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Abstract—The main problems lying in the learning process of learners in 

different majors are that they study blindly and do not have a complex 

knowledge structure, which are seriously affecting their learning effects. But if 

a knowledge graph can be modeled for the major-specific curriculum system 

using the quantitative method from the perspective of knowledge network, it 

may be able to improve the existing teaching problems and optimize the teach-

ing quality. The existing major-specific knowledge graphs were all constructed 

in an abstract form, ignoring the inherent prior learning relationship between 

teaching units and curriculum knowledge. To this end, taking English major as 

an example, this paper studied the construction and application of a major-

specific knowledge graph based on the big data in education. Firstly, the Eng-

lish major-specific knowledge graph was modeled, the calculation process of 

node importance was shown, and a localized graph of the knowledge network 

of English major courses was given. Then, a multi-node feature selection 

framework for the English major-specific knowledge graph was constructed 

based on the context of nodes, and the importance of the top k nodes in the con-

structed knowledge graph was extracted using the multi-node feature extraction 

technology. After that, the experimental results verified the stability and con-

nectivity of the nodes in the constructed knowledge graph. 

Keywords—major-specific knowledge, knowledge graph, node importance, 

node features 

1 Introduction 

With the rapid development of science and technology, new knowledge and tech-

nologies are rapidly growing, leading to increasingly large and complex knowledge 

systems for all kinds of majors [1-8]. When studying the major-specific knowledge, 

however, learners currently have some problems. For example, they study blindly and 

do not have a complex knowledge structure, which are seriously affecting their learn-

ing effects [9-14]. The existing English major-specific knowledge system has been 

relatively mature and stable, but in the actual teaching process, there are also some 

problems in both teaching and learning [15-18]. If a knowledge graph can be modeled 
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for the English major-specific curriculum system using the quantitative method from 

the perspective of knowledge network, some problems in the English major teaching 

plan and mode may be found out so that what areas to improve and optimize in Eng-

lish teaching will be known.  

With the rapid development of science and technology and the continuous update 

of knowledge, college teachers and students are required to grasp the latest develop-

ment trends in the fields related to the curriculum knowledge faster, more comprehen-

sively and more accurately. To this end, many schools and colleges have digitized 

their educational resources. However, there is no unified knowledge representation 

structure in the traditional educational resource sharing, which prevents the learning 

resources from being shared and reused in a satisfactory way. Pei et al. [19] used the 

ontology technology to build a curriculum knowledge map, which can not only reflect 

the relationships between knowledge modules, but also realize the mining and repre-

sentation of more knowledge relations and types such as tacit knowledge to a certain 

extent. Bielefeldt [20] pointed out that the body of knowledge has outlined the skills 

and competencies required for a licensed professional engineer and described the 

skills and competencies that should be acquired as part of an accredited bachelor’s 

degree. Zhang and Li [21] reviewed the literatures on higher vocational classroom 

research in CNKI, and used research methods such as knowledge graph analysis to 

draw knowledge graphs of high-frequency keyword relationship maps and keyword 

co-occurrence maps. At last, the trend of higher vocational classroom research was 

proposed through the centrality analysis and multi-dimensional scale analysis Atlas of 

SPSS. Kobets et al. [22] used the cognitive modeling methods of weakly structured 

systems to construct cognitive maps of educational processes, demonstrated the pos-

sibility of using cognitive modeling and cognitive maps in college knowledge man-

agement systems and identified target risk factors, basic risk factors and risk factors 

affecting the quality of educational processes in higher education systems. In order to 

reveal the research characteristics and status quo of big data in education, Jiang et al. 

[23] used the software CiteSpace V to analyze 2052 papers on the national knowledge 

infrastructures in China. The research results show that “ideological and political 

education” is the most frequently used keyword, and “e-schoolbag”, “education re-

form” and “MOOC” have the longest exposure. 

Through the analysis of the existing research results, it can be seen that although 

the knowledge network has been applied to various scientific fields, few people have 

integrated it with the major-specific knowledge graphs, especially with the current 

English major teaching reform. Most of the existing research on major-specific 

knowledge graphs is based on knowledge relation, such as the English grammar 

knowledge graph with English grammar rules as the basic nodes. These knowledge 

graphs were constructed in an abstract form, ignoring the inherent prior learning rela-

tionship between teaching units and curriculum knowledge. To this end, this paper 

conducted research on the construction and application of a major-specific knowledge 

graph based on the big data in education. Section 2 of the paper first models the Eng-

lish major-specific knowledge graph, shows the process of how the node importance 

is calculated and gives a localized graph of the knowledge network of the English 

major courses; Section 3 builds a multi-node feature selection framework for the Eng-
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lish major-specific knowledge graph based on the context of the nodes, and extracts 

the importance of the top k nodes in the constructed knowledge graph using the multi-

node feature extraction technology. The experimental results prove the stability and 

connectivity of the nodes in the constructed knowledge graph. 

2 Modeling of the English major-specific knowledge graph 

2.1 Model construction 

To build the major-specific knowledge graph based on the multi-source big data in 

education and study the node feature extraction method, the hierarchical framework 

of the system is given in Figure 1. 

The knowledge relations in the English major-specific knowledge graph consisting 

of three layers can be represented by an adjacency matrix. Suppose that the English 

major-specific knowledge graph is represented by O1, that the teaching unit 

knowledge graph is represented by O2, and that the course knowledge graph is repre-

sented by O3. Since each adjacency map has a corresponding adjacency matrix, it can 

be expressed as matrix O1, O2, O3 or map O1, O2, O3 below. O1 is O1=(U,D), where 

U={u1,u2,...,um} is the set of knowledge points in the knowledge graph, and 

D={di,j|i,j=1,2,...,m} is the set of knowledge relations, where di,j is the directed con-

nection line between knowledge points ui and uj in the graph. The parameter represen-

tations are similar for the knowledge graphs O2 and O3. 

In the modeling of the English major-specific knowledge graph O1, only the direc-

tion is considered and the weight is ignored, and at the same time, the closeness of the 

relations between knowledge points is also ignored. Eq. (1) shows the expression of 

the matrix O1: 

 

1,1 1,2 1,1422

2,1 2,2 2,1422

1

1422,1 1422,2 1422,1422

o o o

o o o
O

o o o

 
 
 
 
 
  

 (1) 

If the knowledge point ui is the prior knowledge point of the knowledge point uj, 

the value of the binary function oi,j is 1; if the knowledge point uj is the prior learning 

knowledge point of the knowledge point ui, the value of the binary function oi,j is 0. 

Since the weights of knowledge graph O2 and O3 are obtained based on their con-

nection relationships with the knowledge graph O1, the matrices O2 and O3 cannot be 

used directly in the analysis of the English major-specific knowledge graph. The ef-

fects of the teaching unit and course knowledge scales on the weights of the con-

structed knowledge graphs cannot be ignored. 

In order to eliminate the effect of the knowledge scale, it is necessary to normalize 

the data in the matrices O2 and O3. Eq. (21) shows the specific process: 
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Suppose that H is the normalized knowledge graph, with the same number of di-

mensions as that of the corresponding matrix of the original graph. In the knowledge 

graphs constructed based on teaching units and course knowledge points, the depend-

ency between two teaching units or two courses ui and uj is represented by hi,j. 
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Fig. 1. Hierarchical architecture of the major-specific knowledge graph  

2.2 Analysis of the knowledge graph 

The node degree in the knowledge graph reflects the importance of the knowledge 

point it represents in the whole knowledge system of the English major. Knowledge 

points with large node degrees should be studied as key knowledge by students of 

English major. The English major-specific knowledge graph can be regarded as a 

directed network, so the actual significance of its out-degree and in-degree needs to 

be considered. Assuming that the number of nodes in the knowledge graph is repre-

sented by m, and the node relationship is represented by hij, Eq. (3) and (4) show the 

out-degree and in-degree calculation formulas of the knowledge graph: 

 
1

m
out

i ij

j

l h

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m
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i ji
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l h

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The English major-specific knowledge graph is composed of several course 

knowledge graphs, and the degree of closeness between the course knowledge graphs 

can be characterized by the clustering coefficient of the English major-specific 
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knowledge graph. Eq. (5) gives the calculation formula of the clustering coefficient 

Φ(i) of each node in the English major-specific knowledge graph: 

  
  

 

, ,: , ,

1

j l j l j l i

i i

d u u K i d D
Φ i

l l

 



 (5) 

Based on the calculation results of the above formula, the clustering coefficient of 

the entire major-specific knowledge graph is further calculated as follows: 

  
1

1 m

i

Φ Φ i
m 
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(6) 

In order to measure the connectivity between a node and other nodes in the 

knowledge graph, the parameter “node betweenness” is introduced. Assuming that the 

number of the shortest paths between two teaching units or courses ui and uj is repre-

sented by χij, and that the number of the shortest paths passing through node ui among 

all shortest paths between ui and uj is represented by χij(τ), Eq. (7) shows the formula 

to calculate the node betweenness of any node as follows: 
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2.3 Calculation of importance 

The most important purpose of applying various statistical characteristics of 

knowledge graph in the analysis of English major-specific knowledge graph is to find 

out the important nodes in the knowledge graph, as only by emphasizing the teaching 

and learning of the important teaching units or knowledge points in courses in English 

major study can we ensure the stability and connectivity of the learners’ English ma-

jor-specific knowledge structures. 

In this paper, node proximity, neighborhood, criticality and importance degree are 

used to define the importance of nodes in the knowledge graph. Assuming that eij is 

the length of the shortest path with ui as the starting point and uj as the ending point, 

Eq. (8) shows how to calculate the proximity DJ(i) of ui: 

  

1

1
,

m

ij

j

DJ i j i

e


 


 (8) 

Assuming that the degree of the node ui is represented by l=|γli|=Σuj∈γlioij, Eq. (9) 

gives the judgment formula of the neighborhood of ui: 
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In the neighborhood γli of the node ui with the degree l, if l is greater than 2, assum-

ing that the number of the shortest paths between any pair of nodes passing through ui 

is represented by R(i), and that the number of the shortest paths that do not pass 

through ui is represented by Y(i), then the criticality of the node ui can be calculated 

according to Eq. (10): 

  
 
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R i
L i

R i Y i
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
 (10) 

If l is equal to 1, then the criticality L(i) of ui is equal to 0. The node importance 

can be used to measure the local and global importance of each node in the 

knowledge graph. Eq. (11) gives the calculation formula of the node importance 

SQ(i): 
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It can be seen from the above analysis that, to calculate SQ(i), L(i) needs to be cal-

culated first, and that to calculate γli, R(i) and Y(i) need to be obtained first. Therefore, 

the connectivity of ui in its neighborhood is mainly affected by the nodes in its neigh-

borhood and the intersection of the neighborhoods of the two nodes in its neighbor-

hood. The key domain of the node ui can be calculated according to Eq. (12): 
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If the set of shortest paths between any two nodes ur and uj in the neighborhood γli 

of the node ui is represented by K(ur,uj), there is: 

       , , or , ,r j r j r j jK u u u u u u u  (13) 

Assuming that there are qrj shortest paths between ur and uj, then R(i) can be calcu-

lated according to Eq. (14): 

      
 

 

1/ , ,
,  

0, ,i

rj i r j

G
i r j

q u K u u
R i r i r i

u K u u
where

 
  



  (14) 

Y(i) is calculated as: 
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After the calculation of R(i) and Y(i) is completed, the criticality L(i) can be further 

calculated. The Dijkstra’s algorithm based on the greedy idea is used to calculate the 

shortest path eij of all nodes, and then DJ(i) can be obtained. Based on the obtained 

L(i) and DJ(i), SQ(i) can be calculated. 

Considering there are so many teaching units or course knowledge points con-

tained in the English major-specific knowledge network, this paper selected some 

knowledge points of the course “English Linguistics” for demonstration. Figure 2 

clearly shows the local topology of the core knowledge point network of the course. 

The nodes of different sizes in the graph indicate their different degree values. 

Languages and linguistics

Phonetics: phonetic studies

Phonology: studies on audio 

system and patterns
Morphology: studies on lexical 

structures

Syntactic analysis

Semantics: connotation 

analysis
Pragmatics: analysis of 

connotations in context

Text analysis: exploration of the 

principles of text construction

Languages and society

Languages and Cultures

Language acquisition

Linguistics and Foreign Language Teaching
 

Fig. 2. Localized graph of the knowledge network of an English course 

3 Extraction of knowledge graph node features 

With the continuous expansion of the English major-specific knowledge graph, the 

attributes of the nodes representing teaching units or course knowledge points will 

continue to increase, which will lead to sparse or redundant associations between 

node attributes and thus make learners lost in the knowledge. Therefore, this paper 

proposed a multi-node feature selection framework for the English major-specific 

knowledge graph based on the context of the nodes, and extracted the importance of 

the top k nodes in the constructed knowledge graph using the multi-node feature ex-

traction technology. Figure 3 presents the multi-node feature selection model for the 

major-specific knowledge graph. 
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Fig. 3. Multi-node feature selection model for the major-specific knowledge graph  

In this paper, the importance of node features is measured based on the IT-IDF al-

gorithm. Eq. (16) shows the calculation formula of the INF(g) of feature g: 

  
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It can be seen from the above formula that the more nodes there are with a certain 

feature g, the less feature information g contains, and the smaller the INF(g) value is. 

Assuming that the triple composed of the nodes and their attribute features is repre-

sented by Ψ, the IT(g) feature is calculated in this paper based on the attribute name 

AN(g) and the attribute value AV(g): 
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From the above formula, it can be seen that the more times the triple Ψ composed 

of the attribute feature with the value ε and its corresponding nodes appears in the 

knowledge graph, the more important the feature information contained in the attrib-

ute feature corresponding to the value is, and the more popular the knowledge is. Eq. 

(18) shows the node feature importance evaluation formula that considers both the 

INF(g) feature and the IT(g) feature: 
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       * valNCI g INF g IT g  (18) 

In order to fully consider the redundancy and correlation of the core node feature 

set, the node feature similarity function is introduced in this paper. Suppose that the 

similarity calculation function based on feature edit distance is represented by 

SIMED( ), that the calculation function for the semantic similarity of two features by 

SIMED( ), and that the calculation function for the local graph structure similarity of 

two features by SIMST( ). Eq. (19) shows the formula for calculation of the similarity 

between the features gj
di and gk

dl: 
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 
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When i and j are equal, the above formula is used to calculate the feature similarity 

within a node in the knowledge graph, and when i and j are not equal, it is used to 

calculate the feature similarity between nodes. Suppose that the knowledge point 

strings that need similarity calculation are represented by ri and rj, where the 

knowledge point strings can be presented in a mixed form of Chinese and English. 

Suppose that the length of rj is represented by W(rj), that SIMED(ri,rj)[0,1], and that 

Eg(ri,rj)[0,max(W(ri), W(rj)]. Eq. (20) gives the formula for calculation of feature 

similarity based on edit distance: 
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SIMSE( ) can be calculated by the traditional semantic sequence kernel function. 

Eq. (21) calculates the similarity between the local graph structures of the given two 

features fa
ei and fb

ei as follows: 
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Based on the three constraints - high importance of internal features, low similarity 

between internal features, and high similarity between entities, the multi-node core 

features are extracted from the knowledge graph. It is required to extract a core 

feature set with a length of l for each node in the relevant node set {d1,d2,...,dm}. If it 

is converted into a 0-1 knapsack problem, the objective function is set as follows: 
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 (22) 
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Assuming that the preset size of the set of core features that need to be extracted 

for each node is represented by Φ, and that the knapsack profit brought by the select-

ed features gx
di and gy

di by qx,y, the calculation formula is as follows: 
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The value range of the weight coefficients η1, η2, and η3 in the above formula is [0, 

1]. η1 and η2 are used to adjust the novelty of the features within the nodes in the 

knowledge graph, and η3 is used to adjust the degree of mutual influence between 

nodes. The larger the η3 is, the more correlated the extracted node features are, and 

conversely, the less correlated they are. 

4 Experimental results and analysis 

Table 1.  Courses contained in the modeling of the English major-specific knowledge graph  

No. Course No. Course No. Course 

1 Comprehensive English 11 International Finance 21 
Interpretation Techniques & 

Practice 

2 
English & American Litera-

ture 
12 English Reading 22 International Trade Practices 

3 Advanced English 13 
English Viewing, Listening 

and Speaking 
23 

Ideological and Moral Cultiva-

tion and Basic Law Education 

4 
Introduction to English 

Literature 
14 

English Grammar and 
Substantive Writing 

24 College Chinese 

5 Introduction to Linguistics 15 
Introduction to English 

Graduation Thesis Writing 
25 Physical Education 

6 

Special Course of Contem-

porary English and Ameri-

can Culture 

16 
English Speeches and 

Presentations 
26 

Introduction to Maoism and 

Socialist Theoretical System 

with Chinese Characteristic 

7 English Lexicology 17 
Advanced English Listen-

ing 
27 English Prose 

8 
The Society and Culture of 

Major English-speaking 

Countries 

18 English Stylistics 28 English & American Literature 

9 Principles of Economics 19 

English-Chinese Transla-

tion of Business Documen-
tation 

29 
International Business Simula-

tion Training 

10 International Trade 20 
Chinese-English Transla-

tion 
30  

 

This paper analyzed the structural characteristics of the constructed English major-

specific knowledge graph. According to the statistics of degrees, the English major-

specific knowledge graph is closer to DF(l)~μl-η. Figure 4 shows the distribution func-
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tion of the out-degrees and in-degrees of nodes, which is similar to the power-law 

distribution. In the fitting function of the in-degree distribution, η = 0.7642 and μ = 

0.371, and in the fitting function of the out-degree distribution, η= 0.6977 and μ = 

0.314. 

As can be seen from the figure, most of the teaching units or course knowledge 

points in the English major-specific knowledge graph have only a few connections in 

knowledge, which indicates that the constructed knowledge graph conforms to the 

scale-free network feature. In view of this feature, it is necessary to strengthen the 

learning of the teaching units or course knowledge points with high connections in 

knowledge in the Englis major teaching. If such nodes are missing, it will seriously 

affect the learning of subsequent teaching units or course knowledge points, and exert 

a great impact on the stability and connectivity of learners’ English knowledge struc-

tures. 

 

(a)                                     (b) 

Fig. 4. Fitting functions of the in-degree and out-degree distributions of nodes  

For the convenience of calculation, it is assumed that the length of each connection 

line of the English major-specific knowledge graph are equal. Next, the importance of 

different teaching units or courses is calculated, with the results shown in Table 2. 

Due to the large number of nodes, only part of the courses are listed here. 

It can be seen from Table 2 that, the courses with high importance in English major 

are all the basic courses and specialized courses located in the center of the 

knowledge graph, which play more important roles in promoting the stability and 

connectivity of the English major-specific knowledge graph. While the basic courses 

such as Chinese-English translation are the basis of English learning, their values are 

not high in the importance evaluation, but that does not mean such courses are not 

important; instead, it is because such courses are mostly located at the endings of the 

knowledge graph. When the global importance of the major-specific knowledge graph 

is considered, the importance values of these courses will decrease. 

74 http://www.i-jet.org



Paper—Construction and Application of a Major-Specific Knowledge Graph Based on Big Data in… 

The descriptive statistics of the structure attributes and centrality of the knowledge 

graphs for the 10 teaching units of the course “English Linguistics” are shown in 

Tables 3 and 4. The mean centrality of the sub-network of the unit “Pragmatics: 

Analysis of Connotations in Context” is 14.217, greater than those of the knowledge 

graphs of other teaching units, showing that the knowledge points in the knowledge 

graph of this teaching unit are highly connected with other knowledge points. When 

the knowledge points in the knowledge graph of this teaching unit change, it is very 

likely that the other knowledge points will also change. Therefore, the knowledge 

points in the teaching unit “Pragmatics: Analysis of Connotations in Context” play an 

important basic role in the whole course “English Linguistics”, and mastering the 

knowledge points in this teaching unit will have a positive effect on the learning of 

the subsequent courses or teaching units and even help learners master the whole 

English major-specific knowledge system to some extent. 

Table 2.  Calculation results of node importance 

Course 
Node 

proximity 
Course 

Node 

criticality 
Course 

Node im-

portance 

Comprehensive 
English 

0.048 Advanced English 1.001 
Comprehensive 
English 

0.045 

English & American 

Literature 
0.056 

Introduction to 

English Literature 
0.702 

English & American 

Literature 
0.041 

Advanced English 0.051 
Introduction to 

Linguistics 
0.635 Advanced English 0.026 

Introduction to Eng-
lish Literature 

0.042 

Special Course of 

Contemporary Eng-
lish and American 

Culture 

0.528 
Introduction to Eng-
lish Literature 

0.014 

Introduction to Lin-

guistics 
0.046 

Principles of Eco-

nomics 
0.511 

Introduction to Lin-

guistics 
0.014 

Special Course of 

Contemporary English 
and American Culture 

0.035 International Trade 0.462 
Introduction to Lin-

guistics 
0.011 

English Lexicology 0.033 International Finance 0.402 

Special Course of 
Contemporary Eng-

lish and American 

Culture 

0.013 

The Society and 
Culture of Major 

English-speaking 

Countries 

0.031 English Reading 0.425 
Principles of Econom-

ics 
0.011 

English Speeches and 

Presentations 
0.033 

English Viewing, 
Listening and Speak-

ing 

0.403 International Trade 0.011 

Advanced English 
Listening 

0.031 

International Busi-

ness Simulation 

Training 

0.415 International Finance 0.008 
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Table 3.  Structural attribute values of the knowledge graph of each teaching unit 

Teaching unit No. 1 2 3 4 5 6 7 8 9 10 

Number of nodes 175 89 97 102 131 115 102 75 66 45 

Number of connection lines 2526 853 914 1025 1154 1138 1268 652 564 385 

Network density 0.074 0.0.98 0.094 0.091 0.075 0.093 0.115 0.138 0.146 0.185 

Average path length 1.859 1.905 1.936 1.948 1.907 1.962 1.833 1.858 1.811 1.848 

Mean clustering coefficient 0.915 0.859 0.862 0.874 0.885 0.894 0.958 0.882 0.869 0.847 

Table 4.  Descriptive statistics of the centrality of the knowledge graph for each teaching unit 

Teaching unit No. 1 2 3 4 5 

Mean centrality 12.859 8.495 9.153 9.257 11.263 

Minimum out-degree/in-degree 2 2 2 3 3 

Maximum out-degree/in-degree 174 85 96 112 105 

Standard deviation of out-

degree/in-degree 
12.958 8.457 9.152 9.638 9.748 

Teaching unit No. 6 7 8 9 10 

Mean centrality 8.749 12.592 8.519 8.695 8.742 

Minimum out-degree/in-degree 4 2 3 4 2 

Maximum out-degree/in-degree 102 116 75 62 43 

Standard deviation of out-
degree/in-degree 

9.624 10.847 12.625 8.953 8.624 

5 Conclusions 

This paper studied the construction and application of a major-specific knowledge 

graph based on the big data in education. Firstly, the English major-specific 

knowledge graph was modeled, the calculation process of node importance was 

shown, and a localized graph of the knowledge network of English major courses was 

given. Then, a multi-node feature selection framework for the English major-specific 

knowledge graph was constructed based on the context of nodes, and the importance 

of the top k nodes in the constructed knowledge graph was extracted using the multi-

node feature extraction technology. The experiment section listed the courses con-

tained in the modeling of the English major-specific knowledge graph, and analyzed 

the structural characteristics of the constructed English major-specific knowledge 

graph. It also showed the fitting functions of the in-degree and out-degree distribu-

tions of nodes and the calculation results of node importance, selected the courses 

with higher importance. According to the descriptive statistics of the structural attrib-

ute values and centrality of the knowledge graph of each teaching unit obtained, the 

teaching unit that plays an important basic role in the content of the course “English 

Linguistics” was identified. 
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