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Abstract: The purpose of formal education is to increase students’ abilities, and its content is to
impart knowledge through various courses. Thus, it is essential to accurately identify the relationship
between knowledge and students’ ability increment to ensure the quality of education and the
sustainable development of education. Currently, this relationship is mainly established based on
previous educational data and teachers’ experience, which is often imprecise. This paper proposes a
framework for knowledge and ability recognition based on the structural characteristics of complex
network modules. The proposed framework utilizes a knowledge cognitive-interdependent network
model (KCIN) as its object. First, the key knowledge nodes are identified via cognitive convergence
flow of knowledge nodes in KCIN. Subsequently, the module structure of the knowledge network is
identified by taking the key knowledge nodes as the core. Finally, the relationship between knowledge
and ability is established by identifying the similar attributes of nodes in complex network modules.
To validate the framework, we use teaching process data on the Data Structure course, which is a
fundamental course for Information majors. The results show that the framework can effectively
optimize the knowledge–ability relationship acquired from previous data and teacher experience.

Keywords: knowledge; ability; relationship recognition; complex networks; modularity; educational
sustainability

1. Introduction
1.1. Knowledge and Ability

The relationship between knowledge and ability has been an enduring topic and a
classic problem [1]. The acquisition of knowledge and the addition of competence both con-
strain and reinforce each other. According to the philosopher Locke, man is able to acquire
knowledge from sensory experiential material because he possesses a certain number of
native abilities, such as memory, attention, comparison, observation, and abstraction [2].
Bruner, who is the representative of structuralism, argued that the purpose and task of
teaching should not focus solely on enabling students to master the necessary knowledge
and skills, and should develop their abilities as well. He believed that proficiency in knowl-
edge structure could lead to an increased ability to use knowledge effectively, emphasizing
the importance of knowledge structure and meaningful connections between knowledge [3].
Xing et al. have suggested that, from the viewpoint of performance and development of
ability, knowledge is formed and developed in part through the process of mastering skills;
from the viewpoint of the counteraction of ability to knowledge and skills, a certain ability
is necessary for attaining further mastery of both knowledge and skills. This implies that
ability is both the premise of mastering knowledge and the result of mastering knowledge,
and as such there is both a mutual dependency and interdependence [4]. Wang et al. pro-
posed that knowledge is the basis of ability development, intelligence is the crystallization
of knowledge, development of ability can improve the speed and quality of knowledge
mastery, and the goal of ability is the premise of converting knowledge into ability [5].
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Li et al. viewed competency as an organized knowledge system and linked the relevant
knowledge scattered in various courses and chapters into a network system. They argued
that the problem of competency is fundamentally a problem of knowledge, and that its
solution requires a detailed and in-depth study of knowledge [6]. In summary, knowledge
and ability are closely related. This paper mainly investigates the supportive relationship
between knowledge and ability in formal education, such as the relationship between the
KMP algorithm and EPSA in the data structure course, which indicates that learning KMP
algorithm knowledge can enhance students’ engineering problem design ability.

1.2. Knowledge Graph and Ability Enhancement

The identification of the relationship between knowledge and ability requires the
expression of knowledge relations and the evaluation of capability enhancement. Accord-
ing to Wang Xiaoming and other scholars, knowledge is the subjective representation of
people on objective things and laws, while ability signifies the personal psychological
characteristics that promote completing activities smoothly and achieving the desired
purpose. Knowledge is divided into conceptual knowledge and procedural knowledge.
Conceptual knowledge is reflected in “understanding (or not) what and how”, while proce-
dural knowledge is reflected in “how to do”; skill is reflected in “can (or not) do”; finally,
ability is reflected in “can solve, can do, can finish”. Knowledge is the basis of ability. The
deeper the understanding of knowledge and the firmer the mastery of it, the more skillful
the corresponding skill is, which is conducive to the improvement of ability [7]. Yang
Dingsheng believe that knowledge and ability are not one-to-one correspondences. The
formation of one ability may require the interaction of multiple areas of knowledge, while
multiple abilities may require the same knowledge. The relationship between knowledge
and ability can be divided into two aspects: first, knowledge learning is the basis of ability
appreciation, as without a certain amount of knowledge to support, it is impossible to
produce good ability appreciation; second, ability appreciation is the ultimate goal of
knowledge learning, as without ability appreciation knowledge is only be a set of simple
memories [8].

As a visual tool for scientific knowledge, knowledge graphs [9] can effectively help
students to identify the relationship between knowledge points. Using the knowledge
graph approach, it is possible to effectively integrate fragmented knowledge on the subject,
helping students to master the subject systematically. In this way, we can understand
the changing and developing situation of the field of knowledge in order to effectively
improve students’ learning efficiency [10–13]. Bernal first invented the subject map in 1939,
and Ellingham used manually drawn charts to show the relationship between subjects in
1948 [14]. Knowledge graphs are essentially a kind of knowledge base called semantic
networks, that is, a knowledge base with a directed graph structure. The nodes of the
graph represent entities or concepts, and the edges of the graph represent various seman-
tic relationships between entities or concepts [15]. Ding Guofu built a fine knowledge
point map and ability point map for each teaching link, studied the integration mapping
relationship between knowledge points and ability points, constructed a teaching system
based on knowledge and ability integration evaluation, recorded the knowledge point
map and ability point map of students’ life cycle education, and tracked it throughout the
process, enabling the teaching effect to be evaluated, tracked, analyzed, and improved [16].
Petri-Net builds a knowledge map, then uses students’ learning history to predict their
learning effect when studying future concepts in the future and maximize their learning
results [17].

Value-Added Assessment is a developmental evaluation model which mainly adopts
quantitative evaluation methods [18]. It evaluates the educational effectiveness of students
by quantifying the increase in their learning abilities during the learning process [19]. This
assessment method combines the advantages of predictive, formative, and summative
evaluation, with the learner’s original ability level as the “initial value”, the ability level
at a certain stage of the learning process as the “current value”, and the ability level after
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the end of the learning process as the “final value”, dividing the evaluation process into
three parts [20]. This method is increasingly being recognized by schools all over the
world. British scholars first systematically introduced the implementation of value-added
assessment in their country in 1998 and the system showed good system stability, which
attracted the reference of other countries such as the Netherlands [21]. Many states in the
United States have developed and applied value-added assessment systems, including
the Tennessee Value-Added Assessment System and Dallas Value-Added Assessment
System [22].

1.3. Research Problem

In the process of continuous knowledge teaching, schools need to realize the gradual
improvement of students’ abilities [23]. In this process, it is necessary to accurately recog-
nize the relationship between knowledge and capability, which is a key link in achieving
sustainable development in education as well [24]. However, this relationship is not a
specific and clear quantitative relationship; rather, it is a fuzzy and generalized qualitative
relationship [25]. Even within the same course,the relationship between knowledge and
ability may be different due to the differences in the teachers and students involved, and
potentially even very different. The relationship between knowledge and ability is usually
based on the course divisions according to the learning order and the content proximity of
knowledge points. The increment of ability is mainly evaluated through the score values of
all the corresponding knowledge points. Adopting this approach to obtain the knowledge
and ability relationship ignores the mutual influence between knowledge points. In order
to make up for the inadequacies of qualitative identification methods for knowledge and
ability relations based on experience, this paper proposes a knowledge and ability relation
recognition framework based on the module feature of the knowledge relation network
model. According to the cognitive dimension, the knowledge-dependent network model is
constructed, then the key knowledge nodes are identified based on the network structure
feature. Taking the key knowledge nodes as the core, the network module structure is
identified and the corresponding relationship between the knowledge module and ability
is established to realize the recognition of knowledge and ability relations.

2. Materials and Methods
2.1. KCIN Construction

Learning cognitive views and constructivist perspectives suggest that the achievement
of a specific learning goal is based on a cognitive process of certain knowledge [26]. In
order to recognize the relationship between knowledge and ability, we construct a KCIN
based on the course knowledge graph of a course [27] according to the dimension of
cognitive process, which serves as the foundation for recognizing the relationship between
knowledge and ability. The nodes in the KCIN are the course knowledge points, and the
edges are the relationships between knowledge nodes. The extraction of course knowledge
points mainly relies on the teacher’s experience. First, the course content is determined
according to the location and role of the course in the cultivation program, then the course
content is gradually constructed into a tree-shaped course knowledge point graph. The
knowledge points that serve as the leaf nodes are the nodes of the KCIN. There is no fixed
requirement for the number of nodes, and certain nodes are connected by edges. Whether
there is an edge between two nodes is determined by the knowledge content they represent.
If node A must be studied before node B is studied, there exists an edge from B to A, and
the weight of the edge is the degree of influence of B’s content on learning A, which is
divided into five levels corresponding to 0.5, 0.4, 0.3, 0.2, and 0.1, respectively.

Referring to the common characteristics of the knowledge dimension and cognitive
process dimension expressed by Bloom’s Cognitive Structure Learning Theory [28–30], we
divide the network nodes into conceptual knowledge nodes and procedural knowledge
nodes and the cognitive process dimension into the understanding application dimension
and analysis evaluation dimension, separately constructing an understanding and appli-
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cation knowledge network (UAKN) and an analysis and evaluation knowledge network
(AEKN). The relationship between our taxonomy and Bloom’s taxonomy is shown in
Figure 1. The three cognitive process dimensions of Bloom (remember, understand, and
apply) are equivalent to the understanding analysis dimension in this paper, while the
three cognitive process dimensions (analyse, evaluate, and create) are equivalent to our
analysis evaluation dimension. Moreover, Bloom’s factual and conceptual knowledge
are equivalent to our conceptual knowledge, and Bloom’s procedural and metacognitive
knowledge are equivalent to our procedural knowledge.

Figure 1. The relationship between Bloom’s Taxonomy and the taxonomy proposed in this paper.
The light blue part is Bloom’s Taxonomy, with the four knowledge dimensions (factual, conceptual,
procedural, and metacognitive) listed vertically. The cognitive process dimensions (remember,
understand, apply, analyze, evaluate and create) are listed horizontally. The green part is our
taxonomy, with two knowledge dimensions, namely, Conceptual and Procedural Knowledge, listed
vertically and two cognitive process dimensions (understanding–analysis and analysis–evaluation)
listed horizontally. The dashed lines in the figure show the mapping relations between the two
taxonomies in terms of knowledge dimensions, while the solid lines show the relations in terms of
the cognitive process dimensions.

In UNKN, “understanding” refers to comprehending meaning, then transforming,
rewriting, and explaining issues; as such, it refers to learners’ ability to express questions
in their own language. The application of UNKN refers to learners being able to apply
the concepts they have learned to new situations or use their learned knowledge in other
scenarios [31]. The edges in UNKN represent the supporting relationships between different
conceptual knowledge nodes as well as the support relationships between conceptual
knowledge nodes and procedural knowledge nodes, which have directions; the starting
nodes are conceptual knowledge nodes, while the terminal nodes are either conceptual
or procedural knowledge nodes. Analysis in AEKN refers to decomposing a learning
target into its components and determining how they are related to each other in order to
understand the original target. Evaluation in AEKN refers to students being able to evaluate
the value of certain viewpoints according to certain evaluation criteria [31]. The edges
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in AEKN represent the support relationships between different procedural knowledge
nodes and the support relationships between procedural knowledge nodes and conceptual
knowledge nodes, which have directions; both the starting nodes and terminal nodes are
procedural knowledge nodes. Finally, the KCIN is constructed based on the correspondence
and connections between the same nodes in the UNKN and AEKN.

2.2. Recognition of Key Knowledge Nodes

Based on the structural characteristics of KCIN [32–34] and the basic equation of
information science proposed by Belkin [35,36], we extract the flow-in tree of each node
i in UNKN and AENK. The flow-in tree is a tree-like structure with node i as the root
node that contains all the incoming path nodes connected to it and all the edges in the tree
pointing from lower-level nodes to higher-level nodes. We identify the key conceptual and
procedural knowledge nodes by taking the root node keyness in the flow-in tree as the
criterion for judging the importance of the node.

The key degree µi calculation equation of root node i is

µi = ∑
j∈ω,i 6=j

∑
k∈j→i

lk(θ) (1)

where ω is the leaf node of the inflow tree extracted with i as the root node and lk(θ) is the
weight of edge k in the path from node j to node i.

2.3. KCIN Module Identification

The relationship between knowledge and ability is a one-to-many relationship, where
the enhancement of each ability requires the support of many knowledge points. Modular-
ity is an important attribute generally possessed by complex networks, and the connections
between nodes within a module are relatively dense, the connections between modules are
relatively sparse, and nodes in the same module often have similar properties [37,38]. In
order to identify the modular structure of the KCIN, we first merged the two nodes con-
nected by the dependent edge into one node, then utilized the spectral clustering method to
recognize the merged network [39]. The idea of the spectral clustering algorithm is derived
from graph partition theory, which regards the clustering problem as a multi-way partition
problem of an undirected graph. As KCIN is a directed weighted network, it can better
exploit the characteristics of the spectral clustering algorithm. We tried other clustering
methods such as hierarchical clustering; however, the clustering results were not as good
as spectral clustering. The main idea of the spectral clustering algorithm is to extract
the features of objects using the normalized random walk Laplacian matrix proposed by
Shi and Malik [40], then to infer the structural relationship between the objects using the
extracted features.

The main process is as follows:

1. The radius search method or nearest neighbor method is used to define a local neigh-
borhood for each node, then the bidirectional distance Disti,j of all points i and j in
the neighborhood is calculated.

2. The bidirectional distance Disti,j is converted into a similarity measure by kernel
transformation, as shown in Equation (2):

Si,j = exp(−(
Disti,j

σ
)2) (2)

where the matrix S is the similarity matrix and σ is the scale factor of the kernel.
3. The non-normalized Laplacian matrix is calculated and either the random walk

Laplacian matrix or the symmetric Laplacian matrix is normalized.
4. A matrix V is created with k columns, where the columns are k eigenvectors corre-

sponding to the k minimum eigenvalues of the Laplacian matrix.
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5. Each row of matrix V is regarded as a node, which are clustered by the k-means or
k-medioids clustering methods.

6. Knowledge nodes are assigned to the same cluster as their corresponding rows in
matrix V.

2.4. Relationship Determination and Ability Quantification

The main goal of this paper is to propose a framework for identifying the set of
knowledge points with the highest correlation to a certain ability among many knowledge
points. Since the main goal of course teaching is to cultivate students’ abilities through
the learning of knowledge; the most important purpose of determining the relationship
between knowledge and ability is to use it as a basis for quantitative evaluation of abilities,
and the accuracy of ability quantification is an effective criterion for verifying recognition
results as well. In order to make the ability quantification simple and feasible, we propose
an ability quantification method based on the assessment results of the knowledge points
provided by the teacher in the learning process. The abilities supported by knowledge
learning are derived from the syllabus. We determine the relationship between knowledge
points and abilities based on the key knowledge points and module recognition results
of KCIN. First, according to the instructor’s understanding of the course objectives and
teaching experience, a one-to-one support relationship is established between the key
knowledge points with the highest importance and the abilities that are most relevant to the
target. In this way, each ability corresponds to a key knowledge point. Then, according to
the module recognition results of the knowledge points, a one-to-many support relationship
is established between all the knowledge nodes in the module in which the key knowledge
points have been associated with abilities and the target of the ability. The process is shown
in Figure 2.

Figure 2. The process of recognition and accuracy evaluation of the relationship between knowledge
and ability.

According to the relationship between knowledge node and ability, we can calculate
φx, which is the increment of ability x, as shown in Equation (3):

φx = ∑
p,y∈modulex

[
α
〈

ϕy
∣∣ ϕp

〉
+ (1− α)

〈
γy
∣∣ γp

〉]
(3)

where modulex represents all knowledge nodes in the module corresponding to ability x, α
is a weighting parameter which mainly serves to differentiate the support of knowledge
points to different cognitive dimensions in terms of their ability to achieve the desired
objectives. Teachers should set this parameter according to the specific ability.
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The degree of conceptual knowledge nodes y for cognitive dimensions of understand-
ing and application ϕy, as shown in Equation (4):

ϕy = V(y)(1− ∑
←y c∈inputy

η(
←yc)) + ∑

←y c∈inputy

[
η(
←yc)ϕ←y c

]
(4)

The degree of conceptual knowledge nodes y for cognitive dimensions of analysis and
evaluation γy is shown by Equation (5):

γy = ∑
←y c∈inputy

[
η(
←yc)ϕ←y c

]
(5)

where ←yc is the preordered node of knowledge node y, η(
←yc) is the weight of the edge with

node c pointing to point y, inputy is the preordered node set of node y, and V(y) is the
fraction of knowledge node y.

The degree of conceptual knowledge nodes p for cognitive dimensions of understand-
ing and application ϕp is shown by Equation (6):

ϕp = ∑
←p g∈inputp

[
η(
←pg)γ←p g

]
(6)

The degree of conceptual knowledge nodes p for cognitive dimensions of analysis and
evaluation γp is shown in Equation (7):

γp = V(p)(1− ∑
←p g∈inputp

η(
←pg)) + ∑

←p g∈inputp

[
η(
←pg)γ←p g

]
(7)

where ←pg is the preordered node of knowledge node p, η(
←pg) is the weight of the edge with

node g pointing to point p, inputp is the preordered node set of node p, and V(p) is the
fraction of knowledge node p.

2.5. Data for Validation

In order to verify the effectiveness of this framework, we applied it to a course on
Data Structure. This framework can be used for all courses, and can be used for various
professional talent cultivation systems as well, without any restriction in terms of the
course type. The reason why we chose a Data Structure course to validate the effectiveness
is that we teach this course at Beihua University, meaning that we were able to collect
complete teaching process data and obtain consent of the 114 registered students to use their
learning process data for research. The Data Structure course involves teaching students
the theoretical foundations of programming. We collected and analyzed the syllabus
for the Data Structure course from ten universities, as shown in Table 1, and extracted
42 knowledge points based on the syllabus of Beihua University, including 24 conceptual
knowledge points and 18 programming knowledge points, as shown in Table 2. The
syllabus included clear teaching knowledge points, ability cultivation objectives, and the
relationship between knowledge and ability. The teaching knowledge points were derived
from the knowledge content involved in program design using data structure, the ability
cultivation objectives were derived from the overall objectives of the student training
scheme, and the knowledge and ability relationship was extracted based on the subjective
experience of teachers and experts in the field. The relationship between the knowledge
and abilities identified by this framework was then compared with that of the knowledge
and abilities in the syllabus.
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Table 1. Course outlines of different Data Structure courses.

University Source Website

Loyola Marymount University https://cs.lmu.edu/~ray/classes/dsa/syllabus/, accessed on 1 November 2022
Chongqing University http://www.cse.cqu.edu.cn/info/2105/3558.htm, accessed on 1 November 2022

Rutgers University https://ds.cs.rutgers.edu/, accessed on 1 November 2022

Chengdu University of Technology https://www.icourse163.org/spoc/course/CDLGDX-1466089245, accessed on 1
November 2022

Johns Hopkins University https://www.cs.jhu.edu/~hager/Teaching/cs226/index.html, accessed on 1
November 2022

Shanxi Normal University https://jwcweb.sxnu.edu.cn/info/1242/5542.htm, accessed on 1 November 2022
Liaoning University of Technology https://seie.lnut.edu.cn/info/14452/185005.htm, accessed on 1 November 2022

Gujarat Technological University https://www.studocu.com/in/document/gujarat-technological-university/computer-
science/3130702-data-structures-syllabus/6180222, accessed on 1 November 2022

Massachusetts Institute of Technology https://ocw.mit.edu/courses/6-851-advanced-data-structures-spring-2012/pages/
syllabus/, accessed on 1 November 2022

Beihua University https://eie.beihua.edu.cn/, accessed on 1 November 2022

Table 2. Knowledge units of Data Structure course.

No. The Name of Conceptual Knowledge No. The Name of Procedural Knowledge

1 Classification of data structures 25 Applications of linear list
2 Abstract data types 26 Four arithmetic operations
3 Complexity of algorithm 27 Recursion of the stack
4 Sequence list 28 Naive matching algorithm
5 Slist 29 KMP algorithm
6 Doubly linked list 30 Traversing binary tree
7 Cyclic linked list 31 Minimum spanning tree
8 Sequential Stack 32 Shortest path algorithm
9 Link stack 33 Traversing graph
10 Sequential queue 34 Critical path
11 Linked queue 35 Linear look-up table
12 Sequential string 36 Tree based look-up
13 Linked List 37 Hash method look-up
14 Storage of arrays 38 Insertion sort
15 Sparse matrix 39 Exchange sort
16 General List 40 Selection sort
17 Tree definition and storage 41 Distributive sort
18 Sequential storage of binary trees 42 External sort
19 Linked storage of binary trees - -
20 Hoffman tree - -
21 Graph definition and storage - -
22 B-tree - -
23 Keyword tree - -

3. Results
3.1. KCIN of the Data Structure Course

Based on the method introduced in Section 2.1 and the data in Section 2.5, we con-
structed the KCIN of the Data Structure course as shown in Figures 3–5. The square nodes
represent the understanding–application dimension of the knowledge points, while the cir-
cular nodes represent the analysis–evaluation dimension of the knowledge points. Figure 3
is the KCIN of the course, Figure 4 is the AEKN in the KCIN of the course, and Figure 5 is
the UAKN in the KCIN of the course. The direction of the edges in UAKN and AEKN is
from the precedential knowledge points to the subsequential knowledge points, while the
weight of the edges is the support degree from the precedential knowledge points to the
subsequential knowledge points. The precedential knowledge points refer to the knowl-
edge points of a more basic nature which need to be learned prior to the subsequential

https://cs.lmu.edu/~ray/classes/dsa/syllabus/
http://www.cse.cqu.edu.cn/info/2105/3558.htm
https://ds.cs.rutgers.edu/
https://www.icourse163.org/spoc/course/CDLGDX-1466089245
https://www.cs.jhu.edu/~hager/Teaching/cs226/index.html
https://jwcweb.sxnu.edu.cn/info/1242/5542.htm
https://seie.lnut.edu.cn/info/14452/185005.htm
https://www.studocu.com/in/document/gujarat-technological-university/computer-science/3130702-data-structures-syllabus/6180222
https://www.studocu.com/in/document/gujarat-technological-university/computer-science/3130702-data-structures-syllabus/6180222
https://ocw.mit.edu/courses/6-851-advanced-data-structures-spring-2012/pages/syllabus/
https://ocw.mit.edu/courses/6-851-advanced-data-structures-spring-2012/pages/syllabus/
https://eie.beihua.edu.cn/
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knowledge points. The interdependent edges between UAKN and AEKN have no direction
or weight, and connect the same knowledge points between the two cognitive dimensions.

Using the Pajek software [41], we calculated the basic structural characteristics of
AEKN and UAKN, as shown in Table 3. The in-degree of UAKN is 29.13% that of AEKN,
the out-degree is 2.79 times that of AEKN, the clustering coefficient [42] is two times
that of AEKN, and the betweenness centrality [43] is similar. The in-degree measures
the amount of prerequisite knowledge required in the learning process, the out-degree
measures the support of the learned knowledge for subsequent learning, the clustering
coefficient measures the closeness of the relationship between knowledge points, and the
betweenness centrality measures the necessity of learning knowledge points. Compared
with AEKN, UAKN has less in-degree and more out-degree, indicating that UAKN is
better able to express the characteristic relations of the basic cognitive dimension of the
knowledge points, which is in line with the understanding and application dimension
characteristics. The higher clustering coefficient of UAKN compared to AEKN indicates
that the relationship between knowledge points in the understanding and application
dimensions is closer. From the cognitive point of view, understanding and application
is the basis of analysis and evaluation, and the structure of the basic cognitive stage is
closer to the characteristics of cognition. These network characteristics further confirm the
accuracy of our network model.

Table 3. Topological features of KCIN for the Data Structure course.

Network Name
Network Input

Degree
Centralization

Network Output
Degree

Centralization

Watts-Strogatz
Clustering
Coefficient

Network
Transitivity
Clustering
Coefficient

Network
Betweenness

Centralization

UAKN 0.07138608 0.59607377 0.24907444 0.13625402 0.01685009
AEKN 0.24509221 0.22010708 0.12371543 0.10207940 0.01598751

Figure 3. KCIN of the Data Structure course. The figure was drawn with Pajek. The serial numbers
of the nodes come from Table 2, and the gray edges are the dependent edges of AEKN and UAKN.
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Figure 4. UAKN in KCIN.The figure was drawn with Pajek. The mark of the square node is the
knowledge name, and the mark of the edge is its weight. Whether there is an edge between two
nodes is determined by the understanding and application dimensions of the knowledge points they
represent. If node A must be studied before node B is studied, there exists an edge from B to A where
the weight of the edge is the degree of influence of B’s content on learning A, which is divided into
five levels corresponding to 0.5, 0.4, 0.3, 0.2, and 0.1.

Figure 5. AEKN in KCIN. The figure was drawn with Pajek. The mark of the circular node is the
knowledge name, while the mark of the edge is its weight. Whether there is an edge between two
nodes is determined by the analysis and evaluation dimension of the knowledge points represented
by these two nodes. If node A must be studied before node B is studied, there exists an edge from B
to A where the weight of the edge is the degree of influence of B’s content on learning A, which is
divided into five levels corresponding to 0.5, 0.4, 0.3, 0.2, and 0.1.
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3.2. The Supporting Relationship of Knowledge and Ability
3.2.1. Extracting Ability Objectives for the Course

As an engineering course, the training goal of Data Structure course is mainly based
on international general engineering certification standards. Based on the ability objectives
of the syllabus of Beihua University, we referred to the syllabi of other nine universities,
as mentioned in in Section 2.5 and Table 1, and extracted five engineering abilities that
the course supports: Advanced Programming Language Application Ability (APLA),
Engineering Problem Expression Ability (EPEA), Complex System Mathematical Model
Building Ability (CSMA), Engineering Problem Solution Design Ability (EPSA), and Data
Analysis and Processing Ability (DAPA). There are differences in the ability development
objectives among different universities, which mainly derive from the schools’ orientation
and their students’ foundations. As the performance data of 114 course-choosing students
in Beihua University were the basic data used for evaluation in this paper, we considered it
more reasonable to take the ability objectives in the teaching syllabus of Beihua University
as the main basis. The different cognition dimensions of knowledge have different support
relationships with different abilities. The support relationship between the cognitive
dimensions of knowledge and engineering abilities with respect to the Data Structure
course is shown in Table 4.

Table 4. Support parameter for abilities.

Ability Understanding Application Dimension Analytical Evaluation Dimension α Value in Equation (3)

APLA 100% 0% 1
EPEA 100% 0% 1
CSMA 50% 50% 0.5
EPSA 30% 70% 0.3
DAPA 10% 90% 0.1

3.2.2. Identification of Key Knowledge Nodes

We identified the key knowledge nodes among the 42 knowledge nodes in the Data
Structure course according to the method described in Section 2.2. Because there were
a total of five competencies supported by this course, we extracted the five knowledge
nodes with the largest weights, as shown in Table 5. The five key knowledge nodes for
understanding the application dimension are tree-based look-up, minimum spanning tree,
B-tree, keyword tree, and traversing binary tree, while the five key knowledge nodes for
the analytical evaluation dimension are the complexity of the algorithm, S-list, linked list,
sequence list, and external sort.

Table 5. Key knowledge nodes.

Name (Analytical
Evaluation Dimension)

Value (Analytical
Evaluation Dimension)

Name (Understanding
Application Dimension)

Value (Understanding
Application Dimension)

Slist 2.3 Tree based look-up 6.2
Linked List 1.8 Minimum spanning tree 6

Sequence list 1.2 B-tree 5.8
External sort 1.1 Keyword tree 5.8

Sequential string 1 Traversing binary tree 5.6

3.2.3. Module Identification

All nodes in the network module identified based on the feature recognition of the
network module were taken as the supporting knowledge nodes of the ability. In order
to identify the module structure in KCIN, we merged the two dependent nodes into one
node to obtain the combined network of UAKN and AEKN according to the dependence
relationship of the nodes in KCIN. Then, the module structure of KCIN in the Data Structure
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course was identified according to the spectral clustering method introduced in Section 2.3.
We set the number of modules according to the number of key knowledge nodes and
used continuously clustering until each key knowledge node belonged to a different
module; that is, each identified module contained only one key knowledge node. Finally,
modules containing key nodes of different dimensions were mapped to separate subnets
of corresponding cognitive dimensions. Because knowledge nodes of the understanding
application dimension support five abilities, we identified five knowledge modules based
on five key knowledge nodes of UAKN, then took the knowledge nodes of these five
modules as supporting knowledge nodes of APLA, EPEA, CSMA, EPSA, and DAPA, as
shown in Figure 6. Similarly, as the knowledge nodes of the analysis and evaluation
dimension support three abilities, we identified three knowledge modules according to the
three key points of AEKN and took the knowledge nodes of these three modules as the
supporting knowledge nodes of CSMA, EPSA, and DAPA, as shown in Figure 7.

Figure 6. The results of the UAKN module identification are divided into five modules. The
supporting knowledge nodes of EPEA include SList, Sequential Stack, Link Stack, Sequential Queue,
Linked Queue, Hoffman Tree, Keyword Tree, Hashtable, Recursion of the Stack, and Hash Method
Look-up. The supporting knowledge nodes of EPSA include Abstract Data Types, Naive Matching
Algorithm, KMP Algorithm, Tree-based Look-up, Exchange Sort, Selection Sort, Distributive Sort, and
External Sort. The supporting knowledge nodes of DAPA include General List, Tree Definition and
Storage, Sequential Storage of Binary Trees, Linked Storage of Binary Trees, and Traversing Binary
Trees. The supporting knowledge nodes of APLA include Classification of Data Structures, Sequence
List, Doubly Linked List, Storage of Arrays, Sparse Matrix, Graph Definition and Storage, B-Tree,
Applications of Linear List, Four Arithmetic Operations, Linear Look-up Table, and Insertion Sort.
The supporting knowledge nodes of CSMA include Complexity of Algorithm, Cyclic Linked List,
Minimum Spanning Tree, Shortest Path Algorithm, Traversing Graph, and Critical Path.
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Figure 7. Module identification results of AEKN. It is divided into three modules. The supporting
knowledge nodes of CSMA include Abstract Data Types, Complexity of Algorithm, S-list, Cyclic
Linked List, Minimum Spanning Tree, Shortest Path Algorithm, Traversing Graph, and Critical Path.
The supporting knowledge nodes of EPSA include Classification of Data Structures, Sequence List,
Applications of Linear List, Naive Matching Algorithm, KMP Algorithm, Linear Look-up Table,
Insertion Sort, Exchange Sort, Selection Sort, Distributive Sort, and External Sort. The supporting
knowledge nodes of DAPA include Doubly-Linked List, Sequential Stack, Link Stack, Sequential
Queue, Linked Queue, Sequential String, Linked List, Storage of Arrays, Sparse Matrix, General List,
Tree Definition and Storage, Sequential Storage of Binary Trees, Storage of Arrays, Sparse Matrix,
General List, Tree Definition and Storage, Sequential Storage of Binary Trees, Linked Storage of Binary
Trees, Hoffman Tree, Graph Definition and Storage, B-tree, Keyword Tree, Hash Table, Linked Storage
of Binary Trees, Hoffman Tree, Graph Definition and Storage, B-tree, Keyword Tree, Hash Table, Four
Arithmetic Operations, Recursion of the Stack, Traversing Binary Tree, Tree-based Look-up, and Hash
Method Look-up.

4. Discussion

In order to validate the effectiveness of the knowledge and ability relationship recogni-
tion framework proposed in this paper, we used the knowledge and capability relationship
identified by this framework in the Data Structures course introduced in Section 3.2. Then,
based on the identified relationships and knowledge scores, the five ability values of each
of the 114 students who enrolled in this course at Beihua University were calculated. Fi-
nally, the calculated ability values, ability values obtained from the traditional association
relationship, and self-evaluation results of the 114 students’ abilities were compared. The
knowledge scores were the scores of the various tests designed by the teacher that the
114 students performed during the learning process. The traditional knowledge and ability
association relationships were taken from the corresponding relationships between the
knowledge points and the ability goals in the syllabus, which were set by the teacher
according to experience, and the ability values were the average of all the associated
knowledge scores.
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We verified the effectiveness of the recognition framework by examining the results.
If the framework can effectively identify the relationship between knowledge and skills,
all the knowledge points of a certain major can be merged into a set, and the relationship
between knowledge points and skill objectives can be recognized through the framework.
This helps to overcome teachers’ limited cognition of different courses, and at the same time
can avoid excessive learning of knowledge with the same ability improvement effect, which
is favorable for the sustainable development of education. The method used to verify the
effectiveness of the framework was to compare the recognition results, the results of grading
evaluation, and the self-evaluation results of the students. The closer the recognition results
of the framework are to the self-evaluation results of the students compared to the grading
evaluation results, the more effective the framework.

4.1. Analysis of Ability Value Distribution

The ability values were calculated according to the calculation method introduced
in Section 2.4 and the relationship between knowledge points and abilities identified in
Section 3.2, and the parameter α was set according to Table 4. The maximum value of the
ability is the ability value when all the knowledge points are full marks. In order to facilitate
measurement and comparison, we normalized the ability values and set the maximum
value of the ability to ten points. The distribution of the five abilities of the 114 students is
shown in Figure 8A, and the trend of the ability values of all students is shown in Figure 8B.
From the figure, it can be seen that the distribution trend of the five abilities of all students
is basically the same, and the size of the five abilities of each student is different, while the
trend of the ability values relative to other students is the same. This phenomenon is in
line with the general law of students’ ability enhancement, that is, although the range of
individual abilities of the students is different, the range of abilities of good students is
generally superior [44].
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Figure 8. The distribution of five abilities of the 114 students. The X-coordinate in (A) represents
the student’s serial number, and the Y-coordinate represents the normalized ability value. Each
X-coordinate value has five Y-coordinate values corresponding to it, with the shape of asterisk, circle,
pentagram, square, and plus sign in the figure representing APLA, EPEA, CSMA, EPSA, and DAPA,
respectively. The X-coordinate in (B) represents the ranking of values of abilities, with each ability
ranked in ascending order. The Y-coordinate represents the values of students’ abilities. The curves
coloring red, blue, purple, green, and black represent the trends of APLA, EPEA, CSMA, EPSA, and
DAPA respectively.
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4.2. Ability Value Comparison Analysis

According to the correlation of knowledge points and abilities in the syllabus of
Section 2.5, we associated knowledge and abilities. Then, based on the correlation, we
calculated the ability values in the traditional way, which is to average all the correspond-
ing knowledge point scores. The distribution of the five abilities values of 114 students
calculated by this framework and in the traditional way are shown in Figure 9A–E, respec-
tively. We calculated the correlation coefficients of the ability value distribution of the same
ability item for two different modes [45] in order to measure the difference between the
two in terms of the knowledge and ability relationship. The correlation coefficients of the
calculation results of the five ability values of the 114 students using the two modes are
shown in Figure 9F, which are 0.835, 0.838, 0.584, 0.763, and 0.760, respectively. It can be
seen that the evaluation results of the two methods on APLA and EPEA are similar, while
the evaluation results on CSMA, EPSA, and DAPA are quite different.
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Figure 9. Distribution of the five abilities of the 114 students. OM represents the result distribution
curve of our mode and TM represents the result distribution curve of traditional mode. (A–E) show
the distribution of APLA, EPEA, CSMA, EPSA, and DAPA of the 114 students, respectively. Here,
“our mode” refers to the ability value calculated based on the relation between the knowledge and
ability identified by the framework presented in this paper, while “traditional mode” refers to the
ability value calculated based on the relation between the knowledge and ability obtained from the
teacher’s experience in teaching the syllabus.
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4.3. Analysis of Accuracy of Knowledge and Ability Relationship Recognition

Based on the discussion in Section 4.2, the ability values calculated by the relationship
between knowledge and ability obtained by this framework are significantly different from
those calculated by the relationship between knowledge and ability in the syllabus. To
verify which one of the two results is more accurate, we compared the two ability values
with the ability results evaluated by the students themselves. The main content of the
questionnaire was the achievement of APLA, EPEA, CSMA, EPSA, and DAPA, for exam-
ple, “ability to analyze the characteristics of practice problems, added-value achievement
evaluation”, “ability to identify key links in complex problems, added-value achievement
evaluation”, etc. The answers were divided into five levels: complete agreement (10 points),
good agreement (8 points), agreement (6 points), basically agreement (4 points), and non-
agreement (2 points). The reliability and validity [46] of the questionnaire are shown in
Table 6. The results for Cronbach’s Alpha [47], Eigenvalues, Cumulative % of Variance [48],
KMO [49], Bartlett’s Test of Sphericity [50], and df show that the survey is valid.

Table 6. The reliability and validity of the questionnaire.

Cronbach’s Alpha Eigenvalue Cumulative % of Variance KMO Bartlett’s Test of Sphericity df

0.994 19.61 89.14% 0.955 4450.123 231.000

Through the survey questionnaire, we calculated the average self-evaluation values
of five abilities for the 114 students. Then, we compared and analyzed the average values
of the five abilities obtained from the knowledge and ability relation calculation in the
framework of this paper with those from the knowledge and ability relation calculation in
the syllabus and the self-evaluation values of 91 students for five ability increments. As
shown in Figure 10, the trend of the five abilities curve obtained from the framework of
this paper is very similar to that of the ability increments from the self-evaluation, with a
correlation coefficient of 0.9079. The change trend of five ability values obtained from the
support relation in the syllabus is significantly different from that of the ability values from
the self-evaluation, with a correlation coefficient of −0.0233. Thus, it can be proven that the
proposed knowledge–ability relation recognition framework can optimize the knowledge
and ability relationship previously set by teachers’ experience.
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Figure 10. Comparison of the evaluation results of abilities. OM, SE, and TM in the figure are the abil-
ity values obtained by our method, student self-assessment, and the traditional method, respectively,
while OMT, SET, and TMT are the trend curves of the abilities obtained by above methods.
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5. Conclusions

The enhancement of students’ abilities is an essential link in sustainable development
in education; universities in particular need to play a key role in R&D as well as in
knowledge production and dissemination. To achieve the transition to a low-carbon and
resource-saving economy, we need to introduce new tools, technologies, products, and
production models through education. In order to transition to a green economy, we
can introduce these new items into the field of vocational literacy, including engineering
abilities and scientific literacy, which can help students to better understand and solve
real-world problems. Scientific literacy can help humanity to better innovate knowledge
systems [51]. While the imparting of knowledge is the main content of formal education,
its purpose is also to realize the enhancement of students’ abilities. Therefore, an important
issue that cannot be ignored in formal education is to accurately identify the support
relationship between knowledge sets and ability enhancement, that is, the relationship
between knowledge and ability. It is the basis for the design of student training scheme and
the formulation of syllabus, and is an important basis for the evaluation of student value
added. The main means of determining the relationship between knowledge and ability
in the past has been based on the experience of teachers, which is the most effective and
currently irreplaceable way. The knowledge and ability relationship recognition framework
proposed in this paper is a supplement to the traditional experience method, with the aim
of optimizing the recognition results of the traditional method. The framework is based on
the modular characteristics of complex networks, and the nodes in the module have the
characteristics of more similar attributes [52], which is suitable for identifying more related
knowledge nodes.

This framework is based on the KCIN, and identifies key knowledge nodes according
to the cognitive convergence flow of knowledge nodes. With the key knowledge nodes as
the core, the knowledge network modules are identified and the nodes in the modules are
taken as the supporting knowledge for capabilities. We applied this method to our Data
Structure course and identified the relationship between 42 knowledge points and five
capability objectives. To verify the accuracy of the recognition results, we calculated the
five capability increments for each of the 114 students enrolled in the course based on their
knowledge point scores. First, the results were compared with the capability values derived
from the knowledge and capability relationships in the syllabus to measure the difference
between the two approaches. Second, the capability increments of the 91 students enrolled
in the course were used as the standard to assess the accuracy of the framework. The results
show that the knowledge and capability recognition framework based on complex network
modularity proposed in this paper can effectively optimize and supplement the traditional
recognition methods based on experience.

The influence of the method used to build the KCIN on the relationship recognition
result of the framework is considerable, and different KCINs may lead to different recogni-
tion results. Moreover, the extraction of knowledge points and abilities mainly relies on
the teachers’ experience. In terms of ability evaluation, the calculation of ability values
is greatly influenced by the α parameter, and the determination of α depends in turn on
the teachers’ experience. This experience is mainly drawn from three aspects: first, the
feedback from teachers on their own capabilities when completing engineering practice
tasks with the knowledge contained in the course; second, surveys by graduates about the
course, for which the α-value of each capability can be obtained directly from the graduates;
and Third, surveys by enterprise engineers, in which the settings for the capabilities and
related parameters are generally reflected by the questions on the survey questionnaire.
Nevertheless, this framework is advantageous for recognizing the relationship between
knowledge and abilities when there are a large number of knowledge points and a wide
distribution of content. This is beneficial for breaking the course boundaries and more
accurately evaluating the achievement of students’ abilities when it comes to student ability
assessment, thereby contributing to sustainable development in education.
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