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Abstract 
Objectives: This study aims to present the characteristics of the undergra-
duate dental curriculum system using network modelling and visualisation 
analysis based on complex network theory, thus providing a theoretical 
foundation for the course development and curriculum reform. Methods: 
The correlation coefficient was used to quantify the intensity of the correla-
tion between courses, and a visualisation complex network of the dental cur-
riculum was built to explore the curriculum pattern from a dynamic perspec-
tive. Further, the statistical measurements of curriculum network were 
adopted to express the most relevant topological features. Subsequently, the 
minimum spanning tree and parallel coordinates plot were drawn to explore 
the curriculum community structure, quantify the key courses, and present 
different courses in time and space relationships. Results: The correlation 
analysis results show that the courses are closely related to each other. The 
main courses focus on pathology, pathophysiology, oral anatomy and physi-
ology, closely connecting almost all medicine-related courses. The whole 
course network has an average degree value of 41.53, and a clustering coeffi-
cient of 0.78, indicating an obvious small-world characteristic. From the 
perspective of curriculum attributes, the number of public and theoretical 
courses was more than that of skills and practical courses. Moreover, the aca-
demic performance of skills and practical courses was lower than that of pub-
lic and theoretical courses. Conclusion: The undergraduate dental courses 
have a progressive structure from basic professional knowledge to profession-
al skills, which is reasonable for the dental education in China. However, 
some efforts towards curriculum reform based on this study are needed. 
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1. Introduction 

In 1907, Canadian missionary Dr. Lindsay established the Ren Ji Dental Clinic, 
which introduced modern dentistry in China and laid the foundation of dental 
education in the nation. After more than 100 years of practice and development, 
China has formed a distinctive dental education model [1]. The goal of under-
graduate dental education is to produce safe, competent, and ethical practition-
ers equipped with the necessary knowledge, communication skills, professional-
ism, and behaviour appropriate for the independent practice of dentistry. Based 
on the curriculum requirements of China’s dental undergraduate education 
standards, the teaching system can be divided into three stages—basic medicine, 
clinical medicine, and stomatology matched with corresponding courses [2]. The 
huge and complex dental curriculum system contains extensive information re-
vealing the links between courses and the rules of course development [3]. By 
excavating the educational data about curriculum, the internal connections 
and underlying laws can be uncovered, which not only provides some deci-
sion-making information for course creation but also inspire curriculum opti-
misation. 

Data Mining, popularly known as Knowledge Discovery in Databases (KDD), 
is the automated or convenient extraction of patterns representing knowledge 
implicitly stored in large databases [4] [5] [6] [7] [8]. By means of computer 
technology, the huge data can be visualized into a complex network composed of 
nodes connected together in a specific way for internal connection analysis. In 
the network, nodes represent different objects as per the meaning assigned to 
them (such as users, courses, etc.), and the edges between nodes indicate some 
kind of connection between objects [9] [10]. Based on complex network theory, 
the quantitative and topological analysis of educational data mining can effec-
tively and reasonably represent the interaction and correlation degree of many 
components in a complex system, thus revealing the potential relationship be-
tween different variables. In recent years, network modelling and visualisation 
analysis of big data using complex networks has been given great importance in 
various fields [10] [11]. Till date, such analysis has led to a wealth of innovative 
results in education in areas such as course recommendation, grade prediction, 
and online personalised education [3] [12] [13] [14]. 

Focusing on college education, researchers had used several visualisation 
measures based on complex network to excavate the data of college education. 
The office of Digital Learning at MIT and Harvard Research Committee at Har-
vard University used two years’ data of 68 open online courses offered on edX to 
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explore trends span. They found that the overall participation in their online 
courses remained substantial, and the average growth has been steady [15]. 
Seering provided a visualisation tool mapping the relationships among learning 
outcomes in the process of developing subject content [16]. In 2014, Goh et al. 
used the complex network method to construct networks of statistically signifi-
cant transitions between variable pairs from a high-dimensional and multiscale 
dataset of teaching practices observed in Grade 5 and Grade 9 mathematics 
classes. From the Minimum Spanning Trees (MST) and Planar Maximally Fil-
tered Graphs (PMFG) of the transition networks, they established that teaching 
knowledge as truth and teacher-dominated talking serve as hubs for teaching 
practices in Singapore and determined the complex teacher-student interaction 
teaching practice sequence [17]. To visualise the hidden structure in an academ-
ic curriculum, Aldrich advanced the prerequisite network and found that indi-
vidual courses served different roles in the organisation, such as information 
sources, hubs, and bridges. Moreover, the curriculum prerequisite network 
represents the intrinsic, hard-wired constraints on the flow of information in a 
curriculum and is the organisational context within which learning occurs [18].  

The dental undergraduate curriculum system is a huge and complex system in 
which courses are interwoven into a network. Using complex network mapping, 
the curriculum system may provide a better visualisation on understanding and 
development of curriculum pattern in undergraduate dental education. The 
present study intends to analyse the correlation between undergraduate dental 
courses, build a curriculum network dynamically, and explore its internal struc-
tural characteristics and setting rules, thus providing guidance for further curri-
culum setting and reform. This is the first study to conduct network modelling 
and visualisation analysis for undergraduate courses in a dental school, and 
could serve as a “roadmap” to guide administrators and faculty as they build and 
revise a curriculum, and for students as they try to navigate the curriculum. 

2. Methods 
2.1. Data Acquisition and Filtering 

This study was approved by West China Hospital of Stomatology, Sichuan Uni-
versity. The courses were required at the undergraduate level and graded ac-
cording to the percentage system. Further, the scores of students whose school 
status has changed were excluded. Finally, a total of 78 subjects were included 
and divided into 10 categories (Supporting Information Table 1) of courses— 
English Courses, Physical Education Courses, Ideological and Political Courses, 
Comprehensive Literacy Courses, Medical Foundation Courses, Medical Practice 
 
Table 1. Descriptive statistics of the undergraduate dental curriculum network. 

 The degree The betweenness The clustering coefficient The mean path 

The max value 62 124.26 0.94 null 

The average value 41.53 20.54 0.78 1.52 
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Courses, Introduction to Stomatology, Dental Foundation Courses, Dental Clin-
ical Courses, and Dental Practice Courses. The performance data of 134 five-year 
undergraduates graduated in 2019 were used to model the complex network. 

2.2. Pearson Correlation Coefficient Analysis 

The Pearson correlation coefficient was used to quantify the intensity of the cor-
relation between courses, thus depicting the key courses and curriculum struc-
ture. Further, the original performance data were standardised to exclude the in-
fluence of students’ efforts and the level of intelligence on the correlation be-
tween courses. The original correlation coefficient and the “standardized” corre-
lation coefficient were compared and analysed to show the consistency and 
complementarity of the two types of the correlation coefficient. Based on the 
Pearson correlation coefficient analysis, the matrix heat map was drawn to de-
scribe the strength of the relationship between courses [10] [19]. 

2.3. Dynamic Threshold Network  

The force-oriented model was used to lay out the node link graph, which was 
imagined as a physical system. The courses were regarded as nodes, and subse-
quently, the straight line between nodes was defined as the strength of the corre-
lation relationship. With the repulsive force, all nodes moved under the interac-
tion force. Further, when the system reaches equilibrium, the optimal layout is 
obtained. By increasing the threshold, only the edges not less than the threshold 
were retained in the network, and users could dynamically change the threshold 
to observe the network structure with different degrees of simplification [20]. 

2.4. Measurements of Complex Network 

The complex network has specific topological features that characterise connec-
tivity. Therefore, the discrimination and analysis of complex networks rely on 
the use of measurements that can express the most relevant topological features 
and their subsequent classification [21]. The measurements used in this study 
are described in the following subsection. 

2.4.1. The Degree and Degree Distribution  
The degree refers to the number of nodes associated with the nodes to be studied, 
which is an important characteristic of a vertex. To quantify the key courses of 
stomatology, the degree values of each node in the course network were calculated,  

as well as the average degree 1

1 N
avg iik k

N =
= ∑ , where ik  is the degree of node i.  

Subsequently, the degree distribution function was fitted to analyse the structur-
al characteristics of the curriculum network [10] [21]. 

2.4.2. The Clustering Coefficient 
Similar to degree, this clustering coefficient is also an important characteristic 
for network analysis [21] [22]. The clustering coefficient is usually used to indi-
cate the interconnectedness of a complex network. The clustering coefficient for  
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vertex i is: ( )
( )3

i N i
C

N i
∆= , where N(i) is the number of triangles involving vertex i,  

and N3(i) is the number of connected triples with i as the central vertex. Based 
on the clustering coefficient for each vertex, the clustering coefficient for a network  

can be defined as follows: 
1

iiC C
N

= ∑ . 

2.4.3. The Betweenness Centrality 
The betweenness is another popular index, measuring the extent to which a node 
lies on the shortest paths between all the other nodes in a graph [23]. The bet-
weenness of each node and the average betweenness of the course network were 
calculated to reveal the courses that played the role of connecting the past and 
the future in the course network. The betweenness calculation formula of any  

node is as follows: ( ) ( )ij
ij

ij

t
t

∂
=

∂
δ , where ij∂  is the number of shortest paths  

between node iv and node jv , and ( )ij t∂  is the number of shortest paths 
through node iv  among all shortest paths between node iv  and node jv . 

2.4.4. The Average Path  
The average path is an important parameter to measure the connectivity and ac-
cessibility of a complex network [18]. In the network, the distance between two 
nodes is defined as the shortest path, and the average distance of all node pairs is 
the average path of the network. In the network of undergraduate courses of 
stomatology, the shortest path between any two courses was obtained, and the 
average path of the network was calculated. The formula is as follows:  

( ) ,

2
1 iji j VL d

n n ∈
=

− ∑ . 

2.5. Minimum Spanning Tree 

In order to highlight the key structure of the course network, the graph structure 
of the course is simplified as the minimum spanning tree [11]. For the minimum 
spanning tree, set { },G V E′ ′ ′= , { }0,1,2,V N′ =   represents the course set, 

{ }, ,ijE e i j V′ ′= ∈  contains 1N −  edges, connects each node in V ′ , and mi-
nimizes the sum of edge weights, which are the correlation coefficients between 
courses. 

2.6. The Parallel Coordinates Plot 

The parallel coordinates plot is a visualisation method for analysis with multiple 
properties [24] [25]. In this study, the class program number, time, category, and 
average score were combined, and deviation data were standardised into a 
high-dimensional space. To explore the characteristics of points in the high-di- 
mensional space, each dimension was reflected as a vertical axis, parallel and 
equidistantly arranged on the horizontal axis. A high-dimensional point was 
represented as a polyline of inflection points on these parallel vertical axes, and 
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the position on the Kth vertical axis indicates the value of this point in the Kth 
dimension. 

2.7. Data Analysis 

A descriptive analysis of data was carried out. 

3. Results  
3.1. Pearson Correlation Coefficient Analysis 

Correlation coefficients have been calculated for each pair of courses and are pre-
sented as a heat map in Figure 1. Based on the course category order, Figure 1(a)  
 

 
Figure 1. The matrix heat map of pairwise course correlation. (a) the original correla-
tions; (b) the normalised correlations. The correlation value of each pair of courses is 
represented by the colour of the corresponding cell: higher correlation values refer to blue 
and lower values to red. Courses are ordered by category, which, in turn, are the 10 cate-
gories according to the curriculum program: English Courses (EN), Physical Education 
Courses (PE), Ideological and Political Courses (IP), Comprehensive Literacy Courses 
(CL), Medical Foundation Courses (MF), Medical Practice Courses (MP), Introduction to 
Stomatology (IS), Dental Foundation Courses (DF), Dental Clinical Courses (DC), and 
Dental Practice Courses (DP). 
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and Figure 1(b) depict the original and “standardised” visual matrix heat maps 
of correlation coefficient, respectively. The colour of the small squares reflects 
the level of correlation between courses. As shown in Figure 1, the correlation 
coefficient near the diagonal of the matrix heat map is relatively high. Overall, 
the courses are closely related to each other, either within or between categories, 
and the original correlation coefficient is larger than the “standardised” correla-
tion coefficient. 

3.2. Dynamic Threshold Network 

Figure 2 shows the curriculum network diagram with four different thresholds 
in the dynamic process. The node colour represents its category, and the num-
bers on the node are the abbreviations of the corresponding course. When the 
threshold value is 0.4, Physical Education, Situation and Policy, and Oral English 
courses are stripped out, while the rest of the curriculum remains tightly con-
nected. When the threshold value is 0.5, the Introduction to Stomatology and 
practice courses of stomatology, including clinical skill experiments and clinical 
practice, are separated and formed into independent groups. When the thre-
shold value is 0.6, the clinical medicine curriculum is further stripped out, and 
the rest of the courses are stomatology specialisations, which are closely related to 
each other. When the threshold value is 0.7, only a few courses are still connected,  
 

 
Figure 2. Curriculum networks with different connection thresholds. Colours of the 
nodes represent its category according to the cultivation program. Course networks for 
four typical threshold K values are represented in (a)-(d). (a) K = 0.4, (b) K = 0.5, (c) K = 
0.6, (d) K = 0.7. 
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including Oral Histopathology, Oral Anatomy and Physiology, Oral Biology, 
Oral materials Science, Medical Microbiology, Pathology, Pharmacology, Physi-
ology, and Biochemistry, all of which are basic oral or medical courses. 

3.3. Description of Statistical Characteristics 

The statistical results of complex network in Table 1 showed that the courses 
with large degree were primarily medical foundation and dental clinical courses. 
The maximum degree value of nodes in the course network was 62, while the 
average degree value was 41.53. There were 51 nodes with values greater than the 
average degree value. The courses with small degree value were primarily physi-
cal education and ideological and political courses. By fitting the degree distri-
bution function, it is similar to the Poisson distribution, as shown in Figure 3. 
The average betweenness value of the whole course network is 20.54. In addi-
tion, the average clustering coefficient of the whole course network was 0.78, and 
the average path was 1.52.  

3.4. The Minimum Spanning Tree 

As shown in Figure 4, the minimum spanning tree of 78 undergraduate dental 
courses has a clear and compact structure. The node colour represents the 
course category, and the node size is proportional to the degree. The curriculum 
structure model has a remarkable “trunk-branch” structure. As shown in Figure 
4, the main courses are highly consistent with the key course groups obtained by 
dynamic threshold network analysis. The main courses focus on Pathology, 
Pathophysiology, Oral Anatomy and Physiology, and Oral Biology, closely 
connecting almost all medical-related courses. At the branch of the curriculum 
network, there are clear categories of general education courses, such as English, 
Physical Education, and Ideological and Political courses. In addition, it is  
 

 
Figure 3. The degree distribution of the undergraduate dental curriculum network. 
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Figure 4. The minimum spanning tree of the curriculum network. The number of nodes 
represents different courses, and the different colours represent categories. 
 
not difficult to find that some experimental courses are connected to corres-
ponding theoretical courses.  

3.5. The Parallel Coordinates Plot  

The parallel coordinate visualisation analysis of undergraduate dental courses is 
shown in Figure 5. Except for the internship of stomatology in the fifth year, the 
number of courses in other semesters were evenly distributed. In terms of time 
dimension, the course presents a harmonious progressive relationship. From the 
public, medical, and dental courses, a gradual learning process with Chinese 
characteristics has been formed for the dental education, which is quite different 
from the cultivation of foreign professionals in stomatology. From the perspec-
tive of curriculum attributes, the number of public and theoretical courses was 
obviously more than that of skills and practical courses. Moreover, the academic 
performance of skills and practical courses was lower than that of public and 
theoretical courses. 

4. Discussion  

Learning is a complex cognitive process that can be influenced by the structure 
of an academic curriculum. Students’ performance data usually reflect whether 
the curriculum is scientific or reasonable and may provide new ideas for curri-
culum exploration. In this study, the undergraduate dental curriculum was treated  
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Figure 5. The parallel coordinates plot of the undergraduate dental curriculum network. Colours of the lines represent its category 
according to the cultivation program. 

 
as a complex system, and student scores were used to conduct the network mod-
elling and visual analysis. 

In the Pearson correlation coefficient analysis, the course indexes are arranged 
consecutively according to the courses of the same category, which can reduce 
the visual confusion and allow clearer observation of the correlation between 
courses of different categories. As shown in Figure 1, the courses are closely re-
lated to each other, either within or between categories. It’s worth noting that 
the correlation coefficient near the diagonal is relatively high, indicating that the 
courses of the same category have a high similarity, especially with a high inter-
nal correlation. However, the overall original correlation coefficient is larger 
than the “standardised” correlation coefficient in value, which may be because 
there is a certain correlation between students’ comprehensive quality and 
course scores.  

Through the computer visual simulation technology, the complex relation-
ships, such as the strength of the correlation between courses and their priorities, 
can be visualised in a dynamic form so that the key courses can be dynamically 
presented. In the dynamic threshold network, the courses were treated as nodes 
in a complex network, and the strength of the correlation was defined as the dis-
tance between nodes. By increasing the threshold of distance between courses, 
the network structure of courses evolves from full connectivity to isolated points. 
As shown in Figure 2, with the increase of the threshold value, the courses start 
to be separated from the fully connected network, and the edge and key courses 
can be quickly identified. In the process of dynamic visualisation analysis, Oral 
English, Physical Education, Politics, and other courses were gradually sepa-
rated, and the dental courses were always closely related, which reflected their 
core position in the curriculum network. There is a close relationship between 
the courses of stomatology and clinical medicine, which indicates the rationality 
of clinical medicine as a pre-curriculum. Notably, with the increasing threshold, 
practice courses are stripped out earlier than basic medical courses both in clin-
ical medicine and dental courses, which may indicate that there is a problem of 
emphasizing theory over practice in the undergraduate teaching of stomatology. 
In general, the undergraduate courses of stomatology have a progressive course 

https://doi.org/10.4236/jcc.2021.96003


Q. Ren et al. 
 

 

DOI: 10.4236/jcc.2021.96003 48 Journal of Computer and Communications 
 

structure from basic professional knowledge to skill training. Most of the under-
graduate courses of stomatology have a high correlation, while a few of the pub-
lic courses have a low correlation. Given this scenario, it is necessary to further 
strengthen the learning of high relevance node courses in teaching and pay at-
tention to the combination of theory with practice.  

As the undergraduate dental curriculum system is a complex network, its de-
gree, betweenness, clustering coefficient, and the average path can be used to 
describe the topological characteristics. The degree refers to the number of 
nodes associated with the node to be studied, reflecting the status and impor-
tance of the course in the whole course system [10] [21]. Betweenness centrality 
speaks to the broader-scale travers’ ability of a network and the role played by 
individual nodes in that level of connectivity [23]. In the course network, the 
combination of node degree and betweenness can be used as a more compre-
hensive index to measure the importance of course nodes and excavate the key 
courses in the teaching of stomatology. In the present study, it was not difficult 
to find that nodes with larger degree values also tend to have higher betweenness 
values. Similarly, using the statistical characteristic of clustering coefficient and 
the average path, the problem of setting up teaching content can be revealed, 
which is of positive significance for promoting the rationalisation and scientific 
quality of teaching content arrangement [22]. The whole course network had a 
large clustering coefficient and a small average path, indicating an obvious 
small-world characteristic. The topological measurements of the course network 
related to each other closely, and suggest that courses with high degree or bet-
weenness value should be studied as the focus of the major, which will help to 
strengthen the stability of learners’ knowledge network.  

In the minimum spanning tree, the undergraduate courses of stomatology 
have a progressive course structure from basic professional knowledge to profes-
sional skills, and some experimental courses are connected to corresponding 
theoretical courses. Interestingly, the curriculum system also presents a harmo-
nious and progressive relationship in the time dimension, as shown in the paral-
lel coordinates plot. However, students in skills and practical courses did not 
learn as well as those in public and basic courses. This may be related to the cur-
riculum setting. For example, in our school, the undergraduates take public and 
medicine foundation courses in the first two years. During the third year and the 
first term of the fourth year, medicine practice courses comprise majority of 
courses, and students have the opportunity to rotate between several clinical de-
partments such as Otolaryngology and Endocrinology. At this phase, dental 
foundation courses, including Oral Histology and Pathology, and Oral Anatomy 
and Physiology are taught. In the second term of the fourth year, students focus 
on the dental clinical and experimental courses. In the final year, all students 
complete the clinical practice in the hospital of stomatology. It can be seen that 
the dental courses are compacted in the last two years. It is not easy to engage in 
extensive and deep study with such a tight schedule. Thus, there is a need for 
curricular reform that includes greater integration and coherence, and efforts 
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have also been taken in China [26] [27]. To leave a preliminary impression of 
dentistry on students at an early stage, some schools adjusted the curriculum 
and set courses related to dentistry, such as Introduction to Stomatology and 
Exploratory Learning in Stomatology. These courses are more effective at en-
couraging students to study and develop comprehensively. However, current 
reforms are far from sufficient, and more efforts need to be taken.  

As curriculum reform is generally done without a clear view of the shape of 
the existing curriculum, this study may provide a solution to this problem by 
rendering important aspects of the overall curriculum visible and subject to 
quantitative, systems-level analysis. As shown in the curriculum network, when 
courses were differently labelled with category-specific colours, it became evi-
dent that there was strong integration across topics within a category but less in-
tegration between categories. A strategy for controlling curricular integration is 
through the management of bridge courses, which can carry a considerable load 
of the information traffic between course categories. Further, managing know-
ledge communities is another method of curricular integration. A curriculum 
might be integrative yet ineffective at delivering a learning experience. Cohe-
rence should also be a goal so that curricula make sense to the students that na-
vigate them. Furthermore, it is our goal to cultivate expert professionals with 
profound cultural heritage, solid professional foundation, strong sense of inno-
vation, and broad international vision. As dental students, they must be trained 
to excel and innovate in the clinical practice of stomatology in the future. 
Therefore, the cultivation of students’ professional knowledge and skills of sto-
matology based on competence should be strengthened except their comprehen-
sive quality.  

5. Conclusion  

Based on complex network theory, network modelling and visualisation analysis 
were conducted to depict the characteristics of the undergraduate dental curri-
culum system. Most undergraduate courses of stomatology have a high correla-
tion, and the whole course network had a large clustering coefficient, a small av-
erage path, indicating an obvious small-world characteristic. Moreover, the un-
dergraduate courses of stomatology have a progressive course structure from ba-
sic professional knowledge to professional skills. In brief, this study quantita-
tively analysed the academic performance of dental undergraduates, characte-
rised the curriculum structure, dynamically and intuitively presented the key 
courses, and provided a theoretical foundation for course setting and curriculum 
reform. However, some efforts for curriculum reform based on this study are 
needed. 
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