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Abstract

[Purpose/Significance] The fragmentation and unstructured nature of epidemic
information pose challenges to emergency decision-making. To support the digi-
tization of emergency decision-making and promote intelligent emergency man-
agement, this study combines natural language processing and event ontology
to automate epidemic information management and knowledge representation.

[Method /Process] This paper proposes an automatic construction strategy for
domain ontology knowledge base based on web crawler, natural language pro-
cessing, and event ontology. First, web crawler and natural language process-
ing are employed for information collection and automatic extraction of event
elements, based on which an epidemic event ontology model is constructed.
Subsequently, an ontology construction and update algorithm is designed to
accomplish the automatic construction and expansion of event ontology.

[Results/Conclusion] Research results demonstrate that the strategy is feasible
for dynamic management and automatic update of epidemic information, and
that event ontology can effectively describe events while creating conditions for
knowledge expansion. This study provides valuable reference for related research
and practice in emergency management decision-making.
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Abstract:

[Purpose/Significance] The fragmentation and unstructured nature of epidemic
information pose challenges to emergency decision-making. To support the
digitalization of emergency decision-making and promote intelligent emergency
management, this study combines natural language processing and event ontol-
ogy to automate epidemic information management and knowledge representa-
tion. [Method/Process] An automatic construction strategy for domain ontology
knowledge bases based on web crawlers, natural language processing, and event
ontology is proposed. First, web crawlers and natural language processing are
employed for information collection and automatic extraction of event elements,
upon which an epidemic event ontology model is constructed. Then, ontology
construction and update algorithms are designed to complete the automatic
construction and expansion of event ontology. [Result/Conclusion] The results
demonstrate that this strategy is feasible for dynamic management and auto-
matic updating of epidemic information, and that event ontology can effectively
describe events while creating conditions for knowledge expansion. This study
provides a reference for related research and practice in emergency management
decision-making.
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Epidemic information serves as a critical basis for emergency decision-making
in public health emergencies. The massive epidemic data and information gen-
erated in the big data environment provide support for effective epidemic pre-
vention and control and enhanced emergency management capabilities. Infor-
mation management solutions for emergencies based on next-generation infor-
mation technologies have become a focus of attention for academia and relevant
authorities. In the prevention and control of COVID-19, difficulties in epidemic
information sharing and management have arisen due to fragmented informa-
tion, untimely updates, information barriers, and insufficient intelligence anal-
ysis capabilities [1-2], resulting in inadequate support for epidemic prevention
decision-making, ultimately affecting emergency response efficiency, constrain-
ing the effectiveness of epidemic prevention and control, and causing weak over-
all emergency management coordination. The large volume of unstructured data
emerging at various stages of the epidemic poses challenges to traditional struc-
tured data collection and processing methods based on relational databases.
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Therefore, there is an urgent need for dynamic collection and processing of epi-
demic information, automatic representation and extraction of epidemic knowl-
edge, and intelligent means of information sharing to provide critical support
for emergency decision-making.

1. Related Research Review

1.1 Research on Epidemic Information Management and Knowledge
Representation

Information management and knowledge representation for emergencies, includ-
ing epidemics, constitute important content of emergency management and can
provide a decision-making basis [3]. Constructing a knowledge base is an im-
portant means to achieve effective acquisition, organization, analysis, and trans-
mission of epidemic information [4]. Through literature review, it is found
that information management and knowledge representation for emergencies
are mainly based on information and intelligence system modeling, semantic
ontology, and other schemes, providing references for information retrieval and
decision-making in emergency response. Among them, W. B. Lee et al. proposed
an unstructured information management system for emergency management
[5], which organizes and represents emergency knowledge through emergency
event concept relationship models and dynamic knowledge flow models. M. Do-
rasamy et al. solved data management, knowledge sharing, and dissemination
problems through emergency management information systems [6], providing
critical data, information, and knowledge for emergency management person-
nel and promoting the sharing of life-saving information and knowledge. Guo
Hua et al. used information resource planning methods to organize emergency
management intelligence flows and constructed an urban emergency manage-
ment intelligence platform [7], providing dynamic information and knowledge
for emergency management.

Research on epidemic information management strategies is relatively lacking,
focusing mainly on the analysis and management of specific symptoms and case
information of infectious diseases. Gao Shan et al. designed an infectious dis-
ease emergency case disposal ontology model [12] to model the transmission and
disposal of infectious diseases. Fang An et al. developed a knowledge service
platform for infectious disease symptoms and diagnosis and treatment [13], map-
ping concepts, objects, and their relationships into a knowledge network. W.
R. Hogan et al. developed an epidemiology ontology [14] to conceptualize infec-
tious disease information. Chen Xiaohui et al. realized a COVID-19 case activity
knowledge graph [15] to support the analysis of transmission processes and case
trajectories. A. Joshi et al. defined the conceptual scope of infectious diseases
from dimensions including health status, transmission quantity and mode, loca-
tion, and time [16], providing references for epidemic knowledge representation.
These studies mainly focus on knowledge organization of epidemics from per-
spectives such as pathology, diagnosis and treatment, and transmission, which
are helpful for epidemic monitoring and diagnosis. However, research on strate-
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gies and solutions for knowledge representation of the overall dynamic evolution
of epidemics from an event perspective to support epidemic prevention decision-
making is scarce. Therefore, addressing the shortcomings of information utility
exposed in COVID-19 prevention and control, this study focuses on the per-
spective of epidemic-assisted decision-making, takes events as the main thread,
and explores strategies for epidemic information management and knowledge
representation based on dynamic updates.

1.2 Related Research on Event Ontology

Ontology is the conceptualized representation of entities, their attributes, and
relationships between entities in a domain [17]. From a basic structural perspec-
tive, ontology includes a set of basic concepts (classes) in a certain domain, a set
of object properties reflecting relationships between concepts, a set of data prop-
erties defining concept features, and instances representing conceptual models in
the real world [18]. Related research is mainly based on these elements for ontol-
ogy development and application. An event refers to something that occurs at a
specific time and location, involving multiple participants [19-20] and displaying
certain action characteristics, specifically including actions, participating sub-
jects, event objects, time, and location. An event ontology model is a cognitive
representation knowledge architecture applied to occurring events [21]. Event
ontology achieves formal description and sharing of event class knowledge based
on this framework [22], and can perform knowledge representation, semanticiza-
tion, and reasoning around event themes.

Current research on event ontology mainly focuses on two aspects: extracting
and sharing domain knowledge through ontology modeling (application of event
ontology), and ontology modeling and construction strategies (development of
event ontology). In terms of event ontology application, it provides reference
solutions for knowledge modeling of emergencies and social hotspots. Among
them, a shared vocabulary-based environmental pollution event ontology model
is used to extract semantic relationships in various pollution incidents [23]; a
flood emergency decision support system based on multi-source data uses event
ontology to model complex scenarios [24]; a safety accident knowledge event
ontology model achieves dynamic representation of safety accident cases and
their scenarios [25-26], providing a decision-making basis for accident analysis
and prediction; research on Web service composition based on event ontology
[27], knowledge representation and classification of sports events [28], and news
recommendation [29] provides pathways for supply-demand information repre-
sentation and interest analysis. These studies enrich the application of event
ontology and provide references for domain knowledge representation and deci-
sion support.

In terms of ontology modeling and development, manual methods remain the
primary approach, but this strategy is time-consuming, labor-intensive, and
risks manual errors, raising the threshold for ontology research and application.
Therefore, Liu Sihan et al. proposed a theoretical scheme for automatic con-
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struction of event ontology combining natural language processing and neural
networks [30], providing theoretical guidance for related research. At the spe-
cific development level, Zhu Wenyue et al. designed an ontology model from two
levels—event category, event relationship, and instance—around event features
and structures [31], providing a basic framework for event ontology modeling;
J. I. Single et al. used natural language processing to extract event elements
from chemical accident databases and populate event ontology [26], but did not
achieve automatic construction of instance relationships; O. Gurbuz et al. de-
termined relationships and states of organizational processes through extraction
of subject-predicate-object components in sentences, and identified event ob-
jects and states based on part-of-speech [32], with effectiveness dependent on
text analysis results; J. A. Reyes-Ortiz identified event elements through verbs,
nouns, prepositional phrases, and affixes [33], but had poor recognition and
extraction effects for proper nouns, noun phrases, and quantifiers; Wang Sili
et al. automatically identified domain concepts through part-of-speech tagging
[34], providing ideas for preliminary work in automatic ontology construction;
Q. Mao et al. identified events and their elements through part-of-speech and
syntactic analysis [35], providing formal knowledge for event evolution anal-
ysis based on semantics. These studies provide references for event element
recognition and extraction, but mostly adopt manual methods in the ontology
construction stage, making it difficult to meet the requirements of large-scale
ontology construction.

In summary, current research on epidemic information management and knowl-
edge representation is still relatively insufficient. Event ontology organizes
event knowledge from perspectives such as involved subjects, time, and location
around event themes, providing feasible solutions for dynamic knowledge repre-
sentation and event evolution analysis, and offering ideas for epidemic knowl-
edge representation. This article studies epidemic knowledge representation
strategies from the perspective of effective organization of epidemic information
and knowledge, designing an automatic representation and update scheme for
network data to strengthen the supporting role of epidemic information and
knowledge in emergency management decision-making.

2. Epidemic Event Ontology Model Construction

An event ontology model is the knowledge framework of events, capable of de-
picting relationships between events and their elements, and serves as the basic
framework of event ontology. The COVID-19 epidemic has generated a large
amount of dynamic epidemic information, providing information resources for
epidemic analysis and knowledge extraction while also increasing the difficulty of
emergency decision-making. This study takes epidemic reports crawled from the
web as the basic data source, references the event class framework from litera-
ture [16,31] and domain concept and event recognition methods from literature
[34-35], uses part-of-speech analysis, named entity recognition, and semantic
role labeling to extract key elements of epidemic events, designs the event ontol-
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ogy model around epidemic event elements, and performs ontology expansion
on this basis.

2.1 Epidemic Event Element Analysis

The construction of epidemic event ontology is based on event ontology models
and dynamic, objective epidemic event information. During COVID-19 preven-
tion and control, all provinces and cities actively reported epidemic events in
their jurisdictions objectively and timely, facilitating automatic and timely col-
lection of epidemic intelligence. This study uses official epidemic reports and
open knowledge graphs as data sources, employs crawler technology to regularly
collect epidemic information, uses the representative Chinese natural language
processing tool LTP to process epidemic information texts and standardize the
epidemic intelligence corpus, and designs an event element list construction algo-
rithm to map semantic role labeling with text blocks one-to-one. Semantic role
labeling takes the predicate of the text as the core, identifies the relationship
between other components and the predicate, and thereby achieves extraction
of key information, which is used as the basis for determining epidemic event el-
ements. Semantic role labeling identifies the basic elements of epidemic events
and provides a basis for automatic construction of epidemic event ontology
models and event ontology. Table 1 shows the process of extracting epidemic
event elements from the epidemic report information of the Shanghai Municipal
Health Commission (referred to as the Health Commission).

In Table 1, Ns is the set of named entities extracted through LTP named entity
recognition, generally including persons, locations, etc. Since this study mainly
focuses on the epidemic dynamics in specific regions, epidemic areas are treated
as epidemic subjects. Therefore, the named entity set is also the epidemic sub-
ject set, representing the subjects where epidemics occur or prevention measures
are implemented in various regions.

Pos is the initial event element set obtained through part-of-speech analysis of
the segmented text, serving as a reference for the event element list. Initial
event elements are mainly recombined based on the subject-predicate-object
triple structure and verb-noun forms in part-of-speech to extract key event re-
lationships.

Srl is the semantic role labeling set, which uses the LTP toolkit to identify
relationships between components centered on text predicates. Among them,
TMP represents time, A0 is the subject identifier in semantic roles representing
the agent or trigger of the event, and Al is the patient in semantic role labeling.
Act is the core predicate for epidemic information, i.e., the triggering action
of the epidemic event, such as “newly added” or “from,” which establishes the
correspondence between related subjects and objects and provides a basis for
event knowledge representation.

According to the text analysis process in Table 1, using the epidemic report in-
formation from the Shanghai Municipal Health Commission as the data source,
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event elements such as occurrence time, epidemic subject, prevention object,
and epidemic dynamics and status are identified. Epidemic event elements con-
stitute the basic structure of the epidemic event ontology and lay the foundation
for designing the event ontology model. To facilitate ontology expansion and
reuse, this study further expands the prevention resource elements and supple-
ments resources belonging to prevention subjects, as shown in Table 2 .

The basic structure of epidemic events identified through event element identi-
fication provides direct basis for determining the hierarchical structure of epi-
demic event ontology and basic relationships between elements, forming the
basic prototype of the epidemic knowledge framework. Based on the key ele-
ments of epidemic events, this study defines epidemic events by combining the
four-dimensional and six-tuple models of events [16,31], and describes epidemic
events through a five-tuple, as shown in Equation (1):

E = (TIM,Sub, Act,Obj, Sta)

In the epidemic event five-tuple model, E represents the epidemic event, TIM
is the occurrence time of the epidemic event, Sub is the event subject, mainly
including the agent and patient subjects in the epidemic event, such as epi-
demic outbreak areas and prevention areas. Act is the event action or triggering
method, such as “newly added,” “existing,” or “cumulative.” Obj is mainly the
prevention object, i.e., the object of the epidemic event. Sta is the status of the
epidemic event, reflecting the current development status of the epidemic. The
status is extracted as its subset through different events, such as “5 newly cured
and discharged cases.” Each epidemic event instance belongs to the epidemic
event class.

2.2 Epidemic Event Ontology Model

Based on the identified event elements, this study constructs an epidemic event
ontology model to depict the basic structure of the event ontology and lay the
foundation for enriching and expanding epidemic event knowledge. The epi-
demic event ontology model consists of concepts such as epidemic subjects and
prevention objects, as well as a series of attributes that characterize relationships
between concepts and instance status, forming the basic framework for event
knowledge representation. Based on the characteristics of epidemic events and
the needs of epidemic event ontology application, this study divides the epi-
demic event ontology model into three layers—concept and relationship layer,
instance layer, and application layer—according to the ideas of knowledge orga-
nization, enrichment and update, and application, laying the foundation for the
construction and automatic updating of epidemic event ontology. The epidemic
event ontology model is shown in Figure 1 [Figure 1: see original paper], where
the blue line part represents information automatically filled according to text
content.
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In the epidemic event ontology model, some concepts, relationships, and at-
tributes generated during the automatic ontology filling process are derived
from event triggering actions. Therefore, the concept and relationship layer in-
cludes event element classes, relationships between elements, and attributes of
elements, which constitute the basic structure of the event ontology. Based on
the concept and relationship layer, the instance layer includes specific epidemic
events triggered by specific actions and related relationships and statuses of
events, requiring filling and instantiation with epidemic data and information.
The application layer provides functions such as information retrieval, dynamic
maintenance of attributes and relationships, decision support, and knowledge
representation for related applications based on the concept layer and instance
layer. Based on the event ontology model, the basic concepts, relationships, and
attributes involved in the event ontology are shown in Table 3 .

Through sorting out the basic concepts and relationships of epidemic events, this
study further preliminarily builds the hierarchical relationships of the epidemic
event ontology, constructs the epidemic event ontology epi, forms the ontology
file epieve.owl, creates the basic architecture of the epidemic knowledge base,
and prepares for automatic filling of epidemic event instances and reuse and
expansion of the ontology.

3. Construction of Epidemic Knowledge Base

This study collects and extracts event elements through web crawler and text
analysis technologies, constructs event element lists, designs event ontology au-
tomatic construction and filling algorithms based on epidemic event characteris-
tics, automatically enriches event element lists into the event ontology, and con-
tinuously integrates open knowledge graphs and domain ontologies according to
application requirements to form an epidemic knowledge base that provides sup-
port for decision-making. This study adopts the event ontology-driven epidemic
knowledge base construction process shown in Figure 2 [Figure 2: see original
paper]. The implementation of the scheme is divided into three main stages:
epidemic information collection and preprocessing, epidemic event element ex-
traction, and epidemic knowledge base construction and decision support. Tak-
ing the COVID-19 epidemic in Shanghai in 2020 as an example, the epidemic
dynamics reported by the Shanghai Municipal Health Commission are used as
the core data source to apply and test the proposed strategy, constructing a
core epidemic event ontology library. On this basis, Chinese open knowledge
graph data is introduced to continuously expand the epidemic knowledge base.

3.1 Epidemic Event Element Extraction

In Section 2.1, to introduce the epidemic event ontology model, this study briefly
explained the process of using LTP for epidemic text segmentation, named entity
recognition, semantic role labeling, and then constructing the event element list
eleList (see Table 1). To clarify the basic structure of epidemic events, this
section provides further details on epidemic event element extraction. The key to
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epidemic event element extraction lies in testing semantic role labeling of events,
supplementing missing components, and automatically mapping semantic role
labels with text content one-to-one, storing them in the form of element lists.
This study designs the epidemic event element list construction algorithm (see
Algorithm 1) to accurately describe objective events.

Based on the LTP semantic role type conventions, AQ represents the event
trigger or agent, Al is the patient, QTY represents quantity, and TMP is the
event occurrence time. In addition, the first element in the semantic role list
represents the root node, i.e., the central predicate reflecting the action of the
event, denoted as “Act” in this study. For cases where the event subject is
missing, such as “including 1 case from Spain,” its semantic role label is (36,
[( A1, 37, 37)]), with part of the event subject AO missing. This study uses the
forward traversal rule in Equation (2) to find the nearest event subject as the
subject of this triple, i.e., “cured and discharged cases from Spain.”

A0; = segs(s)
5 = Srlﬁ;} (k)
n = len(Srit=1(k))
n=n if ke {A0,Al}
n=n—1 if k¢ {A0, Al}
Algorithm 1 Epidemic Event Element List Construction Algorithm

Input: epiText # epiText is epidemic text
Output: eleList # eleList is epidemic event element list

1. Segs = [ltp.seg(epiText)] # Text segmentation, Segs is the segmenta-

tion set

2. Srl = [ltp.srl(epiText)] # Semantic role labeling, Srl is the semantic
role set

3. eleList = [, ek =[], ev =[]

4. for srl in Srl and segs in Segs do # segs is the corresponding
sentence component 5. eve = [ # Initialize event fragment
6. ek.append(‘Act’), ev.append(segs|srl[0]]) # Event triggering ac-
tion 7. for s in srl[1] do 8. t =", ek.append(s[0]) 9. for
i in range(s[1], s[2] + 1) do t += segs[i] endfor 10. ev.append(t)
11. eve = [ek, ev] 12. endfor 13. if A0’ not in evelek]
then 14. evelek].append(‘A0’), eve[ev].append(A0 _i+eq.(2))
15. endif 16. eleList.append(eve)

5. endfor

6. return eleList

The event element extraction strategy based on natural language processing is
suitable for extracting knowledge elements at the event summary description
level, mainly involving part-of-speech analysis and semantic role labeling, and
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has been widely applied in event element analysis research such as literature
[31,35]. To enhance the effectiveness and specificity of this study’s epidemic
event element extraction strategy, this study introduces mechanisms such as
named entity matching and part-of-speech-based initial event element compari-
son to correspond event elements with basic event concepts (see Figure 3 [Figure
3: see original paper]), with specific implementation logic reflected in Algorithm
2 for automatic construction of epidemic event ontology.

3.2 Automatic Construction of Epidemic Knowledge Base

Based on the extracted epidemic event elements, this study further designs Al-
gorithm 2 to convert relevant elements into triple form and automatically create
and generate triple-based graph structure semantic ontology data, forming the
basic framework of the epidemic knowledge base. Based on the epidemic event
ontology model, the automatic construction algorithm of the epidemic knowl-
edge base distinguishes relevant concepts, object properties, and data properties,
automatically constructs and improves the ontology framework, then divides
event elements into instances, relationships, properties, and property values,
and automatically fills them into the ontology architecture in triple form se-
quentially.

For the recognition and distinction of event subjects and objects, this study first
identifies and extracts all named entities from event texts through LTP, and
finds that named entities in epidemic events are all global regions, i.e., event
subjects in epidemic events. The named entity matching mechanism matches
event subjects labeled as AO or A1l with elements in the identified named entity
set Ns. Matched AO elements are prevention subjects as, matched Al elements
are epidemic subjects es, and unmatched elements are prevention objects eo or
others, with relevant concepts corresponding one by one.

Algorithm 2 Automatic Construction and Filling Algorithm for Epidemic Event
Ontology

Input: eleList, epi, Ns, Pos # Event element list, event ontology, named
entity set, part-of-speech-based element set

Output: epi

1. Class(E, ES, EO, AES) epi, AES ES
2. Property(rsub, tim, sta) epi

3. for evelele, seg] eleList and eve.seg segs do # seg is the corre-
sponding sentence component 4. as = es = eo = act = actl = sta =
time = ’‘, num = 0 5. ek = eve.ele, ev = eve.seg 6. if ek == A0
or ek == Al and ev in Ns and ev in Pos(as, eo, so) then 7. if
ek == A0 then as = ev, epi.add((as, type, AES)) 8. else es
= ev, epi.add((es, type, ES)) 9. endif 10. elif ek == Al
and ev not in Ns and ev in Pos(as, eo, so) then 11. eo0 = ev,
epi.add((eo, type, EO)) 12. elif ek == Act or ek == QTY or ek
== TMP then 13. if ek == Act then act = ev, epi.add((act,
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type, objectProperty)) 14. elif ek == QTY then num = ev
15. else time = ev 16. endif 17. endif 18. e ="EF’
+ time, epi.add((e, type, E)) # e is the epidemic event 19. actl =
act + eo, epi.add((actl, type, datatypeProperty)) 20. epi.add((actl,
subPropertyOf, sta)) 21. epi.add((e, tim, time)) 22. epi.add((e,
rsub, es)) 23. epi.add((as, act, eo)) 24. epi.add((e, actl, num))

4. endfor

5. return epi

Algorithm 2 first maps epidemic event elements to event concepts, constructs re-
lationships between concepts and instances and properties of instances in triple
form, and adds classes and properties to the event ontology based on unique
resource identifiers (URIs) without duplication, thereby constructing the hier-
archical structure and basic relationships of the ontology. On this basis, the
algorithm reads epidemic event elements through the event element list, con-
structs epidemic event instances, judges instance elements, and constructs URI
identifiers for elements if they correspond to types such as event subject A0, time
TMP, patient Al, and quantifier QTY. Then, it judges whether corresponding
components exist in the ontology; if not, automatically adds relevant elements
to the ontology and fills in relationships and property values between elements.
Finally, the filled ontology data is returned to complete the automatic construc-
tion of the epidemic event ontology. The epidemic event instances gradually
enriched through Algorithm 2 are shown in Figure 6 [Figure 6: see original pa-
per]. Through cyclic operation of the algorithm, new epidemic information can
be continuously supplemented, enabling automatic updating of the epidemic
knowledge base, with epidemic knowledge gradually becoming richer.

3.3 Epidemic Knowledge Base Update Based on SPARQL

To enable the epidemic knowledge base to have basic reasoning and rule-based
updating capabilities to support decision-making, this study designs a knowl-
edge update strategy based on the query language SPARQL. On one hand, the
epidemic knowledge base can automatically extract event elements and update
automatically by combining Algorithms 1 and 2; on the other hand, it also needs
to design personalized rules to enrich the knowledge base according to specific
application requirements. This study designs SPARQL-based query rules from
two perspectives—high-risk events and high-risk subjects—and combines Algo-
rithm 3 to achieve knowledge updating. The specific query rules are shown in
Table 4 .

Algorithm 3 Epidemic Knowledge Base Update Algorithm Based on SPARQL
Input: epi, X, starttime, Y
Output: epi

1. Hre = epi.query(Q1, X, starttime) # Execute SPARQL query

2. Hrs = epi.query(Q2, Y)

3. if Hre !=[] then 4. epi.add((HRE, subClassOf, E)) # Create “High-
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risk Event” class HRE 5. for e in Hre do epi.add((e, type, HRE)) endfor
4. endif

5. if Hrs != [] then 8. epi.add((HRS, subClassOf, ES)) # Create
“High-risk Subject” class HRS 9. epi.add((ren, type, datatypeProp-
erty)) # Create “involved event count” 10. for (es, en) in Hrs
do 11. epi.add((es, type, HRS)) # es is high-risk subject
12. epi.add((es, ren, en)) # en is involved event count
13. endfor

6. endif

7. return epi

Algorithm 3 extracts high-risk objects according to query rules Q1 and Q2,
creates two subclasses belonging to epidemic events and epidemic subjects re-
spectively, classifies the two types of high-risk objects separately, and performs
automatic update operations for newly added information to support emergency
decision assistance under risk identification. To test the algorithm, this study
sets corresponding query parameters respectively, with specific results shown in
Table 5 .

3.4 Results Analysis

In response to the trend of dynamic, intelligent information management and
knowledge representation for public health emergencies in the big data context,
this study takes the COVID-19 epidemic as an example to research epidemic
knowledge representation strategies. Regarding data sources, the epidemic re-
ports from the Shanghai Municipal Health Commission are selected as the basic
data source. Web crawlers are used to dynamically crawl epidemic informa-
tion since January 2020. As of December 31, a total of 320 corpora were ex-
tracted to build an epidemic corpus. In terms of methods and tools, Python is
used to standardize texts, the Language Technology Platform toolkit LTP from
Harbin Institute of Technology is employed for corpus segmentation, named en-
tity recognition, part-of-speech analysis, and semantic role labeling. Algorithm
1 is used to match semantic role labels with corpora to construct the event el-
ement list eleList. Algorithm 2 is applied to fill elements from the eleList into
the epidemic event ontology epi, while achieving automatic updating of epidemic
instance-related information. This study uses the epidemic event ontology as
the carrier of the epidemic knowledge base and employs SPARQL to implement
the query rules of Algorithm 3 to complete dynamic updating of the epidemic
knowledge base. Through text experiments, an epidemic domain ontology con-
taining 6 classes, 4 object properties, 9 data properties, 410 instances, 1,121
pairs of relationships, and 918 data property values was finally obtained, pre-
liminarily implementing an event ontology knowledge base oriented to epidemics
and providing references for epidemic knowledge organization and sharing.

For knowledge expansion, this study selected prevention resources data belong-
ing to prevention subjects from the web (https://yyk.99.com.cn/) (Dataset 1),
the “COVID-19 Open Knowledge Graph.Events” (Dataset 2) and “COVID-19
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Open Knowledge Graph.Epidemiology” (Dataset 3) from the Chinese Open
Knowledge Graph platform (http://www.openkg.cn/), to enrich and expand the
epidemic knowledge base. Prevention resources are tertiary hospitals belonging
to prevention subjects (Shanghai), whose data is crawled through web crawlers
and expanded according to the logic of Algorithm 2 following the hierarchy
of “prevention resources — medical institutions — hospitals,” with examples
shown in Figure 7 [Figure 7: see original paper].

Datasets 2 and 3 correspond to event schema and epidemiology data in xlsx
and json formats (see Figure 8 [Figure 8: see original paper]). This study
uses Python to parse them, converts key fields such as id, type, label, do-
main, range, subClassOf, and subProperty into concepts, instances, and prop-
erty types, builds auxiliary ontologies event and covid based on the idea of
Algorithm 2, and merges these two ontologies into the epidemic event ontology
using the protégé ontology editing tool. The final basic structure of the epidemic
knowledge base is shown in Figure 9 [Figure 9: see original paper].

Through expansion with three datasets, epidemic knowledge has been extended,
demonstrating the feasibility of the event ontology knowledge expansion strategy
based on multi-source data. This scheme provides references for integrating epi-
demic events with knowledge in fields such as resources, geography, populations,
diseases, and policies, offers a referable solution for emergency decision-making
based on multi-source data, and lays the foundation for further epidemic knowl-
edge semantic reasoning and reuse. The results of automatic construction of
the epidemic knowledge base based on event ontology show that the ontology
automatic construction strategy combining natural language processing tech-
nologies such as named entity recognition, part-of-speech analysis, and semantic
role labeling can achieve epidemic information management and knowledge rep-
resentation from data collection, data preprocessing, event element extraction,
event ontology automatic construction and filling, to knowledge base automatic
updating and expansion, improving knowledge base construction efficiency and
reducing manual costs. However, the automatic construction strategy for epi-
demic event ontology largely depends on text preprocessing and natural lan-
guage processing strategies, requiring development of corresponding algorithms
to drive ontology automation construction.
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