remote supervised 
learning and open extraction method. Precise, Recall and 
F1-score are commonly used as indicators of performance 
evaluation in entity relationship extraction tasks. The article 
published by Zeng et al29 uses the classical Convolutional 
Neural Networks (abbreviated as CNN) structure, which no 
longer requires complex natural language processing tech-
nology and part of speech marker and syntactic analysis. 
Zhou et al30 proposed a bidirectional long short-term mem-
ory network based on attention mechanism, which is used to 
capture the central semantic information in sentences. 
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Daojian Zeng et al31 proposed a piecewise convolutional 
neural network. Instead of manual annotation, remote super-
vision is employed to automatically annotate entity relation-
ship. Xiaotian Jiang et al32 proposed MIMLCNN model and 
proposed the hypothesis that the entity relationship in 
remote supervision comes from multiple sentences. Jun 
Feng et al33,34 introduced reinforcement learning for noisy 
remote monitoring tasks and proposed a new model of 
sentence level relationship classification based on noise 
data.

System Architecture
An architectural diagram of building a COVID-19 patient 
information system is shown in Figure 1. Firstly, owing to 
the particularity of unexpected novel Coronavirus patient 
knowledge graph, patient information ontology can be con-
structed first. Ontology is the description of the concepts 
and the relationship between the concepts in the domain, 
and it denotes the semantic of the objects by the relationship 
between the concepts. To improve the accuracy and cover-
age of patient information extraction, the patient ontology 
concept was determined by analyzing the classification of 
patient information and its relationship. In total, it is divided 
into following categories: event, patient, residence, travel, 
hospital, and vehicle information. Each entity also contains 
both the attributes and the inherited attributes of the class 
that it represents, such as the number of infectious contact 
people, travel time, flight number, and residents in the out-
break area. Secondly, unstructured data (such as text, 
image) and structured data (such as digital data) of patient 
massive information are obtained from the Internet, baidu 
encyclopedia and relevant medical websites. It’s necessary 

to set aside of the “noise” information in the internet and 
only retain information relevant to the patient information. 
First, the relevant conventional, neat data is stored in the 
server-side database. Second, in this paper, Neo4j graphics 
database will be used to store extracted entities and relation-
ships information knowledge, whose purpose is built to 
leverage not only data but also data relationships, make 
users to quickly obtain and understand the information 
and knowledge structure of the patient event. As a typical 
representative of graphic NoSQL database, Neo4j can 
easily and stably store and manage hundreds of millions 
of nodes and relationships through APOC tool and CSV file 
loading. It has high reliability and extensibility, supports 
complete ACID transactions, and the ability to efficiently 
complete the storage, update, management and retrieval of 
knowledge graph. Finally, since the knowledge graph needs 
to be constantly updated and enriched according to new 
knowledge, this paper will update and revise the knowledge 
graph of the novel Coronavirus patient information by 
means of incremental updating, and intervene with partial 
hand work.

The Procedure of Constructing KG
The outbreak of COVID-19 generates massive amounts of 
data related to patient’s movement track information. This 
paper aims to utilize existing public and open patient informa-
tion resources to acquire the basic information of patients and 
the relationship between patient’s movement track, which can 
provide a new way of thinking and method for epidemic 
situation analysis. The data of patients in the knowledge 
graph came from the official website of the health commis-
sion of all provinces and cities in China, the official data

Figure 1 China COVID-19 patient information architecture.
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published by WeChat and weibo, patient migration and the 
news data of patients. As shown in Figure 2, the construction 
of semantic model affects the flexibility of knowledge graph 
retrieval, according to the description of the COVID-19 
patient, the semantic of the knowledge Graph patient was 
divided into the patient’s events and related relationships. 
Gevent is composed of a five-tuple <NWhen, NWhere, 
NWho, NWhat and NHow>. NWhen, NWhere, NWho, 
NWhat and NHow correspond to the time, place, person, 
event and route of the activity elements respectively, i.e, 
Gevent = <NWhen, NWhere, NWho, NWhat, NHow>.

The concept of ontology divides COVID-19 Patients into 
the following relationships: {N} is defined as follows: {N1 
(Who): Patients, N2(Where):Residence, N(How):Travel, N4 
(Where):Hospital, N5(What):Vehicle}. Relationship 
between events in patients with the five elements of integra-
tion, relationship is as follows: {R} = {R (N11, N12), 
R (N11, N13), (N11, N14), R (N1 and N2), R (N1, N3), 
R (N1, N4 interchange), R (N1, N5)}.1.R(N11, N12) repre-
sents the causal relationship between infection between two 
patients; 2.R(N11, N13) represents the time relationship of 
infection between two patients; 3.R(N11, N14) represents 
the sequential relationship of infection between two patients; 
4.R(N11, N15) represents the contact relationship of infec-
tion between two patients; 5.R(N1, N2) represents the rela-
tionship between the patient and the residence; 6.R(N1, N3) 

represents the relationship between the patient and the travel 
place; 7.R(N1, N4) represents the confirmed relationship 
between the patient and the hospital; 8.R(N1, N5) represents 
the relationship between “travel mode” and the means of 
transportation taken by the patient.

Temporal and spatial information of COVID-19 patients 
knowledge graph belongs to domain knowledge graph and 
adopts the top-down construction method, that is, starting 
from the pattern layer. As shown in Figure 3. Schema layer 
construction is the most core part of the knowledge graph, 
and it defines the data Schema (ie, its ontology) for the 
knowledge graph. In the process of defining ontology, the 
top-level conceptual system is gradually refined to form 
a well-structured taxonomic hierarchy. In order to improve 
the integrity and accuracy of knowledge graph data, this 
paper adopts the ontology model construction with human 
participation, classification layering and concept combing.

For the text related to the COVID-19 patient information 
data obtained from Internet resources, after word segmenta-
tion, deletion of stopping word, tagging part of speech, etc., 
a set of sentences needing to extract the relationship was 
obtained, and the sentences were segmented and labeled.

In the process of extracting the information from the 
COVID-19 patient, it was found that according to the 
detailed information of the patient, the specific events of 
the patient’s illness could be divided into consultation

Figure 2 The composition of the patient relationship.
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event, confirmation event, travel event, contact event, 
gathering event, home event, fever event and shopping 
event. As shown in Figure 4, the relationship between 
events can be defined as the constituent relationship, the 
subordination relationship, the causal relationship and the 
correlation relationship. The reasoning between different 
events can be linked by places and participants.

For example, as shown in Figure 5: “Wang left 
Shandong Province on February 1 and traveled to 
Malaysia by plane on February 1. During the travel, He 
came into contact with Li who flew from Tianjin. Li 
arrived in Malaysia by flight KE671 on February 2, and 
Li returned to Wuhan Hospital in China on February 15 
due to fever.” Among them, there is a causal relationship 
between the contact incident of “contacting with 
a Malaysian joint tourist on February 2” and the medical 
treatment incident of “Li visiting a doctor with fever 
symptoms on February 15”.

As mentioned above, the feature of grammatical ana-
lysis is applied to extract the event relationship between 
COVID-19 patients. The relationship between the occur-
rence of the specific patient’s disease was extracted to 
enrich the relationship. The above approach and efficient 
access to construct more accurate knowledge graph. 
Meanwhile, we can identify the spatial and temporal trans-
mission pathways during the course of the disease. In 
addition, as patient tracking is a relatively simple and 
practical method in relation analysis, only part of redun-
dant information exists in syntactic analysis, which can 
save laborious labor cost.

Framework Composition
Community Discovery of Patients Based on Local 
Similarity
The measurement of local similarity of patient nodes con-
sists of two parts: node link strength and node attribute

Figure 3 Knowledge graph construction method.
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Figure 4 COVID-19 event relationship graph.

Figure 5 Example: COVID-19 event relationship graph.
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similarity calculation. The importance of patient nodes in 
the graph is different, leading to different strength of the 
link relationship between patient nodes. In this paper, 
Pagerank algorithm is used to calculate the node of each 
patient based on the importance of the whole confirmed 
patient graph, which is calculated as follows:

ϕi ¼
1 � d

Vj j
þ ∑

vi2NI við Þ

ϕi
NO vi0ð Þj j

d (1) 

Where, d represents the probability value of a node 
reaching other nodes through links. The value range of 
D is 0 ~ 1. According to the experimental conclusion of 
experience, the effect is better when D = 0.85, so d is 
set as 0.85 in this paper. After calculating the 
importance??i of the nodes vi, recalculate the strength 
of the links between nodes. Similar to the calculation 
method of node importance, the weight of each edge of 
the node is expressed as ??i= N0 við Þj j, the link strength of 
nodes vi to vj is the ratio of the edge weight of vi to the 
importance of the node pointed to vj. The definition is as 
follows:

Sltðvi; vjÞ ¼
ϕi

N0 við Þj j�ϕj
; if Aij ¼ 1

0; else Aij ¼ 0

(

(2) 

Where, if the ratio of the edge weight of node vi is higher 
in the importance degree of node vj, then the correspond-
ing link strength from node vi to node vj will be greater. 
The link strength STðvi; vjÞ between nodes vi and vj is 
calculated as follows:

STðvi; vjÞ ¼ Slðvi; vjÞ þ Slðvj; viÞ (3) 

To calculate the link strength between patient nodes, this 
paper considers the edge directivity, that is, the sum of the 
link strength of vi to vj and vj to vi.

Node attribute similarity calculation: Node attribute 
information is another important information. This paper 
considers discrete node attributes. For a particular attribute 
ai, the attribute similarity is calculated as follows:

Sðvi; vj; amÞ ¼
1; if fmðviÞ ¼ fmðvjÞ

0; else fmðviÞ�fmðvjÞ

�

(4) 

If an attribute of two nodes corresponds to the same 
attribute value, the similarity of the attribute is 1, other-
wise it is 0. Under the condition of ∑

T

t¼1
wt ¼ 1, and 

wm � 0, the attribute similarity between nodes is:

SAðvi; vjÞ ¼ ∑
T

t¼1
wtwt � Sðvi; vj; atÞ (5) 

Where, the value range of SAðvi; vjÞis [0,1]. In the process 
of clustering, the weight of patient attributes can be 
adjusted, which is conducive to the higher weight of 
clustering attributes.

Semantic Node Community Clustering Based on 
Label Propagation
The knowledge graph of novel Coronavirus patient is 
based on a directed graph. Each node in the graph is 
a data point, including labeled and unlabeled data. The 
edges of node i and node j represent the similarity of the 
two nodes. We assume that the graph is fully connected, 
and the edge weights of node i and node j are:

wij ¼ expð�
j xi � xj
�
�

�
�j

2

@2 Þ (6) 

Where a??stands for hyperparameter.
The principle of the label propagation algorithm is 

essentially to propagate labels through the edges between 
nodes. The greater the edge weight is, the more similar the 
two nodes are, and the easier the label is to propagate. 
Define a probability transition matrix P of NxN:

pij ¼ p i! jð Þ ¼
wij

∑n
k¼1 wik

(7) 

pij represents the probability of moving from node i to 
node j. Suppose there are C classes and L labeled samples, 
we define a label matrix YLof L� C,the i-th row represents 
the label indication vector of the i-th sample. That is, if the 
category of the i-th sample is j, then the j-th element of the 
row is 1 and the others are 0. Similarly, we also give 
u unlabeled samples a label matrix Yu of C � U . 
Combining them, we get a N � C soft label matrix F = 
[YL; Yu]. Soft label means that we keep the probability that 
sample i belongs to each category instead of being 
mutually exclusive. This sample belongs to only one 
class with probability 1. The label of the labeled data is 
determined in advance, it can not be taken away, so it must 
return to its original label after each transmission. As the 
labeled data continuously propagates its own label, the 
final class boundary will cross the high-density area and 
stay in the low-density interval. Equivalent to each differ-
ent category of labeled samples, the sphere of influence is 
divided. The pseudocode of the specific steps of the tag 
propagation algorithm is shown in Table 1.

Experiment Platform
Data 
The experimental data types and sources of this article are 
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as follows (as of 2020-02-08): (1) Daily epidemic data: 
official websites of National Health and Family Planning 
Commission and provincial and municipal Health 
Commissions; (2) Migration data: The People’s Daily 
app published the data of the number of trains with 
COVID-19 and the migration location of confirmed 
patients; (3) Displacement trajectory data of COVID-19 
patients. After cleaning, the number of 5096 entities and 
15,369 entity relations of the knowledge graph of patients 
were constructed.

Ethical Considerations 
As novel coronavirus has the characteristics of spatial 
transmission, to make smarter control of the epidemic, 
the official website of China will publish the spread track 
of the epidemic legally. For the publicly confirmed trans-
mission track information, the individual names and spe-
cific information of the confirmed patients are not public, 
only the transmission route at a specific time is disclosed, 
for example, there were two confirmed patients on the 
G118 train from Beijing to Shanghai on December 15, 
2020. The data does not involve personal privacy or ethi-
cal trials. Based on the above all, the study can be 

exempted from ethical review by the ethics committee of 
the Ocean University of China.

Results
Temporal and Spatial Distribution of 
Patients
Using browser/ Server (B/S) architecture, the experi-
mental platform constructed a visualized analysis sys-
tematic problem-solving for spatio-temporal information 
knowledge atlas of patients by using the visual tool 
E-Charts and combining the characteristics of interactive 
visual analysis of spatio-temporal information system 
and visual analysis system. The use of multi-view col-
laborative visual analysis methods can fully grasp the 
current epidemic situation.

As shown in Figure 6, the patient no. 356 had been 
to Kunming, Chengdu, Xiaogan and other 5 provinces 
and cities between February 17, 2020 and March 17, 
2020. When the specific provincial and municipal infor-
mation is clicked, the specific provincial and municipal 
path information of the patient can be inquired. 
According to the movement track of patient 356 in 
Wuhan, it can be seen that the patient arrived at 
Wuhan Zhongnan Hospital on February 17, 2020. 
However, without any diagnosis or treatment, he went 
to Qingdao and Shenyang. Better spatial transmission 
and early warning can be achieved through the analysis 
of the distribution of patients in time and space and the 
in-depth mining of people in contact with the same time 
and place.

Analysis of Inpatient Information 
Distribution
As shown in Figure 7, the correlation analysis between 
“Provinces and cities affected” and “confirmed hospital” 
can be used to understand the admission situation of each 
designated hospital. In addition, through graph visualiza-
tion, it can be found that the location of the case was in 
Wuhan, but the confirmed hospital was not in Wuhan, 
indicating that the relevant hospitals in Wuhan had more 
patients admitted and were under great pressure, and the 
patients were treated in the provinces and cities around. 
As demonstrated in Figure 8, the entity relationship ana-
lysis of “residence” and “diagnose” clearly shows that 
most of the infected people in the early stage of the 
epidemic are related to “Wuhan” and “region” and belong 
to the “directly imported” type of patients. Through the 

Table 1 Pseudocode of Label Propagation Algorithm

Input:AdjacentMatrix of undirected unauthorized graphs 

AdjacentMatrix, number of VerticeNum

1)Initializes the label for each node:For i <- 0 to VerticeNum Do 

Community[i] <- i

2)Find all neighbors of node i and store them in neighbor [i]:Find 

MaetexNon Zero (i,AdjacentMatrix, NeighBor[i])

3)While does not meet the classification criteria or does not exceed 

the iteration threshold, then

4)Generate random ordinal queue SS:RandomSort(SS)

5)For i <- 0 to VerticeNum Do

6)Count the largest number of tags in node i neighbors: 
VectorFrequency(Neighbor[i], lable)

7)If there is only one quantity with the most, it is assigned directly:if 
lable.size() = 1 then Community[i] <- lable[0]

8)If there are multiple tags with the same number, one is selected 
randomly: 

else then Community[i] <- lable[random]

9)return Community
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list of events, the locations and people that patients pass 
through and contact with can be grasped, which is con-
ducive to further control of personnel (Figure 9). Through 
the list of the train number of patients, the real-time 
dynamic grasp of the patient’s events and contact places 
and people, which is conducive to the further control of 
infectious patients.

Analysis of COVID-19 Patients 
Community Exploration
Label propagation is a semi-supervised machine learning 
algorithm that assigns tags to previously untagged data 
points. At the beginning of the algorithm, a subset (usually 
a small fraction) of the data points have labels (or cate-
gories). During the entire algorithm run, these labels will

Figure 6 Example: overall epidemic visualization.
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be propagated to unmarked points. To analyze the cluster-
ing relationship of patient communities during the spread 
of new coronavirus patients, we use the pageRank algo-
rithm to analyze the weights of key nodes, add the weights 
to the Label propagation algorithm, and use the tag pro-
pagation algorithm to detect community clustering. In this 
paper, we selected 189 cases spread in China on March 1, 
2020 for community detection analysis, ranked the node 
weights according to PageRank, and analyzed 189 cases 
through the label propagation algorithm. As shown in 

Figure 10, the number of communities is 7 when the 
iteration is one time, and a total of 7 outbreak communities 
are detected. After 3 iterations, the number of communities 
stabilized, and after three iterations or more, the number of 
communities stabilized at 2. In the Label propagation 
algorithm, checking the intermediate community structure 
at the end of each iteration is a powerful tool, which 
allows us to find small communities that have been 
ignored. It also allows us to search for hierarchical com-
munity structures. For example, in the third iteration of the

Figure 7 Hospital analysis of patient.
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algorithm, a single community can be composed of two 
different communities in the second iteration, which 
implies some sort of hierarchical relationship and struc-
ture. At the end of the third iteration, the tag propagation 
algorithm was used to identify the presence of cross- 
regional patients in 189 cases, and different communities 
reflected the presence of patients infected between two 
different communities.

The overall process of knowledge graph retrieval about 
the patient information management system is shown in 
Figure 1. Taking advantage of Django technology, the sys-
tem performs webpage display on the patient event infor-
mation system, and completes information display through 
query, analysis, verification, template matching and visuali-
zation. More specifically, if the user click the “Search 
patient information” button, he requests the URL of 
a page through the browser, and the URL scheduler finds 
the appropriate view layer from the URL requested by the 
user. When accessing the view layer, you can selectively 

access the entity and relational data of events in the under-
lying model database of Neo4j. The view layer optionally 
accesses the entity and relational data of events in the 
underlying model database of Neo4j. After the retrieved 
event data is returned to the view layer, all model-to- 
database interaction is done through the manager file. The 
Context which is a special context handler is passed to 
Template (where the previous file is stored) to generate 
the web page, the Template uses Filters and Tags to render 
the output to the cache framework, and the response is 
returned to the browser and finally presented to the user.

The goal of this system is not just for providing informa-
tion retrieval service for scholars and related researchers 
engaged in novel Coronavirus research, also provide overall 
control to detailed defense, hierarchical analysis patient pre-
vention. In the future, the large-scale spatio-temporal infor-
mation knowledge graph can be constructed by fully 
combining civil aviation, high-speed rail, highway migration 
data, household registration data, mobile phone signaling

Figure 8 Regional case analysis.
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data and other relevant data. Thanks to artificial intelligence 
natural language processing, knowledge graph and other 
methods, it is possible to track the release, spread of 
COVID-19 and fight it, and fully grasp the epidemic expan-
sion situation and the epidemic prevention and save time and 
space node distribution plan, which is conducive to further 
accurately locating the epidemic information and preventing 
and controlling the spread of the epidemic.

Finally, as shown in Figure 11, we compared the novel 
Coronavirus patient event knowledge graph with the tradi-
tional information search method as follows:

Search quality: Novel Coronavirus patient information 
facilitates users to quickly and accurately find the corre-
sponding detailed information from massive patient infor-
mation data, meanwhile, improves the quality of 
information search.

Information accuracy: As the novel Coronavirus inci-
dent unfolded suddenly, misleading information about the 
patient will appear in public opinion within a short period 
of time. The data collation and data association on the 
official website can guarantee the accuracy of the patient 
information.

Figure 9 Patient train number information.
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By comparison, it can be easily concluded that novel 
coronavirus infectious disease transmission process is clo-
sely related to crowd activity events, that is, crowd activity 

directly affects the spatio-temporal diffusion path of 
COVID-19. Therefore, with the novel Coronavirus patient 
information as the center, combining the cutting-edge

Figure 10 Continued.
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knowledge mapping technology and the data organization 
form with semantic characteristics, the case data modeling 
can greatly improve the efficiency of the information 
retrieval from the Novel Coronavirus.

Discussion and Outlook
Aiming at the problems of COVID-19 disease analysis 
lacking data correlation and knowledge atlas lacking in- 
depth analysis, this paper proposed a new way of thinking 
for COVID-19 patient event analysis and patient relation-
ship exploration with related technologies such as knowl-
edge Atlas semantic web and big data visual analysis. 
However, this research has only been attempted in the 

field of COVID-19, and the applicability of this knowl-
edge graph to other infectious diseases needs to be further 
explored in the future.

At the same time, in our actual work, we use well- 
known network robot technology from authority web-
sites, databases and authoritative data from a large 
amount of raw data, but there are still have limitations 
on the accuracy of the data. Some “dirty data” will 
appear in the information system after a period of time 
which will affect the accuracy of the system service data 
and quality. In the following work, we will focus on the 
following aspects.

Firstly, the real-time update of the novel Coronavirus 
information needs to be further improved in the practical 
application process. In addition, only by appending a more 
detailed novel Coronavirus patient information architec-
ture will the system be able to make more precise 
recommendations.

Secondly, the Novel Coronavirus Patient informa-
tion Knowledge Atlas database will be made available 
to the public so that users can access the disease 
information anytime and anywhere via the Internet. 
Finally, through the novel Coronavirus disease infor-
mation data sharing method, deficiencies and problems 
can be further discovered and the depth and width can

Figure 10 Patients community analysis. (A) Iterative 1 times, 7 Communities. (B) Iterative 2 times, 3 Communities. (C) Iterative 3 times, 2 Communities.

Figure 11 Patient train number information.
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be continuously improved to help further accurately 
locate the transmission path of the epidemic and pre-
vent and control the spread of the epidemic.

Conclusion
In this paper, compared with conventional methods of 
epidemic surveillance and containment system, Omni- 
directional stereo display of situation control between 
cities, detect infection presence and follow its tracks, 
trend of the outbreak and the method of multiple 
analysis is adopted for effective surveillance of the 
epidemic situation. A novel Coronavirus patient infor-
mation and event management system was proposed 
by applying the knowledge graph concept and Neo4j 
graphics database tool. Different from the original and 
very simple character relation, the updated relationship 
of epidemic disease has spatial correlation and tem-
poral sustainability. Natural language processing is 
used to extract the infection events and locations of 
key patients, track the infection relationship of 
patients, and perform visual display, which can accu-
rately reflect the infection relationship of patients.

By comparison, it can be easily concluded that there 
are several irreplaceable innovations in this article:

1. COVID-19 infectious disease transmission process is 
closely related to crowd activity events, that is, crowd 
activity directly affects the spatio-temporal diffusion 
path of COVID-19. Therefore, with the novel 
Coronavirus patient information as the center, com-
bining the cutting-edge knowledge mapping technol-
ogy and the data organization form with semantic 
characteristics, the case data modeling can greatly 
improve the efficiency of the information retrieval 
from the Novel Coronavirus information.

2. The quality of data directly affects the accuracy of 
patient information and paths. This paper extracts 
and sorts out data based on structured, semi- 
structured and unstructured data such as news data 
and government open websites. At the same time, 
the construction of a spatiotemporal knowledge 
graph with different semantic nodes and relation-
ships in the knowledge graph improves the data 
quality of the knowledge graph and lays a good 
foundation for data analysis.

3. The path of the patient can express the trajectory 
of the patient’s infection in both time and space. 

We use the macro and micro levels to track the 
new coronavirus patient, and track the path of 
the patient in an all-round and three-dimensional 
manner, which is the time of the outbreak. The 
personnel in contact with the space can be con-
trolled in real time, so as to finely track the 
infection path of the new coronavirus patient.

4. Verification of the semantic model of the new 
coronavirus patient. Through the analysis of the 
patient’s semantic relationship, the visualization 
software echarts can visually display the patient’s 
location and hospital information, and query by 
the number of trains the patient has taken, query 
case information and travel information, So as to 
visualize the association relationship.

5. Use the graph algorithm of pagerank and label 
propagation to detect the patient’s infection rela-
tionship in the community, increase the number of 
iterations to detect the patient’s infection relation-
ship community through the results, and use the 
weight matrix and label propagation algorithm to 
segment the image to discover the spread between 
communities relationship.
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