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Abstract 

The rapidly increasing number of confirmed cases and extremely large amounts of medical resources about 

coronavirus disease 2019 (COVID-19) pandemic are enriching the COVID-19 domain knowledge bases. 

Undoubtedly, it is resulting in “information overload” and “information confusion” for users. Hence, how to 

achieve precision information navigation for COVID-19 related domain knowledge retrieval and personalized 

services, has become a huge challenge of this research. Due to the unique retrieval and navigation advantages 

of concept lattice, a framework of novel coronavirus COVID-19 domain knowledge navigation named 

CoNavigator, based on Formal Concept Analysis (FCA) theory is devised. It provides a promising approach 

for improving the retrieval efficiency from various novel coronavirus COVID-19 information resource 

platforms. Besides, some useful patterns are extracted and regarded as important evidence for an appropriate 

understanding of the pathological features of novel coronavirus COVID-19. 
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1. Introduction 

Coronavirus disease 2019 (COVID-19) pandemic is caused by an emerging new coronavirus (severe 

acute respiratory syndrome coronavirus-2 [SARS-CoV-2]). It mainly exhibits some typical symptoms, 

such as respiratory distress, cough, and low fever. From December 2019 to July 2020, the COVID-19 

pandemic has infected a reported 13,575,158 number of people, resulting in 584,940 deaths, in 216 

countries and areas around the world, and continue to spread exponentially [1]. In most countries, this 

pandemic cannot be completely controlled and is still going on. 

At present, many professional scholars and scientific research institutions have conducted research and 

analysis on the new coronavirus analysis. China has basically mastered the control strategy and measures 

of the COVID-19 in etiology, epidemiological characteristics, and pathogenic mechanism [2–4], etc., and 

provided an important reference for the global community to understand the essentials of CVOID-19. 

With the rapid development of big data technologies, massive amounts of COVID-19 related data are 
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constantly being generated, which leads to difficulty in obtaining accurate information resources. 

Currently, there exist some COVID-19 domain knowledge search and query platforms [5, 6], but these 

searches are conducted for obtaining the COVID-19 literature based on traditional retrieval models, which 

are inefficient and difficult to satisfy the long-term critical information resource retrieval requirements. 

To address this challenge, the FCA technique could be an alternative for building an efficient information 

retrieval system [7, 8]. Codocedo and Napoli [9] revealed that FCA-based information retrieval is better 

than the traditional way since it has the advantage of searching, and retrieves more satisfactory results 

from users. Qadi et al. [10] proposed an information retrieval system based on FCA. Specifically, their 

system allows users to navigate the hierarchical formal concepts for retrieving the relevant documents 

regarding the user’s query. FCA, a powerful data analysis methodology, has been broadly adopted in 

various fields, such as cognitive learning [11], social network analysis [12, 13], disease diagnosis [14], 

search engine [15], and so forth. 

With the above advantages and extensibility of FCA, especially the formal concepts could better 

characterize the potential relations between objects and attributes (the relations in this work refer to the 

binary relations between patients and symptoms), this research attempts to study the COVID-19 domain 

knowledge navigation and then further provides the relevant intelligent services for medical doctors and 

patients. The specific contributions of this work are outlined as follows. 

⚫ We present a framework of FCA-based novel coronavirus COVID-19 domain knowledge navigation, 

called CoNavigator. Specifically, we construct the formal context of COVID-19 patient medical 

records by taking the patients as the objects and the symptoms as the attributes and then generate the 

concept lattice accordingly. We store the obtained concepts in a database for supporting the further 

medical query request. 

⚫ Considering the dynamicity of the formal context of COVID-19 patient medical records, we present 

an object-incremental concept lattice generation algorithm for obtaining the concepts more efficiently. 

Our proposed incremental algorithm is to preserve the previously obtained concept lattice and 

generate the concept lattice of the added formal context. Then, we make the intersection of them and 

store it into a set. Finally, the extent for each intent in this set can be obtained. The experiment shows 

that our algorithm can obtain the concepts faster than other existing non-incremental algorithms. 

⚫ We conduct a case study for evaluating the query efficiency and effectiveness of the proposed FCA-

based novel coronavirus COVID-19 domain knowledge navigation model. Importantly, some useful 

patterns are extracted and analyzed for explaining the pathological characteristics of novel 

coronavirus COVID-19 and providing powerful evidence for further investigation on this disease. 

The outline of this paper is as follows. The preliminary knowledge of FCA is provided in Section 2. 

Then, Section 3 provides a framework of FCA-based novel coronavirus COVID-19 domain knowledge 

navigation. Section 4 conducts a concrete case study for evaluating the efficiency of our concept lattice 

generation algorithm as well as extracting more useful patterns for better explanations on pathological 

features of novel coronavirus COVID-19. Finally, Section 5 concludes this work. 

 

2. The Basics of FCA 
 

FCA, invented by Rudolf Wille in 1982 [16], is often used to characterize the relationships between 

concepts in a certain domain and understand the data by representing it as a concept lattice. This section 

will briefly overview the basics of FCA methodology [17]. 

Four core definitions in FCA including formal context, formal concept, partial order, and concept 

lattice are given as follows. 

1. A formal context is formed as a 3-tuple 𝐹𝐶 = (𝑈, 𝑀, 𝐼), where 𝑈 and 𝑀 refer to a set of objects and 

attributes respectively, and 𝐼 is the binary relation between 𝑈 and 𝑀 (i.e., 𝐼 ⊆ 𝑈⨂𝑀). Suppose 𝑢 ∈

𝑈 and 𝑚 ∈ 𝑀, each (𝑢, 𝑚) ∈ 𝐼 is interpreted as the object 𝑢 has the attribute 𝑚, otherwise (u, m) ∉ I. 
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2. A pair (𝑋, 𝑌) is a formal concept of the formal context 𝐹𝐶 = (𝑈, 𝑀, 𝐼), if pair (𝐴, 𝐵)(𝐴 ⊆ 𝑈, 𝐵 ⊆

𝑀) meets 𝐴↑ = 𝐵 and 𝐵↓ = 𝐴, then, 𝐴 and 𝐵 are called the extent and intent of the concept (𝐴, 𝐵). 

Note that, the operators ↑ and ↓ on 𝐴 ⊆ 𝑈, 𝐵 ⊆ 𝑀 for = (𝑈, 𝑀, 𝐼) , are defined as follows. 

 

𝐴↑ = {𝑚 ∈ 𝑀|∀ 𝑢 ∈ 𝐴, (𝑢, 𝑚) ∈ 𝐼}                                    (1) 

                                        𝐵↓ = {𝑢 ∈ 𝑈|∀ 𝑚 ∈ 𝐵, (𝑢, 𝑚) ∈ 𝐼}                                    (2) 

 

3. Suppose 𝐶(𝐹𝐶)  be the set of all formal concepts obtained from 𝐹𝐶 = (𝑈, 𝑀, 𝐼).  If 

(𝐴1, 𝐵1), (𝐴2, 𝐵2) ∈ 𝐶(𝐹𝐶), then let  

 

                               (𝐴1, 𝐵1) ≤ (𝐴2, 𝐵2) ⟺ 𝐴1 ≤ 𝐴2(⟺ 𝐵1 ⊇ 𝐵2)                                    (3) 

 

then “≤” denotes a partial relation of 𝐶(𝐹𝐶). 

 

4. A concept lattice can be constructed by organizing all formal concepts 𝐶(𝐹𝐶) of a context, FC with 

the partial order  ≤ denoted as 𝐿 = (𝐶(𝐹𝐶), ≤) .  Given two concepts  𝐶1 = (𝐴1, 𝐵1)  and 𝐶2 =

(𝐴2, 𝐵2), if 𝐴1 ⊂ 𝐴2 and 𝐵2 ⊂ 𝐵1  then a partial order  𝐶1 ⊂ 𝐶2 holds and there does not exist 𝐶3 

so that 𝐶1 ≤ 𝐶3 ≤ 𝐶2, then there exists an edge between concepts 𝐶1 and 𝐶2. Usually, we call 𝐶1 is 

the son-concept of 𝐶2, and 𝐶2 is the father-concept of 𝐶1. 

 

Example 1. Fig. 1 shows an example of a document-keywords binary relational table and its 

corresponding concept lattice. As we can see, the set of documents, i.e., 𝑈 = {𝑑1, 𝑑2, … 𝑑5}, and the set 

of keywords, i.e., 𝑀 = {𝑎, 𝑏, 𝑐, 𝑑, 𝑒}. 

 

U/M a b c d e 

𝒅𝟏 × ×    

𝒅𝟐 × × ×   

𝒅𝟑  × ×   

𝒅𝟒    × × 

𝒅𝟓    × × 

(a) 

 
(b) 

Fig. 1. (a) Formal context and (b) concept lattice. 
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Clearly, we finally obtain 7 concepts. For example, the concept ({𝑑1, 𝑑2}, {𝑎, 𝑏})  implies that 

documents 𝑑1 and 𝑑2 have the common keywords 𝑎 and 𝑏. Therefore, the concept lattice can be viewed 

as a kind of clustering results for documents in terms of keywords. 

 

3. FCA-Based COVID-19 Domain Knowledge Navigator 
 

In this section, we present an FCA-based novel-coronavirus COVID-19 domain knowledge navigator, 

CoNavigator. First of all, the architecture of CoNavigator is provided. Then, we will elaborate each 

module of this architecture including formal context construction, concept lattice generation as well as 

concept lattice storage and retrieval. 

 

3.1 The Architecture of CoNavigator 

 

Fig. 2 shows the architecture of CoNavigator. It is composed of three functionality modules: (1) formal 

context construction; (2) concept lattice generation; and (3) concept lattice storage and retrieval. 

As can be seen from Fig. 2, the COVID-19 patient medical records are the input of CoNavigator, then 

we first construct the formal context of COVID-19 patient medical records; afterward, a corresponding 

concept lattice is generated; the obtained formal concepts included in the concept lattice are stored in a 

database for serving the users’ query request; with the query request, the query results will be retrieved 

and returned to the users. 

 

COVID-19 

Patients Data

a b c d
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2 X
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Fig. 2. The Architecture of CoNavigator. 

 

 

3.2 Formal Context Construction 

 

Considering the patient medical records for novel coronavirus COVID-19 [18] as shown in Table 1, 

we construct the formal context 𝐹𝐶 = (𝑃𝐴, 𝑆, 𝐼), by taking the patients as the objects 𝑃, and the inherent 

attributes (i.e., age, sex, and location) as well as the medical attributes (i.e., symptoms, travel history and 

chronic disease) as the attributes 𝑆. And, 𝐼 indicates a relationship between the patient and its attributes. 
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Table 1. Patient medical records for novel coronavirus COVID-19 

 

 
 

 

Since the patient medical dataset contains several multi-value attributes, such as the symptoms of a 

given patient is composed of {“cough”, “fatigue”, “fever”, “sputum”, “myalgias”, “shortness_of_breath”, 

“respiratory_symptoms”, “diarrhea”, “rhinorrhea”, “chest_pain”, “sore_throat”, “gasp”, 

“pneumonitis”, “dizziness”, “fatigue”, “headache”}. We utilized vector encoding to represent multi-value 

attributes. For example, if patient A has symptoms of “shortness_of_breath” and “chest_pain”, then A’s 

symptoms can be represented with a vector as follows, 

 

                         𝑆 =  [0 0 0 0 0 0 1 0 0 0 0 0 1 0 0 0 0 0 0 0 0]                                            (4) 

 

Therefore, the formal context of the above patient medical dataset is shown in Table 2. 

 

Table 2. The formal context of patient medical dataset 

 
Age 

Range 1 

Age 

Range 2 

Age 

Range 3 

Age 

Range 4 

Sex 

male 

Sex 

female 

Travel 

Loc. 1 

Travel 

Loc. 2 
… 

Travel 

Loc. k 
Symptom 1 Symptom 2 … Symptom m 

𝑷𝑨𝟏 ×    ×  ×    × ×   

𝑷𝑨𝟐  ×   ×  ×    × ×  × 

…   ×   × ×   × ×    

𝑷𝑨𝒏    ×  ×  ×   × ×   

 

 

3.3 Concept Lattice Generation 

 

This section is devoted to incremental generation on the concept lattice of COVID-19 formal context. 

Since the number of novel coronavirus COVID-19 patients is rapidly increasing, the above constructed 

formal context FC is dynamically updated. It will lead to a great challenge for quickly generating the 

concept lattice. In this paper, the object incremental concept lattice generation algorithm is devised for 

better addressing this challenge and further obtaining the corresponding concept lattice 𝐿(𝐹𝐶). 

Let us consider an initial formal context 𝐹𝐶1 = (𝑃𝐴1, 𝑆, 𝐼1) (here, 𝑆 = {𝑎, 𝑏, 𝑐, 𝑑, 𝑒, 𝑓, 𝑔, ℎ, 𝑖, 𝑗, 𝑘, 𝑙} can 

be dynamically updated by adding 𝑘  patients and their symptoms 𝐹𝐶2 = (𝑃𝐴2, 𝑆, 𝐼2) (pink area), as 
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shown in Table 3, and finally reach the resulting formal context 𝐹𝐶 = (𝑃𝐴, 𝑆, 𝐼), where PA = 𝑃𝐴1 ∪

𝑃𝐴2, 𝐼 = 𝐼1 ∪ 𝐼2. The solution idea is that: our algorithm is to preserve the previously obtained concept 

lattice 𝐿(𝐹𝐶1) and generate the concept lattice 𝐿(𝐹𝐶2)  of the added formal context 𝐹𝐶2. Further, the 

intersection of 𝐶(𝐹𝐶1)  and 𝐶(𝐹𝐶2)  is operated, i.e., (𝐹𝐶1) ∩ 𝐶(𝐹𝐶2), and store it into a set 𝐶(𝐹𝐶). After 

that, we obtain the extent 𝑒 for each intent 𝑖 ∈ 𝐶(𝐹𝐶) via e ← 𝑖↓. 

 

Table 3. Object-incremental formal contexts for adding COVID-19 patients 

𝑷𝑨 × 𝑺 a b c d e f g h  i        j  k   l 

𝑷𝑨𝟏   ×      ×   × 

𝑷𝑨𝟐    × ×      ×  

… ×   × ×   ×   ×  

𝑷𝑨𝒏 × ×  ×    ×     

𝑷𝑨𝒏+𝟏 × × ×  ×       × 

𝑷𝑨𝒏+𝟐  ×  × ×   ×  ×   

… ×   × ×   ×   × × 

𝑷𝑨𝒏+𝒌    × ×   ×    × 

 

 

Theorem 1. Given three given formal contexts 𝐹𝐶1 = (𝑃𝐴1, 𝑆, 𝐼1),  𝐹𝐶2 = (𝑃𝐴2, 𝑆, 𝐼2), and 𝐹𝐶 =

(𝑃𝐴1 ∪ 𝑃𝐴2, 𝑆, 𝐼1 ∪ 𝐼2), the relation among the set of the intents 𝐶(𝐹𝐶1), 𝐶( 𝐹𝐶2), and 𝐶(𝐹𝐶) satisfies 

the following equation: 

                                     C(FC) = {𝑌1 ∩ 𝑌2;  𝑌1 ∈ C(𝐹𝐶1), 𝑌2 ∈ C(𝐹𝐶2)}                                             (5) 

 

Proof. This proof is similar to the attribute-oriented concept lattice generation algorithm [19]. We will 

not elaborate on it due to the paper length limitation. 

 

3.4 Concept Lattice Storage and Retrieval 

 

In order to achieve information navigation and retrieval, we store the generated concept lattice into a 

relational database where the fields are extent, intent, and parent. Note that the parent refers to the father 

concept of the current concept. In this database, each record indicates a concept. 

We adopt the following SQL scripts to create the above relational database and table concepts. 

 

CREATE DATABASE COVID; 

CREATE TABLE Concepts( 

ConceptID int, 

Extent varchar(255), 

Intent varchar(255), 

Parent varchar(255), 

); 

 

After storing the concept lattice with the relational database, we can achieve accurate retrieval of useful 

patterns, such as common symptoms, of COVID-19 patients. Based on the created table concepts, the 

implementation sentence of all useful patterns that satisfy the user’s search keywords. 

 

SELECT Extent FROM Concepts WHERE Intent= 'keywords' 

 

Note that “keywords” are typed by users, such as “cough” and “chest_pain”. 
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4. Case Study 
 

In this section, for better illustrating our proposed approach, we consider 20 COVID-19 patients and 

their 14 symptoms only, then the useful patterns will be distilled from the concept lattice. 

 

4.1 Setup 

 

Regarding the above dataset, we take 20 patients as the objects, i.e., 𝑃𝐴 = {𝑃𝐴1, 𝑃𝐴2, … 𝑃𝐴20}, and 14 

symptoms as the attributes, i.e., 𝑆 = {𝑐𝑜𝑢𝑔ℎ, 𝑓𝑎𝑡𝑖𝑔𝑢𝑒, 𝑓𝑒𝑣𝑒𝑟, 𝑠𝑝𝑢𝑡𝑢𝑚, 𝑚𝑦𝑎𝑙𝑔𝑖𝑎𝑠, 

  𝑠ℎ𝑜𝑟𝑡𝑛𝑒𝑠𝑠_𝑜𝑓_𝑏𝑟𝑒𝑎𝑡ℎ, 𝑟𝑒𝑠𝑝𝑖𝑟𝑎𝑡𝑜𝑟𝑦 𝑠𝑦𝑚𝑝𝑡𝑜𝑚𝑠, 𝑐ℎ𝑒𝑠𝑡_𝑝𝑎𝑖𝑛, 𝑑𝑖𝑎𝑟𝑟ℎ𝑒𝑎, 𝑟ℎ𝑖𝑛𝑜𝑟𝑟ℎ𝑒𝑎, 𝑠𝑛𝑒𝑒𝑧𝑖𝑛𝑔,

𝑠𝑜𝑟𝑒 𝑡ℎ𝑟𝑜𝑎𝑡, 𝑔𝑎𝑠𝑝, 𝑤𝑒𝑎𝑘𝑛𝑒𝑠𝑠}. For better representation in the constructed formal context, we use 

𝑆𝑖(𝑖 = 1, 2. . ,14) to denote the different symptoms (as depicted in Table 4). 

 

Table 4. Formal context of case study data 

𝑷𝑨 × 𝑺 𝒔𝟏 𝒔𝟐 𝒔𝟑 𝒔𝟒 𝒔𝟓 𝒔𝟔 𝒔𝟕 𝒔𝟖 𝒔𝟗        𝒔𝟏𝟎 𝒔𝟏𝟏  𝒔𝟏𝟐 𝒔𝟏𝟑 𝒔𝟏𝟒  

𝑷𝑨𝟏 × × × × ×          

𝑷𝑨𝟐      × ×        

𝑷𝑨𝟑 × × ×     ×       

𝑷𝑨𝟒 ×  × ×           

𝑷𝑨𝟓 ×              

𝑷𝑨𝟔 ×  ×     ×       

𝑷𝑨𝟕   ×   ×  ×       

𝑷𝑨𝟖   ×   ×  ×       

𝑷𝑨𝟗 ×  ×   ×         

𝑷𝑨𝟏𝟎 ×  ×            

𝑷𝑨𝟏𝟏 ×  ×      × × ×    

𝑷𝑨𝟏𝟐 ×  ×      × × ×    

𝑷𝑨𝟏𝟑   ×     × × ×  ×   

𝑷𝑨𝟏𝟒   ×     × × ×  ×   

𝑷𝑨𝟏𝟓  ×             

𝑷𝑨𝟏𝟔 ×  ×         ×   

𝑷𝑨𝟏𝟕 ×  ×         ×   

𝑷𝑨𝟏𝟖 ×  ×     ×     ×  

𝑷𝑨𝟏𝟗 ×  ×           × 

𝑷𝑨𝟐𝟎 ×  ×           × 

 

According to the concept lattice generation algorithm, the following concept lattice is obtained as 

shown in Fig. 3. Each node is corresponding a concept in the concept lattice. For example, a concept 

({𝑃𝐴7, 𝑃𝐴8}, {𝑠3, 𝑠6, 𝑠8}) can be interpreted as patients 𝑃𝐴7, 𝑃𝐴8 have the common symptoms of fever, 

shortness of breath, and chest pain. 
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Fig. 3.  Concept lattice of formal context of case study data. 

 

Table 5. Concepts relational table Concepts 

Concept 

ID 
Extent Intent Parent 

1 {𝑃𝐴1, 𝑃𝐴3, 𝑃𝐴4, 𝑃𝐴6, 𝑃𝐴7, 𝑃𝐴8, 𝑃𝐴9, 𝑃𝐴10, 𝑃𝐴11, 𝑃𝐴12, 𝑃𝐴13, 𝑃𝐴14, 𝑃𝐴16, 

𝑃𝐴17, 𝑃𝐴18, 𝑃𝐴19, 𝑃𝐴20} 

{𝑠3} inf 

2 {𝑃𝐴1, 𝑃𝐴3, 𝑃𝐴15} {𝑠2} Inf 

3 {𝑃𝐴2, 𝑃𝐴7, 𝑃𝐴8, 𝑃𝐴9} {𝑠6} Inf 

4 {𝑃𝐴1, 𝑃𝐴3, 𝑃𝐴4, 𝑃𝐴5, 𝑃𝐴6, 𝑃𝐴9, 𝑃𝐴10, 𝑃𝐴11, 𝑃𝐴12, 𝑃𝐴16, 𝑃𝐴17, 𝑃𝐴18, 𝑃𝐴19, 𝑃𝐴20} {𝑠1} Inf 

5 {𝑃𝐴11, 𝑃𝐴12, 𝑃𝐴13, 𝑃𝐴14} {𝑠3, 𝑠9, 𝑠10} #1 

6 {𝑃𝐴13, 𝑃𝐴14, 𝑃𝐴16, 𝑃𝐴17} {𝑠3, 𝑠12} #1 

7 {𝑃𝐴3, 𝑃𝐴6, 𝑃𝐴7, 𝑃𝐴8, 𝑃𝐴13, 𝑃𝐴14, 𝑃𝐴18} {𝑠3, 𝑠8} #1 

8 {𝑃𝐴7, 𝑃𝐴8, 𝑃𝐴9} {𝑠3, 𝑠6} #1, #3 

9 {𝑃𝐴1, 𝑃𝐴3, 𝑃𝐴4, 𝑃𝐴6, 𝑃𝐴9, 𝑃𝐴10, 𝑃𝐴11, 𝑃𝐴12, 𝑃𝐴16, 𝑃𝐴17, 𝑃𝐴18, 𝑃𝐴19, 𝑃𝐴20} {𝑠1, 𝑠3} #1, #4 

10 {𝑃𝐴2} {𝑠6, 𝑠7} #3 

11 {𝑃𝐴13, 𝑃𝐴14} {𝑠3, 𝑠8, 𝑠9, 𝑠10, 𝑠12} #5, #6, #7 

12 {𝑃𝐴7, 𝑃𝐴8} {𝑠3, 𝑠6, 𝑠8} #7, #8 

13 {𝑃𝐴11, 𝑃𝐴12} {𝑠1, 𝑠3, 𝑠9, 𝑠10, 𝑠11} #5, #9 

14 {𝑃𝐴16, 𝑃𝐴17} {𝑠1, 𝑠3, 𝑠12} #6, #9 

15 {𝑃𝐴3, 𝑃𝐴6, 𝑃𝐴18} {𝑠1, 𝑠3, 𝑠8} #7, #9 

16 {𝑃𝐴9} {𝑠1, 𝑠3, 𝑠6} #8, #9 

17 {𝑃𝐴19, 𝑃𝐴20} {𝑠1, 𝑠3, 𝑠14} #9 

18 {𝑃𝐴1, 𝑃𝐴3} {𝑠1, 𝑠2, 𝑠3} #2, #9 

19 {𝑃𝐴1, 𝑃𝐴4} {𝑠1, 𝑠3, 𝑠4} #9 

20 {𝑃𝐴18} {𝑠1, 𝑠3, 𝑠8, 𝑠13} #15 

21 {𝑃𝐴3} {𝑠1, 𝑠2, 𝑠3, 𝑠8} #15, #18 

22 {𝑃𝐴1} {𝑠1, 𝑠2, 𝑠3, 𝑠4, 𝑠5} #18, #19 

 

 

For the sake of storage, we insert all obtained concepts into the table Concepts of COVID database. 

Table 5 is composed of all obtained formal concepts including concept ID, extent, intent, and parent 

concept. For instance, for No.10 formal concept ({𝑃𝐴2}, {𝑠6, 𝑠7}), its parent concept is No.3 concept. 

Based on Table 5, we can extract some useful patterns by a SQL query. For example, if we want to search 
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the CVOID-19 patients who have the symptom of shortness of breath, the SQL script is as follows. 

 

SELECT Extent FROM Concepts WHERE Intent='shortness of breath'; 

 

Consequently, the query results {𝑃𝐴2, 𝑃𝐴7, 𝑃𝐴8, 𝑃𝐴9} will be returned to the current user. 

 

4.2 Efficiency and Effectiveness Evaluation 

 

As we know, the COVID-19 patient medical database is not static and can be updated since the 

confirmed new patients will be added to the database every day. As we mentioned before, how to update 

our concepts relational table incrementally and respond to the query results quickly is interesting and 

challenging research.  

Let us assume that 15 new confirmed COVID-19 patients are added to our medical database, we also 

conduct an efficiency evaluation on obtaining the concepts by comparing our incremental algorithm with 

other two existing algorithms: CMCG algorithm [20] and non-incremental algorithm in terms of running 

time. Fig. 4 shows the comparison of running time for generating concept lattice. That is to say, our 

proposed incremental algorithm can significantly save running time. Therefore, it is suitable and efficient 

for handling the dynamical novel coronavirus COVID-19 patient medical records.  

 

 
Fig. 4. Comparison of running time for generating concept lattice. 

 

 

If we do not rely on the concept lattice structure to achieve useful patterns retrieval, the relational table 

including fields, patient and symptoms, is shown in Table 6. 

Regarding Table 6, if we want to query the patients who satisfy the input keywords, the SQL script is 

given as follows. 

 

SELECT Extent FROM PatientKey WHERE Keys LIKES '%Keywords%'; 

 

Obviously, in a large COVID-19 patient medical database, the effectiveness of an accurate query is 

higher than the fuzzy query. 

Table 6. Non-concepts relational table PatientKey 

ID Patient Symptom 

1 𝑃𝐴1 𝑠1, 𝑠2, 𝑠3, 𝑠4, 𝑠5 
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ID Patient Symptom 

2 𝑃𝐴2 𝑠6, 𝑠7 

3 𝑃𝐴3 𝑠1, 𝑠2, 𝑠3, 𝑠8 

4 𝑃𝐴4 𝑠1, 𝑠3, 𝑠4 

5 𝑃𝐴5 𝑠1 

6 𝑃𝐴6 𝑠1, 𝑠3, 𝑠8 

7 𝑃𝐴7 𝑠3, 𝑠6, 𝑠8 

8 𝑃𝐴8 𝑠3, 𝑠6 

9 𝑃𝐴9 𝑠1, 𝑠3, 𝑠6 

10 𝑃𝐴10 𝑠1, 𝑠3 

11 𝑃𝐴11 𝑠1, 𝑠3, 𝑠9, 𝑠10, 𝑠11 

12 𝑃𝐴12 𝑠3, 𝑠8, 𝑠9, 𝑠10, 𝑠11 

13 𝑃𝐴13 𝑠3, 𝑠8, 𝑠9, 𝑠10, 𝑠12 

14 𝑃𝐴14 𝑠3, 𝑠8, 𝑠9, 𝑠10, 𝑠12 

15 𝑃𝐴15 𝑠2 

16 𝑃𝐴16 𝑠1, 𝑠3, 𝑠12 

17 𝑃𝐴17 𝑠1, 𝑠3, 𝑠12 

18 𝑃𝐴18 𝑠1, 𝑠3, 𝑠8, 𝑠13 

19 𝑃𝐴19 𝑠1, 𝑠3, 𝑠14 

20 𝑃𝐴20 𝑠1, 𝑠3, 𝑠14 

 

 

4.3 Useful Patterns Extraction and Analysis 

 

According to the obtained concepts, we can summarize the following useful patterns by observing the 

hidden relationships between extent and intent. 

(Top-k 1-intent concepts). Intuitively, the top-k 1-intent concept is used to characterize the importance 

of attributes [21].  

For example, top-2 1-intent concepts ({𝑃𝐴1, 𝑃𝐴3, 𝑃𝐴4, 𝑃𝐴6 … 𝑃𝐴14, 𝑃𝐴16, … , 𝑃𝐴20}, {𝑠3}) and 

({𝑃𝐴1, … , 𝑃𝐴6, 𝑃𝐴9,𝑃𝐴10, 𝑃𝐴11, 𝑃𝐴12, 𝑃𝐴16, … , 𝑃𝐴20}, {𝑠1})  reflect the attributes 𝑠1  and 𝑠3  are very 

important since they are owned by many patients. In our case study, it is easy to find that more than 65% 

of patients have symptoms of cough and fever. It coincides with the official reports on major symptoms 

of novel coronavirus COVID-19, released from the World Health Organization 

(https://www.who.int/health-topics/coronavirus#tab=tab_1). 

(Frequent attributes in concepts).  By observing the intents in all concepts, we find that attribute 𝑠3 

is the most frequently appeared symptom among the patients. That is to say, the fever symptom is a 

critical signal for identifying a patient if he/she suffers from the novel coronavirus COVID-19. That is 

why many fever clinics are deployed during the pandemic of COVID-19. 

(Non-trivial attributes in concepts). Some special patients with chronic diseases usually have some 

non-trivial symptoms compared to normal people. Technically, this pattern can be extracted by mining 

the non-trivial tributes in concepts. For example, the attribute 𝑠7 is a non-trivial attribute since it only 

appears in No.10 Concept. And the extent of No.10 Concept is 𝑃𝐴2, it implies that patient 𝑃𝐴2 as old 

people are more susceptible to new coronavirus pneumonia with symptom respiratory symptoms 

compared to young patients. 

By analyzing the obtained patterns, it is useful to help medical doctors to master the pathological 

features of novel coronavirus COVID-19. Besides, these patterns can be used for constructing the 

knowledge graph, domain search engine. 
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5. Conclusion 
 

At present, the massive patient data generated by the ongoing novel coronavirus CVOID-19 is leading 

to the information overload problem to scientists who are working in the field of COVID-19. Thus, it is 

becoming difficult to extract more useful patterns from novel coronavirus CVOID-19 patient medical 

records. Towards this end, this research develops CoNavigator, a framework of FCA-based novel 

coronavirus CVOID-19 domain knowledge navigation. With this framework, some useful patterns are 

extracted for supporting the accurate and intelligent query and further providing more appropriate 

decisions for users. However, the proposed approach has a limitation for deploying the algorithm on a 

large-scale coronavirus CVOID-19 patient medical records due to the expensive concept generation time. 

In future work, we will further optimize the algorithm for concept generation in order to achieve better 

information navigation. 
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