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ABSTRACT

As people's demand for high-quality development of education becomes stronger and stronger, the field of
education is paying more and more attention to the fundamental task of education by establishing moral
values. In this paper, the improved genetic algorithm based on predation strategy is applied to the learning
path recommendation system to realize the auxiliary teaching of Civics education. The study first proposes
a Bayesian knowledge tracking model based on multiple interactions for knowledge tracking of students'
Civics and Political Science competence, and carries out model comparison and knowledge tracking
visualization and analysis on three datasets and the real dataset of practice questions. Then according to
the constructed learner model and knowledge connectivity state model, the personalized learning path
construction model is designed by using learner features, knowledge point features, and generic learning
paths as inputs, combined with the improved genetic algorithm based on predation strategy. The intelligent
assisted teaching system designed in this paper is put into practice for Civics teaching and scored by
questionnaire and paired t-test method. The results of the study said that the knowledge tracking model
proposed in this paper compared with other models, the model in this paper improves the accuracy rate by
1%~2%. Using the non-elite individual set to enrich the population diversity to participate in genetic
operation and iteration, the experiment shows that PSGA performs well in multiple comparisons with PSO
and SGA methods, and can construct personalized learning paths more accurately, stably and eftectively.
The results of teaching practice show that the teaching system proposed in this paper can effectively
improve students' learning ability in Civics.
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1. Introduction

With the rapid development of information technology, artificial intelligence technology is increasingly
being widely used in the field of education, and educational informatization has become an important way
to promote the high-quality development of ideological and political education, which also puts forward
new and higher requirements for the teaching of ideological and political courses [ 1-27].

Artificial intelligence is a cutting-edge field of instructional design research and attention at home and
abroad. The popularization and application of artificial intelligence technology has brought about profound
changes in the teaching design of ideological and political courses in colleges and universities, and has
shown a new development trend of pointing to the core literacy of disciplines, constructing a new learning
form with "discipline practice", focusing on the consistency of "teaching-learning-evaluation", the
integration of learning technology, and deep learning [(3-47.

In the age of intelligence, conforming to the development trend of informatization and intelligence in
the teaching of civic politics courses in colleges and universities, improving the level and level of the
teaching design of civic politics courses in colleges and universities will not only help to enhance the
teaching ability of civic politics teachers and promote the professional growth of civic politics teachers, but
also further optimize and improve the teaching system of the teaching of civic politics courses in colleges
and universities, and assist the reform and innovation of civic politics courses in colleges and universities
and the digital transformation of civic politics courses [ 57]. However, how to understand the teaching
design, what kind of development orientation and difficulties exist in the teaching design of college civic
and political affairs courses in the era of artificial intelligence, how to improve and optimize the teaching
design of civic and political affairs courses by using intelligent platforms and intelligent equipment,
promote the deep integration of artificial intelligence technology and civic and political affairs course
teaching, create and build a new learning environment, and enhance the effectiveness of students' learning,
which has become a practical problem to be solved in the teaching design of civic and political affairs
courses in colleges and universities. [67].

Literature [ 7] explored the role of teachers around the three dimensions of students' language teaching,
socialization and moral education, and pointed out that teachers should strengthen international students'
knowledge and awareness of Civics and cultivate their practical skills, and finally investigated the practice
of international students' Civic and Political Teaching through a questionnaire survey. Literature [ 37 takes
information technology as the core logic, builds a civic politics teaching system based on WeChat platform,
and introduces Servlet, hibernate, and augmented reality to process civic politics teaching information and
integrate civic politics teaching resources, and confirms the feasibility of the civic politics teaching system
through simulation tests. Literature [97] examined the practice of modern teaching media empowering
Civics teaching, and the results of the study are realistic, modern teaching media significantly promote the
relevance and timeliness of Civics teaching, and contribute to the cultivation of high-quality talents with
solid Civics basic theories. The research on Civics teaching mainly explores the optimization and reform
of Civics teaching from the perspective of technology, and the main teaching technologies explored include
augmented reality, WeChat platform, and other modern information media technologies, while there are
also research attempts to explore the design of Civics teaching methods from the perspective of teachers
and students.

Literature [107] evaluated the role played by AI technology in the field of education based on the
literature review method, and based on the analysis, it can be seen that Al technology effectively assists
teachers in teaching and management, including homework review, personalized teaching content design
and recommendation, etc., and eftectively improves the students' learning experience and learning quality.
Literature [117] systematically reviews the current situation of Al technology empowering education,
identifies the mainstream research directions in the field of Al education, including intelligent tutoring,
teaching evaluation, teaching analysis and prediction, etc., and deepens the understanding and knowledge
of Al-based education practices. Literature [ 127 introduces the concept and operation logic of intelligent
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tutoring system based on Al technology, and focuses on the characteristics of information exchange
systems in different teaching fields, then evaluates the performance of intelligent tutoring systems based
on different information exchange technologies, and points out the great potential of mobile-based
information transmission technology devices in the context of Al education. Literature [ 137] describes that
the development of artificial intelligence technology has promoted the popularization of teaching tutoring
robots, points out that intelligent teaching tutoring robots promote the development of education
informatization and intelligence, promote the reform of the teaching mode, and eftectively improve the
level of the knowledge and ability of teachers and students, and finally focuses on the strategies and
methods of scientific use of teaching tutoring robots. Literature [ 147 integrates the intelligent teaching
tutoring system as well as mixed reality smart glasses in order to enhance teachers' teaching perception
and classroom analysis, and through teaching experiments, it confirms that the proposed scheme helps to
strengthen teachers' perception of classroom students' behaviors and helps to enhance the eftectiveness of
classroom teaching. Literature [ 157 discusses that the education mode supported by Al technology has
the characteristics of intelligence, personalization and precision, and argues that China's teaching mode
based on Al technology is still in the primary stage, and it is still necessary to explore the in-depth
empowerment of Al technology in education from the perspectives of intelligent ecosystems, student
management, and the construction of teachers' teams. Literature [ 167 investigated the teaching experience
of teachers and students on online teaching platforms based on Al technology. Based on the research
analysis, it is known that intelligent online teaching platforms provide students with personalized teaching
and interactive learning experiences, but the supervision and agency of intelligent teaching platforms are
still a concern. The researchers mainly used the methods of literature review, empirical investigation and
theoretical analysis to explore the topic of artificial intelligence integration in education mainly involves,
the development of artificial intelligence technology in education, intelligent tutoring education
characteristics and practical effects, intelligent teaching method design and optimization, etc., which makes
a positive contribution to the construction of intelligent informatization in education.

In this paper, we design and implement an intelligent teaching aid system based on improved genetic
algorithm (PSGA) with predation strategy to help students improve their learning ability in Civics and aid
teaching. Firstly, a knowledge tracking model about Civics knowledge points is proposed, and the model
is compared in three datasets: ASSISTment2009, ASSISTment2017, and EdNet, and the knowledge
tracking visualization and analysis is carried out on the practice question dataset. Using non-elite
individual sets to enrich population diversity to participate in genetic manipulation and iteration, PSGA
was analyzed for convergence impact with PSO and SGA methods. Effectiveness analysis of Civic
Education applied to Intelligent Teaching Aid System is carried out by questionnaire survey as well as
paired t-test method.

2. Research on the algorithm of the intelligent teaching-aid system based on the
knowledge points of Civics and Politics

2.1.  Research and realization of students’ Civics knowledge point tracking model

2.1.1.  Civics Knowledge Points Tracking Model Design. Accurate knowledge tracking of students is the
basis for the system to realize intelligent recommendation. BK'T model is one of the most commonly used
models for tracking students' knowledge points, but it does not take into account the impact of knowledge
point association on learning, and the model can only be updated by test results. Considering the
shortcomings of the BK'T model in this aspect, this paper designs an improved multi-interaction Bayesian
model to track students' learning status, and its overall framework is shown in Figure 1.
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The model sets an initial learning ability |, which represents the efficiency of learning the i nd
knowledge point without being affected by any prior knowledge points, i.e., M(i, j) is 0 forany ] value
or the knowledge point | has been fully mastered. This initial learning ability depends only on factors
such as one's intellectual condition and study habits. After considering the relevance of knowledge points,
the model uses E to represent the real learning efficiency of the 1 th knowledge point, and the formula is
shown in equation (1):

ﬁ:lilij[l—m(i, D)-(1-k;)] (1)

In Eq. (2), the model only calculates the effect of the first knowledge point to the 1—1st knowledge
point on the knowledge point 1. This is due to the fact that the sequence of knowledge points in the system
corresponds to the learning sequence of knowledge points in the course lesson plan, and therefore the
subsequent knowledge points will not be used as the antecedent knowledge points for the 1rd knowledge
point.

The model describes the student learning process as equation (2):

k™ =k'+(1-k')i;-h ()

In the formula, t indicates that it is currently in the t moment; K.' indicates the mastery degree of
the student for the 1 th knowledge point in the t moment; h indicates the credit hour occupied by the
learning time of the knowledge point from the last learning to the present, and a credit hour is usually set
to be 15 minutes.

The two basic formulas of the model observation process are shown in equations (3) and (4):

C(qi):ki,(l_si)—*_(l_ki,) g (8)
W(q)=1-C(q;) (4)

In addition, Score(qi) represents the score for question (; and grade represents the total score for
a test, which is calculated as shown in equation (5):

num

grade =) c(q;)score(q; ) (5)
i=1

where NUM refers to the number of questions in the test. Each question in the test is associated with a
corresponding knowledge point, and if a question involves N knowledge points, a linear combination of
coefficients of Zai =1 is used to quantify the amount of influence that multiple knowledge points have
on it, where @; 'is the weight that the i th knowledge point has among all the relevant knowledge points
in the question. In this way, a knowledge-based test can measure a student's mastery of course knowledge
at a given point in time.
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2.1.2.  Realization of Civics Knowledge Point Tracking Process. Before the class begins, the parameters
of the student model are first initialized based on the student's basic information, previous academic
performance or a simple pre-class test. Typically, K; € K are initialized to 0, assuming that the student
has not studied the content beforehand, |; are evaluated according to the student's previous performance,
(gi , Si) are initialized to 0, and ACC, are initialized to 1.

The second step is the knowledge point tracking based on students' learning behavior. The student's
learning history is input into the model, and the model updates the knowledge point mastery based on
equation (2). It is worth mentioning that such an update is an indeterminate update, which is just the
model's prediction of the student's current state based on the existing data, and the model does not delete
the data before the update.

The third step is the student's classroom tracking, and there are two types of classroom tracking: self-
assessment tracking and test tracking.

Self-assessment tracking means that after learning a certain knowledge point, students self-assess their
mastery of that knowledge point based on their learning. In self-assessment tracking, the model updates
K and L based on student feedback, as shown in equation (6):

[+ (1K) + K/ Acg, |
2

In the formula, kAi’ represents the self-assessed mastery of the students for the knowledge point 1 at

(6)

r+l __
kit =

the moment t. The model selects the average of the students' self-assessment results and the prediction
results of Eq. (2) as the mastery of the knowledge point at moment t+1.

After updating the students' mastery of knowledge points, the model updates the students' learning
ability through the inverse operation of Eqs. (1) and (2) as shown in Eq. (7):

k)

(k) TT[-mG -1k, (7)

J:

The fourth step of test tracking is the most accurate update in the model and is the same as test tracking
in the classroom and will update most of the parameters in the model. Before obtaining the student's grade,
the model requires the student to give a self-assessment grade, based on the ratio of the self-assessment
grade to the actual grade to update the student's self-assessment accuracy as shown in Equation (8):

k.
Acc, =L 8
1 k ( )

1

After the students' results are given, the students calculate the proportion of questions they guessed
correctly or made mistakes during the exam according to their actual situation, and the model is updated
based on this proportion for T.

Subsequently, the other parameters of the student model are updated based on the specific examination
results, and the model uses the maximum likelihood method to update the students' mastery of knowledge
points K, and the objective function p(O|K,L,T(g,S)) indicates the probability of obtaining the
current examination results O under different model parameters (K,L,T(9,S)). The corresponding
student knowledge point mastery K is obtained by maximizing the value of the objective function as
shown in equation (9):

POIK.LT@ 9 =T[c(@)[[w(a)) o)

where M is the number of questions answered correctly; ; refers to the number of questions answered
correctly: N is the number of questions answered incorrectly; and @, refers to the number of questions
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answered incorrectly. Define the K that maximizes the valueof P as the student's true knowledge point
mastery K and the model records the updated values of successive K .

Finally, to update the students' learning ability in the model, the model substitutes the two true mastery
K updated in two adjacent exams into the formula (7) to replace the original knowledge point mastery
for calculation, and obtains the latest and accurate students' learning ability.

2.2.  Recommended Strategies for Crvics Learning Paths

2.2.1. Learner Modeling. Learner Model = (Learner Basic Information, Learner Knowledge Level,
Learner History Information)

1) Basic Learner Information. Define Learner Basic Information (LearnerInfo) = {Name, Student ID,
Username, Password, Gender, Class, Grade, Age, Contact Info, School}.

2) Learner Knowledge Level. Knowledge level can be described as:

Knowledge Level = {Knowledge 1D, Mastery Level}.

Wherein, this paper calculates the mastery of a single knowledge point with the learner's mastery ability
after the knowledge point has been learned, and firstly obtains the value of the mastery ability of a single
knowledge point by calculating the value of the single knowledge point mastery ability, and the method
used is the single-parameter model of the Item Response Theory, which is shown in the following formula:

1

F:j (Hk)=1+el.7(0k_9j) (10)

Q;j (49k)=1—Pij (‘9k) (11)
P

d (Qk) denotes the probability that learner k can answer the ] th exercise of the ith knowledge
point correctly when his/her mastery of knowledge point i is 6; Q;(6,) denotes the probability that
learner k can answer the ] th test question of the i th knowledge point incorrectly when his/her

mastery of knowledge point i is 6 ; 6 is estimated by the maximum likelihood estimation of P (Qk),
and the 6 value of the value of the value of knowledge point LL(M,,UZ,...,ﬂn) when it is maximum,
which is computed by the formula:

L (st t) = T TR (0" @ (0 (12)

Where #; takes the value of 0 or 1, K; =1 means that the learner k answered the exercise ]
under the knowledge point i correctly; M= 0 means that the learner k answered the exercise ]

under the knowledge point 1 incorrectly, and N means that the number of exercises to test the
knowledge point.
Then the Newton-Raphson iterative method is used to obtain 6, the specific value by iterating 6, the
different valuations, straight LL(,LLl, 77 ,un) to reach the maximum. The iterative formula for & is:
0 =0 N, (13)
aln Ll_/a2 InLL
= 14
OlnLL
=2(#-R) (15)

=

o’InLL &
0 :JZ_I:PUQU (16)
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3) Learning history information record. The history record information can be understood as consisting of
the following fields:

Learner Learning History = {Learning Sequence, Learning Resources, Assignment Data, Login
Information} records the learner's learning data and learning trajectory to provide data support for later
validation.

2.2.2.  Learning path analysis. Learning path refers to the sequence in which the preparatory knowledge
points are learned in order to master the target knowledge points. According to the learner's mastery of
each knowledge point, the learning objectives combined with the current learning state, under the guidance
of the corresponding learning strategy for a series of knowledge points listed in an orderly manner, and
ultimately formed the learning path. Traditional offline paper textbooks basically stipulate the knowledge
sequence of student learning, students are difficult to jump out of, but the network online teaching system,
knowledge points in the form of nodes, knowledge points and knowledge points connected through certain
relationships to form the subject knowledge map, learners to master the target knowledge points for the
purpose of a series of related knowledge points in a certain order, a complete arrangement is considered as
a A complete arrangement is regarded as a learning activity.

2.2.3.  Knowledge connectivity state modeling:

Definition 1: Path reachable. For any two knowledge point objects ObjeCt,; and Object,,;, when they
are in a connected state in the knowledge graph, they are defined to be path reachable, denoted as:
object, ; Reobject, ; =1. Otherwise, they are unconnected, denoted as Object,; Reobject, ; =0.

Definition 2: Object Connection Type. The connection type of the knowledge point object takes the value
of ReType:{1,2,3, 4,5, 6}, which corresponds to predecessor, successor, inclusion, brother, antagonist,
and synonym relationships, respectively.

Definition 3: Object Connection Closeness. The degree of closeness of connection to the current
knowledge point object in the knowledge graph (Distance, D) - the distance between Object,; and

object,, :

D, =n-1 (17)

ij

Where N indicates the number of knowledge point connections between two knowledge point objects,
sub-level Dij =1 and sub-level Dij =2,....

Explanation: the tighter the connection, the more important it is, and the higher the priority value when
recommending it;

Definition 4: Object Connectedness. Knowledge graph in the current knowledge point object associated
with the number of knowledge points - the number of C = [1, n] , there are a variety of types of association
between knowledge points, a knowledge point associated with the type and number of knowledge points,
indicating that the more important the knowledge point, the number of objects connected to the edge of
the number of values for the number of knowledge points associated with the number of associated with
the number of 1 C =1, the number of associated with the number of 2 when the number of C=2,....

6
C= > N(ReType) (18)
ReType =1
where N (ReType) is the number of connections for each connection type. Explanation: The more
connections a knowledge point has, the more important the knowledge point is, and the higher the priority
value when making recommendations;
Definition 5: Object mastery. Knowledge point object mastery - current competency value 0,a),
measured directly by knowledge point mastery in the learner model, and @ as a threshold for determining
knowledge point mastery or not;
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Definition 6: Connection object set. The set of connected objects is recorded as
COS = {objecthi |i e[Ln],n> 2} , ObjECthi indicates the objects involved in the connection, and N is the
number of objects involved in the connection. Definition 1: Object learning time cost

The time cost of learning an object ObjeCthi , which is a candidate for recommendation, can be defined
as the ratio of the total time spent by the learners on the knowledge point to the number of students, which
is expressed by the following formula:

Zn:T (object,, )mj (19)

T (object; ) = (m‘l

n

Description: the lower the time cost spent on learning the knowledge point, all other things being equal,
the higher the priority value of the knowledge point is to make learning more efficient.

Definition 7: Path Length Constraint. Choose to use paths with a length below a threshold of S .
Introducing shorter paths can sequentially and efficiently list the knowledge points as required, while
longer paths may introduce distant neighbors, which in turn introduces a lot of noise, increases the learning
cost, and weakens the meaning of recommendation. That is

LI<p
B>p
Definition 8: Pathway walk out of state. Knowledge points are connected to each other by directed graph

line segments, and countless directed line segments are interconnected to form a knowledge graph. The
path going out state reflects the state emitted outward from the current knowledge point object, denoted

PathLength = { (20)

as:

PathtrendO = 1 (21)

Definition 9: Path-traveling in-state. The path-traveling in-state reflects the state of inward clustering
to the current knowledge point object, denoted as:

Path trendl = 1 (22)

Definition 10: Path Learning Time Cost. The path learning time cost for recommendations is calculated
as in Eq:

Toan = 2T (Object;) (23)

i=1

Definition 11: Average learning time cost of paths. For the set of path-connected objects COS, its average
learning time cost is defined as the ratio of the sum of all path times to the total number of objects in COS:

T,
7 =L (24)
“* PathLength

The lower the average learning time cost of the path, the better the recommendation.
2.3.  Adaptive learning path recommendation based on PSGA algorithm

2.3.1.  Genetic algorithms. Genetic algorithm is an intelligent optimization algorithm inspired by the
natural environment and formed by simulating the laws of biological growth and reproduction in nature.
Since its introduction, it has been widely used in various optimization problems by people from all walks
of life due to its simple algorithmic structure, easy to implement, strong robustness and other advantages,
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and occupies a large proportion of the applications of various evolutionary algorithms, and is one of the
most widely used algorithms so far [177].

From the perspective of the model, the basic genetic algorithm deals with a class of individuals coded
according to a uniform standard, i.e., under a certain fixed pattern, it selects, crossovers and mutates the
individuals in the population, obtains a batch of new individuals, and carries out a new round of selection,
crossover and mutation, and ultimately outputs the optimal solution of the algorithm through the fitness
function and the adjustment of the number of iterations [ 157.

The flow of the basic genetic algorithm is shown in Fig. 2:

Start Initialize the Calculate Selection Crossover
population fitness operation operation

Output optimal Stopping Mutation
solution conditions operation

Fig. 2. Basic genetic algorithm operation process

The steps of the specific algorithm are as follows:

Step 1: Establish an initialized population, the individuals within the population are called chromosomes
and the points arranged on the chromosomes are called genes.

Step 2: Through the set fitness function, calculate the fitness of each chromosome and judge whether it
meets the condition of outputting the optimal solution; if it meets the condition, end the run, and if'it does
not meet the condition, proceed to step 3.

Step 3: Perform selection operation. According to the set selection probability, select a portion of
individuals for the next round of population evolution.

Step 4: Crossover operation. According to the crossover probability, the genetic composition of the
chromosomes is interchanged, and the chromosomes after the genes are interchanged become new
individuals within the population.

Step 5: Perform mutation operations. According to the mutation probability, the genes on the
chromosomes are changed to form new chromosomes.

Step 6: Summarize the new individuals generated by the crossover and mutation operations to form a
new population and repeat step 2 until the optimal solution is output.

2.3.2.  Problem description for learning path optimization. Based on the establishment of a relational
database of learning objects (resources) and domain knowledge to meet learners' personalized needs, this
paper focuses on the learning path generation phase, i.e., learners can quickly construct their learning
Journeys based on the topology of knowledge and learners' needs after selecting learning objectives. The
goal is to find the optimal learning sequence and scheduling scheme for each learning plan, which meets
the learner's individual needs with high quality and follows all the constraints.

2.3.3.  Learning Sequence Generation. The whole process of learning path in this paper can be divided
into a number of learning objects, i.e., arranged graphs of learning activities, so as to constitute an AOV
network, as shown in Fig. 3, where the vertices in the graph represent the activities, and the directed edges
represent the priority relationships between the activities, for two nodes Vi and Vi in the network, if
there exists a directed edge of "' directly pointing to I then \\;i is the precursor node of !, and then
the generated linear sequence of vertices, ' also must precede /.
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Fig. 8. Knowledge point diagram

2.3.4.  Algorithm implementation. In this paper, we propose a genetic algorithm PSGA based on a
predatory search strategy to balance the local and global search strategies, and on the basis of obtaining a
number of learning sequences that can reach the learning target, we carry out a null search based on the
evaluation of personalized fitness to obtain the final learning path that is effectively selected for the learning
sequences and the corresponding learning objects.

1) Chromosome coding. Learning path recommendation belongs to the optimal combination problem, this
paper to meet the actual learning object data structure characteristics - a number of several, discontinuous,
to consider the encoding problem, that the use of integer encoding is the most effective, easy to understand
and objective function calculation.

The learning path is represented in the form of a chromosome, the length of the chromosome represents
the number of knowledge points on the learning path, and the value on each gene of the chromosome
represents the corresponding number of the learning object that is ready to be used for learning the
knowledge point. Firstly, learning objects are randomly assigned to each knowledge point in the sequence,
i.e., the learning path is obtained: M[1][2]—M [4][3]-M[3][5]-M [5][1]-M [6][2], and the generated

chromosome is shown in Table 1.

Table 1. Chromosome

Path step 1 2 3 4 5
Knowledge point(i) 1 4 3 5 6
Learning object(j) 2 3 5 1 2

2) Adaptation evaluation. The goal of the evaluation is to find a learning path that minimizes the value of
the fitness function. Let N be the number of knowledge points involved in the learning path, and also in
the form of M[i][]j] to represent the learning of the 1rd knowledge point using this knowledge point
corresponds to the J th learning object in the set of learning objects, then the fitness evaluation function
is:

N
2R
MinF (i, j,N) = —L—— (25)
> Los(i, j)
n=1
3) LOS(i, j) tor the knowledge point i selected learning object J under the conditions of the learner's
personalized needs of the scoring, the scoring process needs to introduce the attributes of the learning
object as a calculation parameter, in the algorithm used in this paper, the number of attributes involved in
the calculation can be adjusted according to the need, and is not limited to a specific number, in order to
calculate the convenience of the paper introduces the following attributes as the basic calculation parameter:
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(1) Learning Costs: Let the cost to be paid for the learning process be Cost, and the upper limit of the
cost set by the learner be Cmax. If Cost >Cmax, it takes the value of 0; if Cost <Cmax, it takes the
value of (C max/ COSt) , and if it exceeds 5, it takes the value of 5.

(2) Media type: the difficulty is rated according to the learner's preference for the learning object, with
a set range of [1, 5]. The higher the match with the learner's preference, the higher the value.

(3) Feedback rating: the arithmetic mean of experts' and other learners' ratings of the learning object,
with a range of [a[1,10]].

Before scoring, we define an array F, F = { .. fl}, 1 is the number of attributes involved in the
calculation, f, is the weight representation of the k th attribute of the learning object involved in the
calculation, entered by the learner according to his/her own needs, h, is the value of the k th attribute
of the ]th learning object MTi][j] in the set of learning objects of the 1 th knowledge point, then the
evaluation formula of the learning object is as follows:

Los(i, j,k)zzk:(hk ) (26)

4) Selection of genetic manipulations and genetic probabilities:

(1) Selection of crossover and mutation probabilities

In this paper PSGA, P, and P,; will change dynamically with the number of evolutionary
generations.

{pc Pemax (pcmax pcmm) (27)

pm = pmmin +( pmmax - pmmin)'t/ M

where U is the number of evolutionary generations, M is the total number of evolutionary generations,
Pemax and  Pepin are the maximum and minimum crossover probabilities, and Py and  Pumin  are the
maximum and minimum mutation probabilities, respectively.

(2) Stopping condition of genetic operation

In this paper, the setting of iteration number t is used to determine whether the algorithm stops or not,
once t isequal to the specified maximum number of evolutionary generations, the algorithm is terminated,
otherwise it continues to execute.

In the finite genetic iteration, the setting of the iteration number determines the generation of the
solution, too few iterations can not get a satisfactory solution, too many iterations is too long running time,
generally the selection of the maximum number of evolutionary generations need to be through a number
of experiments, balancing the two factors, and ultimately in a shorter period of time to generate a more
satisfactory solution.

5) Predator field search. For the specific problem of the learning path in this paper, the judgment of the
current better solution takes the following method: in the global search process, assume that the fitness of

the contemporary best solution is fi. , the fitness of the best solution of all times is Uy, and the ratio

of the two is = o /Opeq - If >K, then local search is carried out, and k is a number greater than 1.

The larger k is, the fewer chances of local search, and on the contrary, the more.

6) Algorithm Flow. The specific implementation process of adaptive learning path recommendation based
on PSGA algorithm is as follows:

Stepl: After generating the learning sequence to reach the target knowledge point, randomly
recommend the learning object covering it for each knowledge point, randomly generate the initial
population of size Q, i.e., the current learning path population P(t), and calculate the fitness value of each
individual within the population;

Step2: Judge whether the termination condition of iteration number is reached in the current population,
if it is satisfied, end the algorithm and output the final optimal path solution, otherwise go to Step3;
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Step3: Determine whether the better solution is searched, it ¢ > K, then local search around the current

best solution (when the final optimal path) Xg., starts from Step4 with restriction level L=0 and loop
number Counter =0, otherwise global search starts from Steps;

Step4: If L < [N /n] (through the limit of the jump to achieve the conversion from local search to global
search, [] means to take an integer, N value depends on the size of N), search the neighborhood S

times (S = N) of X, and take the best solution X, and then turn to Steps, or else exit the local search,

the optimal solution of the local search will be copied to Step8 to start the global search:

Steps: If Xgeq has fitness value CS(Xge )=Restriction(L), make X =Xy, then turn Steps,
otherwise turn Step7;

Step6: if C(X)>C( Xy ), let Xpq =X, L=0, Counter =0, recalculate the limits then turn to Step4,
otherwise turn to Step7;

Step7: make Counter —Counter +1, if Counter >Counter (maximum number of cycles), make

L=L+1, Counter =0, then turn to Step4;
Step8: Select individuals for selection, crossover, and mutation operations based on fitness values, apply

crossover operator with P, to obtain CI(t) , and mutation operator with P, to obtain C2(t)
(crossover and mutation probabilities change adaptively with the number of generations of evolution), and
select P(t+1) from the current populations P(t), CI(t), and C2(t) through the (u+A1) strategy,
and return to Step2.

3. Realization of the Intelligent Civic and Political Network Teaching System

3.1.  Implementation of the learning module

1) The basic principle of XML data display. The basic flow of XML file display is shown in Figure <.

XSL Conversion
(3)search
NET Components | s
Validation,
Decision Modules

Fig. 4. The basic flowchart of the XML format display

(1)request

(5)transformed
output

2) Integration of Data Mining Functionality in Applications. In the business layer we have mined student
learning patterns with association algorithms, these patterns provide technical support for the ITS
application, the application will utilize these patterns to add recommendations to the site.

3) Learning Exchange. Students can enter the learning discussion area to discuss around a topic during
the learning process, which is a good and eftective learning method.

3.2.  Implementation of the examination module

1) Entry of test questions. The user selects the type of test question to be entered through the client page,
and when it is determined, the selected type of test question will be submitted to the next page for test
question selection through the form on this page. Depending on the type of test question selected, the
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display form of the selection page will be different, and when a test question is entered on each page,
clicking on the Save button, the page will write the currently entered test question into the database and
automatically redirect to the page for that type of question.

2) Maintenance of test questions. Test question maintenance mainly includes deletion and modification of
test questions. First, select the subjects and types of test questions to be maintained, and then, after
determining the subjects and types of test questions, pass them to the next page, “Test Question
Maintenance”. The “Test Question Maintenance” page calls up the corresponding test question table in the
question bank according to the incoming test subject and type, and displays it on the page in the form of a
table through the GridView control, which also provides the user with a query button so that the user can
quickly locate the desired test question. Selection and editing buttons are provided in front of each test
question that meets the requirements for the appropriate maintenance operation.

3) Masking the “back” key. The “back” button in the browser may allow the user to revisit a previously
viewed page. This allows candidates to use the “back” button to revisit a submitted paper after it has been
submitted, and then submit it again, so that unforeseen errors may occur in the system. The solution is to
make the visited page obsolete and block the “back”, so that the user can only get the error message “This
page is obsolete”, but not the “visited page” when “back”. The visited page is not available.

4. Effectiveness of ideological and political education and feedback
4.1.  Effectiveness of tracking students' knowledge of Civic Competence

4.1.1.  Prediction of student performance. The models in this paper are implemented with seven
comparison models, including the knowledge tracking model based on the multi-interaction Bayesian
knowledge tracking model (IBKT) and six baseline models, all of which are tuned for optimal performance
for the sake of experimental fairness. The comparison models are as follows:

1) DKT: The first application of deep learning to the KT task, implemented using LSTM, significantly
improves the performance of the traditional BKT model.

2) DKT+: improves the DR'T prediction fluctuation by adding regularization terms.

3) SAKT: assigns weights to previously answered questions using self-attention.

4) DKVMN: utilizing dynamic memory networks for KT tasks.

5) SKVMN: unifies the advantages of recurrent modeling capacity and memory capacity, enabling better
discovery of correlations between underlying concepts and questions.

6) SAINT: Improved SAKT modeling using deep attention to access complex relationships between
exercises and corresponding responses.

7) ART: Using the Rasch model for topic characterization and combining it with monotonic attention for
the KT task.

Mean AUC and mean ACC from the 5-fold crossover experiment were used as comparison results, where
the results of the baseline model were derived from the results of reproducing the original open-source
code.

The results of the comparison of the models on the datasets are shown in Table 2, from which, it can be
noted that IBKT outperforms the other baselines on all datasets. Specifically, IBKT performs at least 1%
better than the other models, which proves the effectiveness of the model. Notably, IBKT significantly
outperforms the other models on the ASSISTment2017 dataset, which shows an increase of at least 2%.
The reason for this is that the average response per student is densest on the ASSISTment2017 dataset,
and IBKT is able to capture long-distance dependencies well in order. In general, AKT and IBKT
significantly outperform the other models, which can be attributed to the effective use of question
information and relevant skills. Compared to AKT, IBKT uses a more informative representation of the
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question and uses LSTM to model forgetting behavior, which contributes to the better performance of
IBKT.
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Table 2. Experimental results of each model in the data set

ASSISTment2009 ASSISTment2017 EdNet Math

Model AUC ACC AUC ACC AUC ACC AUC ACC
DKT 0.8257 0.764 0.7351 0.6821 0.7105 0.669 0.812 0.7515
DKT+ 0.8111 0.7789 0.7211 0.6762 0.701 0.6666 0.8281 0.7588
SAKT 0.8293 0.7786 0.7019 0.6798 0.7107 0.6742 0.8393 0.7669
DKVMN 0.8404 0.7782 0.801 0.7526 0.7887 0.7296 0.8098 0.7625
SKVMN 0.8495 0.7887 0.85 0.7612 0.7582 0.7028 0.8112 0.769
SAINT 0.8744 0.7964 0.864 0.7749 0.78 0.7226 0.8196 0.7706
SAINT 0.8965 0.8227 0.8788 0.8423 0.7932 0.7383 0.8322 0.7724
IBKT 0.9099 0.8407 0.9028 0.8627 0.8177 0.7501 0.8555 0.7919

4.1.2.  Visualization of the results of knowledge tracking. In order to illustrate that the multi-interaction
based Bayesian knowledge tracking model (IBKT) can deeply track the specific mastery of learners'
knowledge concepts, from the ASSIST2009 dataset, a student was randomly selected to answer 12
consecutive exercises containing five knowledge points, and the results of the knowledge tracking are
visualized as shown in Fig. 5, where the horizontal axis is the order in which the learner did the questions,
and the vertical axis is the specific names of the five knowledge concepts , the probability of a student
answering each question correctly takes values between (0, 1), with different colors representing different
probabilities. The bottom radar plot shows his level of knowledge acquisition on the five KCs after
practicing from T=1 to T=12.

As can be seen from the graph, the student's mastery level of absolute value progressed from T=1 (0.22)
to T=12 (0.74) because exercises related to absolute value (e.g., 1, 38, 4, 7, etc.) were continuously practiced
during this period. However, the fact that the student seldom practiced the knowledge point related to the
area of a circle resulted in a gradual decline in his mastery of the knowledge point area of a circle (from
0.42 to 0.04). These observations suggest that he needs to review the knowledge point area of circle in time
and strengthen the training. In summary, it can be seen that the IBKT model can track the students'
mastery level in each knowledge point in detail, and then based on the visual diagnostic results, it is able
to provide learners with more personalized guidance in practice.
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Fig. 5. Knowledge tracking results visualization

4.2.  Personalized Learning Path Generation

4.2.1.  Parameter setting. According to the research data of related researchers, the parameters related
to learners and knowledge points are set as the experimental data in Table 3.
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Table 3. The learners and the knowledge points are set

Parameter type

Parameter setting

Learner related parameters

Lm , 1<m<<40

LS,,, i1<m<10

AL, 1<m<40

AT, 1<m<4o0

Knowledge point related parameters (D1)

KP,, 1<n<100

MS, , 1<k<4

DL, , 1<k<4

MT, , 1<n<100

Knowledge point related parameters (D2)

KP,, 1<n<100

MS, , 1<k<4

DL, , 1<k<a4

MT,, 1<n<100

Knowledge point related parameters (D3)

KP,, 1<n<100

MS, , 1<k<4

DL, , 1<k<4

MT,, 1<n<100

Knowledge point related parameters (D4)

KP,, 1<n<40

MS, , 1<k<4

DL, , 1<k<a

MT,, 1<n<40

Knowledge point related parameters (D5)

KP,, 1<n<s0

MS, , 1<k<4

DL, , 1<k<4

MT,, 1<n<s60

Knowledge point related parameters (D6)

KP,, 1<n<3so

MS, , 1<k<4

DL, , 1<k<

MT,, 1<n<38o0

Improved Genetic Algorithm (PSGA) based on predation strategy, Traditional Genetic Algorithm (SGA)
and Particle Swarm Optimization Algorithm were used for the experiments, and the main parameter
settings of IGA and SGA are shown in Table .

Table 4. PSGA and SGA parameter Settings

) ) o ) Cross Mutatio
Algorith Populatio Terminatio ) ) Selection .
) o Fitness function probabilit
m n size n condition method .
y probability
. Tournamen
PSGA AL =3¢ Cdi/M *max Cd 0.7
100 t
100 ) )
SGA iterations (W1,w2,w3,w4)= Roul
oulette 0.7
0.1,0.3,0.3,0.3

The PSO main parameter settings are shown in Table 5.
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Table 5. PSO main parameter Settings

. Population Termination ) . Learning . )
Algorithm . . Fitness function . Inertia weight
si1ze condition factor
AL =% .Cdi/M *maxCd min =0.4
PSO 100 100 iterations (W1,w2,w3,w4)= (c1,c2)=(2,2) 0.9
omax =0.
0.1,0.3,0.3,0.3

In order to validate the improved genetic algorithm based on predation strategy, the discussion is
divided into two parts: analyzing the eftect of different number types of learning objects on the convergence
of adaptation; comparing PSGA with SGA and PSO methods to analyze the convergence of adaptation;
and the computational error and stability of PSGA, SGA, and PSO with different number of learning
objects.

4.2.2.  Impact of convergence of adaptations. To analyze the effect of the difference in the number of
learning object types on the convergence of the adaptation degree, the set of learner-related parameters
and knowledge-point-related parameters (D1,D2,D3) are used and experiments are carried out by the
PSGA, an improved genetic algorithm based on the predation strategy, and the experimental results are
shown in Fig. 6.

The horizontal axis of the figure represents the number of iterations, and the vertical axis represents the
fitness value, the smaller the fitness value indicates that the personalized learning path constructed is closer
to the learner's needs and more in line with its characteristics.D1,D2,D3 are the convergence trends of the
fitness values of the different number of types of learning objects under the size of a fixed number of
knowledge points, respectively. D1 after 71 iterations, the fitness value decreases from 19.4 to 5.9; D2 after
56 iterations As the number of iterations increases, the richer the types of learning objects are, the smaller
the adaptation value is, and the better the effect of personalized learning paths constructed, indicating that
the designed algorithm has good convergence, and can accurately construct learning paths according to
learner characteristics in the face of the rich types of learning objects. Learning paths are constructed
according to the learner's characteristics.
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Fig. 6. The effect of different quantity types on the convergence of fitness

4.2.3.  Calculation errors and stability. Equations (25), (29), (30) and (31) are applied to evaluate the
average error {2 between the type of media of the learning object and the learning style, f3 between the
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difficulty level and the cognitive level, {4 between the required and the available learning time, and the
stability of the algorithm execution for the personalized learning paths constructed by PSGA, SGA, and
PSO, respectively, over 80 rounds of computation.

C[O!ﬁl
error, = (f2)i/Cyy (28)
i=1
Ctotal
error, = > (f3)i/Cyy (29)
i=1
Ctotal
error, = Y (f4)i/Cyy, (30)
i=1
Ctotal .
D (FOi—w)?
stability =4[
Ctotal <3 1)
Clotal

H= Z Z f (X)I /Ctotal

Where: C,, is the total number of rounds calculated.

The “Science Data Bank” public dataset is used, which not only includes simulation information of 100
learners, but also covers cognitive levels, learning styles, and available learning time. It also has learning
objects of different number sizes, which contain information such as difficulty level, media type, and
required learning time. The dataset is processed and experiments are set up to analyze the effect of difterent
numbers of learning objects on the computational error and stability of the algorithm.

Figure 7 shows the average error between learning object media types and learning styles f2. The PSGA
computational error is significantly better than that of PSO and slightly better than that of GA, indicating
that the PSGA method is able to satisfy the learning styles of the learners by constructing personalized
learning paths with learning objects of appropriate media types.
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Fig. 7. F'2 error between three algorithms

Figure 8 shows the average error between difficulty level and cognitive level f3. The PSGA
computational error is smaller than that of the PSO and GA methods, indicating that the IGA method is
able to construct personalized learning paths for the learner's cognitive level with learning objects of the
corresponding difficulty level.
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Fig. 8. Error between three algorithms

Figure 9 shows the average error between the required learning time and the available learning time f4.
With the increase of the number of learning objects, the computational error of PSO and GA methods is
increasing, while the computational error of PSGA method is relatively stable and smaller than that of
PSO and GA methods, which indicates that the personalized learning paths constructed by the PSGA
method are capable of balancing the available learning time of the learner with the required learning time
of the learning objects.
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Figure 10 shows the stability average error of PSGA, PSO and GA method execution. With the increase
in the number of learning objects, all three algorithms show a rising trend in the stability average error of
execution, and the stability average error of the PSGA method is smaller than that of the PSO and GA
methods, indicating that the personalized learning path constructed by the PSGA method is of higher

quality.
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Fig. 10. The stability error between the three algorithms
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Taken together, the PSGA method performs well in terms of adaptive convergence, computational error
and stability, and the results show that the IGA method can meet most of the requirements for personalized
learning path construction, and construct personalized learning paths that satisty learners' characteristics

and needs.
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4.8.  Comparison of the Effectiveness of Crvic Education

This section uses questionnaires and the method of paired-sample t-test to select 180 students majoring in
computer science in a university to put the intelligent teaching system of this paper into their Civics
classroom to assist teachers in classroom teaching, and 180 questionnaires are issued to the 180 students
of the experiment to investigate the effect of Civics education before using the system and after using the
system, and the questionnaires are recovered in 160 copies, with a recovery rate of 89%, and an effective
questionnaire of 145 questionnaires, eftective rate 81%.

The results of 145 questionnaires were analyzed by paired-sample t-test for the first-level dimensions
and overall and pre-test results, as shown in Table 6.

As can be seen from the table, the t-value of cultural literacy dimension is -5.344, p < 0.05, indicating
that there is a significant difference in the results in the cultural literacy dimension and the scores are
higher than the pre-test scores; the t-value of the value concept dimension is -1.874, p > 0.05, indicating
that there is no significant difference in the results in the value concept dimension but the post-test scores
are slightly higher than the pre-test scores; the t-value of the information awareness dimension is - 3.761,
p < 0.05, indicating that there is a significant difference in the results in the information perception
dimension and the post-test scores are higher than the pre-test scores; the t-value for the overall is -3.892,
p < 0.05, indicating that there is a significant difference in the results in the overall level and the post-test
scores are higher than the pre-test scores.

After the action research of the posttest, in the area of curriculum ideology, the mean of students' cultural
literacy increased by about 0.54 compared to the pre-test, the mean of value concepts increased by about
0.3 compared to the pre-test, the mean of information cognition increased by about 0.51 compared to the
pre-test, and the overall mean increased by about 0.28 compared to the pre-test. Among them, the students'
recognition of value concepts is still the highest, and compared to the pre-test, the recognition of the three
dimensions and the overall mean of the questionnaire have increased. In terms of standard deviation, the
standard deviation of cultural literacy is the smallest, indicating that students' level of cultural literacy
varies the least.

Table 6. The first order dimensional matching sample t test results

o ) ) Case Mean Standard .
Pairing Dimension o t Sig.
number value deviation
Pairing Pre-survey culture 145 3.282 0.521
) -5.344« | 0.000
1 Post-cultural literacy 145 3.767 0.583
Pairing Former value concept 145 3.841 0.587
-1.374 | 0.093
2 Postmeasured values 145 4.188 0.617
Pairi Pre-measurement information cognition 145 3.478 0.526
airin
J Posterior measurement information -3.761 | 0.000
3 - 145 3.983 0.649
cognition
Pairing Premeasurement 145 3.664 0.467
-3.892 0.000
4 Aftermeasure 145 3.893 0.539

The paired-sample t-test analysis of the secondary dimensions of the 145 questionnaire results with the
pre-test results is shown in Table 7:

As can be seen from the table, the t-values of the six dimensions of rational thinking, digital innovation
awareness, integrity and friendliness, family and national sentiment, information thinking and information
ethics and security are all negative and p < 0.05, indicating that there are significant differences in the
results of these six dimensions and the post-test scores are significantly higher than the pre-test scores;
the ideal belief dimension has a p < 0.05 but a positive t-value, indicating that there is a significant
difference between the results of this dimension, the However, the post-test scores are lower than the pre-
test scores; the t-values of the dimensions of scientific spirit, social responsibility and information
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awareness are all negative, but the p>0.05 indicates that there is no significant difference in the results of
this dimension, but the post-test scores are still higher than the pre-test scores.

From the mean value, the more obvious improvement is in the dimensions of rational thinking, digital
innovation awareness, integrity and friendliness, family and national sentiment and information thinking,
all of which are higher than the mean of the pre-test study by more than 0.25, and except for the dimension
of ideals and beliefs, the mean of all other dimensions is slightly improved compared to the pre-test; from
the standard deviation point of view, the smallest standard deviation is in the dimension of social
responsibility, which indicates that the difference of the level of students' in the aspect of social
responsibility is the smallest.

Table 7. The secondary dimensional matching sample t test results

o ) ) Case Mean Standard )
Pairing Dimension o t Sig.
number value deviation
. Pre-scientific spirit 145 4.006 0.775
Pairing 1 . . -1.841 | 0.111
Post-scientific spirit 145 4.146 0.765
o Premeasured thinking 145 3.226 0.636
Pairing 2 - . -6.562 | 0.000
Post-rational thinking 145 3.781 0.705
o Digital innovation awareness 145 3.364 0.638
Pairing 3 T - -3.782 | 0.000
Dlgltal Innovation awareness 145 3.719 0.688
Honest and friendly 145 3.697 0.611
Pairing 4 The latter measure sincerity and -3.677 | 0.000
o 145 3.975 0.695
friendliness
o Former social responsibility 145 4.085 0.687
Pairing 5 . -0.543 | 0.000
Post-urban responsibility 145 4.137 0.731
The former surveyor's national conditions 145 3.979 0.754
Pairing 6 And then we look at our national -2.783 | 0.000
- 145 4.287 0.787
conditions
o Pretest ideal 145 4.046 0.667
Pairing 7 - . 3.023 | 0.087
Post-ideal belief 145 3.89 0.708
Pre-measurement information
o . 145 3.867 0.732
Pamng 8 consclousness -1.011 | 0.289
Aftersense information consciousness 145 3.96 0.844
. Pre-measurement information thinking 145 3.187 0.802
Pairing 9 - - . -4.537 | 0.000
Postmeasured information thinking 145 3.697 1.021
o Former information ethics and security 145 3.796 0.677
Pairing - - -
Post-mortem information morality and -2.377 | 0.013
10 145 3.985 0.722
safety

To summarize, in terms of course civics, after the posttest survey research, the overall level of students'
course civics has been significantly improved, with cultural literacy and information cognition in the first-
level dimensions and the six dimensions in the second-level dimensions, and all the first-level and second-
level dimensions have been improved to a certain extent, except for ideal beliefs in the second-level
dimensions. This indicates that the posttest action research has positively affected students' level of course
ideology in general.

5. Conclusion

In this paper, a multi-interaction based Bayesian knowledge tracking model is proposed. Experiments are
conducted on three public datasets (ASSISTment2009, ASSISTment2017, EdNet) and 12 practice question
datasets, and the experimental results show that the IBK'T model outperforms the others.
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Using learner characteristics, knowledge point characteristics, and generic learning paths as inputs, the
personalized learning path construction model is designed by combining the improved genetic algorithm
based on predation strategy. Through experiments, it is proved that the improved genetic algorithm based
on predation strategy is a better learning path construction method, which can construct learning paths
for learners that meet their learning needs and characteristics.

According to the designed intelligent teaching aid system, it is put into the Civics education in colleges
and universities to conduct questionnaire surveys and paired t-tests. The paired results show that the
dimensions of rational thinking, digital innovation consciousness, honesty and friendliness, national
sentiment and information thinking are all 0.25 higher than the average of the pre-test, which can
significantly improve the level of students' Civic and Political Education.
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