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Abstract—Classroom teaching is the basic form of teaching in colleges 
and universities. Teachers need to constantly optimize classroom teaching 
decision-making to adapt to the ever-changing educational environment. In order 
to improve the quality of teaching, stimulate students’ potential, and promote 
students’ all-round development, it is necessary to fully consider the personalized 
needs of students in classroom teaching and provide more suitable teaching con-
tent and methods for them. To this end, this article takes the accounting major in 
higher vocational colleges as an example, and conducts a study on the optimization 
of classroom teaching decision-making for students’ personalized learning needs. 
It introduces the psychological curve function based on expected performance 
and current performance to measure the satisfaction degree of students’ personal-
ized learning needs, and as an evaluation of whether students’ personalized learn-
ing needs meet expectations, elaborates on the calculation method of expected 
performance and current performance of personalized learning. A multi- 
objective decision-making model for classroom teaching is constructed to 
achieve the three optimization objectives of maximizing the quality of classroom 
teaching, maximizing the attention of students’ personalized learning needs, and 
maximizing students’ dissatisfaction, and the solution method of the model is 
given. Experimental results verify the effectiveness of the proposed algorithm 
and the constructed model.

Keywords—students’ personalized learning, learning needs, classroom 
teaching decision-making, multi-objective decision-making optimization

1 Introduction

With the development of educational technology and changes in social needs, the 
quality of student training has become increasingly prominent [1–5]. Classroom teach-
ing is the basic form of teaching in colleges and universities. Teachers need to con-
stantly optimize classroom teaching decision-making to adapt to the ever-changing 
educational environment [6–9]. Paying attention to and meeting students’ personal-
ized learning needs is the basic way to understand classroom teaching effects and is 
also an important source of driving teachers to improve teaching decisions [10–15]. 
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Optimizing classroom teaching decision-making according to the personalized needs 
of students can help improve teaching quality. Teachers can formulate appropriate 
teaching programs and methods according to the interests, abilities and needs of each 
student to improve students’ learning effects [16]. At the same time, personalized teach-
ing decisions can better cultivate students’ comprehensive qualities such as innovative 
ability, critical thinking, teamwork and interdisciplinary knowledge. This helps to cul-
tivate talents with all-round development and adapting to the needs of society. The 
optimization of classroom teaching decision-making for students’ personalized learn-
ing needs can promote educational innovation. In the process of exploring teaching 
methods and strategies adapted to the needs of students, it is possible to pioneer new 
educational models and practices.

Huang and Young [17] provides a classroom interaction system that can be used in 
conjunction with handheld devices. The system not only provides students with imme-
diate responses to their learning status, but also supports teachers in their decision- 
making. In addition, the concept of Web 2.0 is applied in the system to allow students 
to share and exchange learning resources. Murtafiah et al. [18] explores the decision- 
making process of novice and experienced teachers when designing mathematics prob-
lems. Data collection for the decision-making process is based on teacher-designed 
problem observations and a framework that includes generating ideas, clarifying ideas, 
and evaluating the plausibility of ideas for creating math problems. The findings sug-
gest that novice teachers are still less creative than experienced teachers when it comes 
to generating ideas. Phillips et al. [19] reports a pilot study in which the links between 
knowledge and decision-making in science, mathematics, and information technology 
teachers’ lesson plans are quantified and represented using cognitive network analysis. 
The findings reveal a level of complexity that has been implied but so far not supported 
by empirical evidence. Olson et al. [20] determines the impact of two different teaching 
cases on multiple aspects of teachers’ effective teaching decision-making. The teaching 
effect of 207 semesters is analyzed to determine the degree of decision-making differ-
ences on key issues. Compared with the group that completed the unit plan, teachers in 
both groups that optimized teaching decision-making are able to better consider how 
students learn when making decisions that include teaching activities and content. 

Students have different interests, abilities, learning styles and background knowl-
edge. In order to improve the quality of teaching, stimulate students’ potential, and pro-
mote students’ all-round development, it’s necessary to fully consider the personalized 
needs of students in classroom teaching, and provide more suitable teaching content 
and methods. Existing research on teaching decision-making optimization lacks con-
sideration of students’ personalized learning needs. To this end, this article takes the 
accounting major in higher vocational colleges as an example, and conducts a study 
on the optimization of classroom teaching decision-making for students’ personalized 
learning needs. In Chapter 2, the article introduces the psychological curve function 
based on expected performance and current performance to measure the satisfac-
tion degree of students’ personalized learning needs, and as an evaluation of whether 
students’ personalized learning needs meet expectations, elaborates on the calculation 
method of expected performance and current performance of personalized learning. In 
Chapter 3, the article builds a multi-objective decision-making model for classroom 
teaching to achieve the three optimization objectives of maximizing classroom teaching 
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quality, maximizing attention to personalized learning needs of students, and maximiz-
ing student dissatisfaction, and gives a solution method for the model. Experimental 
results verify the effectiveness of the proposed algorithm and the constructed model.

2 Construction of student satisfaction model

Student satisfaction is an evaluation of whether students’ personalized learning 
needs meet expectations, and it is a representation of the degree of matching between 
teachers’ classroom teaching decision-making and students’ personalized needs. Stu-
dent satisfaction is a variable dynamic target. This article introduces a psychological 
curve function based on expected performance and current performance to measure 
the satisfaction degree of students’ personalized learning needs. Assuming that student 
satisfaction is represented by g, the expected performance of students’ personalized 
learning is represented by b, and the current performance of students’ personalized 
learning is represented by a, the specific expression is given by the following formula:
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Based on the psychological curve function, this article puts forward the expected 
performance and current performance of teachers’ classroom teaching decision-making 
attributes in three aspects: the individualization of teaching objectives, the adaptabil-
ity of learning styles and the diversification of evaluation standards, and abstracts a 
model of students’ satisfaction with the three attributes of candidate classroom teach-
ing decision-making. It’s assumed that the personalized learning expectation perfor-
mance of the personalized degree td of teaching objectives is indicated by btd and the 
attribute is indicated by bd. The personalized learning expectation performance of the 
adaptability of learning style and the diversification of evaluation criteria is represented 
by δ, respectively, the student’s personalized learning current performance of the i-th 
candidate classroom teaching decision-making on individualization td is represented 
by ai,td, the student’s personalized learning current performance of the i-th candidate 
classroom teaching decision on attributes δ the current performance of personalized 
learning is represented by ai,δ, the satisfaction of the i-th candidate classroom teaching 
decision on satisfaction of personalized teaching objectives td is represented by gi,td, 
the satisfaction of the i-th candidate classroom teaching decision on attributes d are 
represented by gi,δ, then:
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2. Adaptability of learning style and diversity satisfaction of evaluation criteria:
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The performance involved in the above two formulas includes students’ personalized 
learning expectation performance and current performance. The calculation process of 
the two performances is similar, and this article will explain the calculation process.

The adaptability attribute of learning style is composed of the diversity of learning 
methods RR and the richness of learning resources B, and the diversified attribute of 
evaluation criteria is composed of the diversity of evaluation methods C, the combina-
tion of process and results Y, self-evaluation and mutual evaluation G. In order to more 
accurately reflect the adaptability of learning styles and the diversification of evaluation 
criteria, this article uses different weights to reflect the importance of each parameter 
in each attribute.

Compared with most complex multi-attribute decision-making algorithms for cal-
culating weights, fuzzy analytic hierarchy process is more suitable for describing 
uncertainties such as parameter fuzziness, and the weights obtained by this algorithm 
can more closely express students’ personalized needs. Therefore, this article uses the 
fuzzy analytic hierarchy process to calculate the weight of learning method diversity 
and learning resource richness within the adaptability of learning style, and the weight 
of evaluation method diversity, process and result combination, self-evaluation, and 
mutual evaluation within the diversity of evaluation criteria.

Firstly, the target problem of whether students’ personalized learning needs meet 
expectations is stratified, that’s, it is divided into three layers: target layer, criterion 
layer and program layer. The target layer is the adaptability of learning styles and the 
diversified student performance of evaluation standards. The criterion layer is the deci-
sion factors that affect the adaptability of learning styles and the diversification of eval-
uation standards. The program layer is the normalized value of each parameter in each 
candidate classroom teaching decision. Figure 1 shows a schematic diagram of the 
hierarchical structure. 

With the general calculation method of fuzzy judgment matrix, the five parame-
ters of diversity of learning methods RR, richness of learning resources B, diversity 
of evaluation methods D, combination of process and results Y, self-evaluation and 
mutual evaluation G in the criterion layer are divided into two groups, respectively con-
structing matrices to characterize the importance of the adaptability of learning styles 
and the diversification of evaluation criteria in the target layer. Through the compari-
son and analysis among the parameters, quantitative scale values sx,y can be obtained. 
Table 1 shows the applicable comparison scale. It’s essential to further obtain the 
fuzzy judgment matrix S = sx,y*(d*d ), and substitute the two attributes of learning style 
adaptability and evaluation standard diversification to obtain the corresponding fuzzy 
complementary judgment matrices Srt and Srp. This article obtains Srt and Srp based on 
the scale method, namely:
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Fig. 1. Schematic diagram of hierarchical structure

Table 1. Comparison metrics

Scale Value Definition Description

0.9 Extremely important The former is extremely important compared to the latter.

0.8 Very important The former is very important compared to the latter.

0.7 More important The former is more important than the latter.

0.6 Slightly important The former is slightly important compared to the latter.

0.5 As important as The former is as important as the latter.

0.1, 0.2, 0.3, 
0.4, 0.5

Inverse comparison Inverse comparison of the above comparisons
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Calculate the weight of each parameter based on the general formula for solving the 
weight of the fuzzy complementary judgment matrix, let Sm

x=1qx=1, qx≥0, x=1, 2, ..., d, 
the number of matrix rows is represented by d, the x-th row and the y-th column are 
represented by x and y, then:
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Combining the above three formulas, the adaptability of learning style and the diver-
sified weight vector of evaluation criteria can be obtained:

 
R B

qrt

    
= 0 55 0 45. .

 (7)

 
C Y G

qrp = 0 412 0 371 0 217. . .
 (8)

It’s assumed that the weight vector of the adaptability rt of the learning style is 
represented by qrt, and the weight vector of the diversification rp of the evaluation stan-
dard is represented by qrp. Therefore, the weights of learning method diversity R and 
learning resource richness B in rt are 0.55 and 0.45 respectively. In rp, the weights of 
evaluation method diversity degree C, process and result combination Y, self-evalua-
tion and mutual evaluation degree G are 0.412, 0.371 and 0.217 respectively. Through 
the consistency check, it can be seen that the adaptability of the learning style and the 
diversified fuzzy judgment matrix of the evaluation standard are consistent, and the 
weight value results are completely reasonable.

The normalized value of price is defined as the composite value of the personalized 
attributes of the teaching objective. It’s assumed that the personalized attribute value 
of the teaching goal of classroom teaching decision i is denoted by ai,td and the price 
is denoted by D. Given the normalized values and weights of the diversity of eval-
uation methods, the combination of process and results, self-evaluation and mutual 
evaluation, the diversity of learning methods, and the richness of learning resources, 
the comprehensive value of the adaptive attribute of learning style and the diversified 
attribute of evaluation criteria is the sum of the weight and the normalized value SQ of 
the corresponding parameters of the two attributes. Assuming that the comprehensive 
values of personalization of teaching objectives td, adaptability of learning styles rt, 
and diversification of evaluation criteria rp for the i-th classroom teaching decision are 
represented by ai,td, ai,rt and ai,rp, then:

 �i td i DSQ, ,�  (9)

 �i rt R i R B i Bq SQ q SQ, , ,� � � �  (10)

 �i rp C i C Y i Y G i Gq SQ q SQ q SQ, , , ,� � � � � �  (11)

Substitute the six parameters of the current candidate classroom teaching deci-
sion-making, and obtain the comprehensive value of the individualization of the teach-
ing objectives, the adaptability of the learning style, and the diversified attributes of 
the evaluation criteria of all the current candidate classroom teaching decisions, which 
this article defines it as the current performance of students’ personalized learning, 
including the current performance of students’ personalized learning ai,td in the case 
of personalized teaching objectives, the current performance of students’ personalized 
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learning in the case of adaptive learning styles ai,rt and the current performance of stu-
dents’ personalized learning in the case of diversified evaluation standards ai,rp.

n group of parameter data and the results of teachers making classroom teaching 
decisions are obtained from historical data when students are faced with n overlapping 
classroom teaching decisions. When the n group of data is substituted into the above 
formula, it can calculate the personalization of teaching objectives, the adaptability of 
learning styles, and the diversification of evaluation standards when making classroom 
teaching decisions for n groups of students with personalized learning needs, that’s, the 
comprehensive value set of the three attributes Ψw={a1,w,a2,w,...,am,w}. Among them, w 
is the three attributes of personalization of teaching objectives, adaptability of learn-
ing styles, and diversification of evaluation standards. Considering that there will be 
a small part of data distortion, this article averages the comprehensive values of each 
attribute obtained from f times overlapping classroom teaching decision-making situa-
tions. It’s assumed that the comprehensive values of personalization of teaching objec-
tives, adaptability of learning styles, and diversification of evaluation standards in the 
i-th overlapping situation are represented by bi,w, respectively, and the average value of 
the comprehensive values of students’ demand for classroom teaching decision-making 
attributes under the historical situation f overlapping is represented by bw, which is 
defined herein as expected performance of personalized learning.

 � �w i w
i

f

f
�

�
�1

1
,  (12)

Substituting the value of the set Ψw into the above formula, it’s possible to obtain the 
expected performance btd of students’ personalized learning in the case of personalized 
teaching objectives, the expected performance brt of personalized learning in the case 
of adaptive learning style and the expected performance brp in the case of diversified 
evaluation standards.

3 Classroom teaching decision-making optimization

Classroom teaching decision-making for students’ personalized learning needs to 
comprehensively consider improving teaching quality, cultivating students’ indepen-
dent learning ability, discovering students’ potential, enhancing students’ participa-
tion, paying attention to students’ emotional development, promoting cooperation and 
communication among students, and adapting to multiple factors such as diversified 
evaluation standards, carry out overall classroom teaching decision-making planning, 
make scientific use of available teaching resources, and rationally organize and arrange 
teaching content to ensure that the classroom teaching effect reaches the expected level. 
Therefore, classroom teaching decision-making for students’ personalized learning 
needs focuses on whether teachers can pay attention to students’ personalized needs, 
reflects respect and satisfaction for students’ differences in teaching decisions, and 
ensures the teaching effect level of each link of the classroom within an acceptable 
range to the greatest extent.
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The multi-objective decision-making model of classroom teaching herein mainly 
realizes three optimization objectives of maximizing the quality of classroom teach-
ing, maximizing the attention of students’ personalized learning needs, and maximiz-
ing students’ dissatisfaction. Based on the determined optimization goal of classroom 
teaching decision-making, three objective functions are set for the classroom teaching 
decision-making model, namely objective function G1: Maximize the overall quality 
of classroom teaching within the duration of classroom teaching; objective function 
G2: Maximize attention to students’ personalized learning needs within the duration 
of classroom teaching; G3: Minimize student dissatisfaction within the duration of 
classroom teaching. In order to facilitate quantitative analysis, this article divides the 
duration of classroom teaching. Figure 2 shows the process of dividing the duration of 
classroom teaching.

Fig. 2. Classroom teaching duration division process 

It’s assumed that the index code of classroom teaching quality is represented by i, 
j, the number of classroom teaching link is represented by l, the degree of personal-
ized learning needs of students is represented by Kl, the weight of the importance of 
teaching link l is represented by ql, and the teaching quality of the classroom in the 
quality status i of the teaching link l is represented by Oli after the optimization of the 
corresponding teaching decision, the duration of classroom teaching is represented by 
P, the p-th period within the duration of classroom teaching is represented by p, the 
proportion of the duration of teaching link at the end of the p-th period in quality state 
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i to the duration of classroom teaching is represented by Sip, the teaching link l at the 
end of the p-th period in the quality state i is implemented to optimize the proportion 
of teaching decisions to the duration of classroom teaching is represented by alip and 
student dissatisfaction in the teaching link in the quality state i is indicated by Di. The 
specific objective function is given by the following formula:

 MaximizeG S a O Kl i p lip li l
ip

P

k

n

1 1
1

10

11
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Assuming that after the teaching environment with the teaching quality state j imple-
ments the optimal teaching decision, the transition probability from state j to state i 
is represented by Plji, the dissatisfaction of students in the entire classroom teaching 
duration is represented by Y, and the fluctuation coefficient of student dissatisfaction is 
represented by x%. The following formula gives the method of calculating the propor-
tion of the duration of teaching link in each teaching quality status at the end of each 
period within the duration of classroom teaching to the duration of classroom teaching.
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The constraints of the model are given by the following formula. The following 
formula constrains the dissatisfaction of students within the duration of classroom 
teaching.

 a S D K Y i plip i p i l
pil

n

�� �
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1

10

1

10

1

,  (18)

The following formula ensures that the fluctuation of student dissatisfaction within 
the duration of classroom teaching remains relatively stable, so that the difference of 
student dissatisfaction in adjacent teaching periods will not be too large.
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The following formula ensures that the proportion of classroom teaching quality in 
each teaching period is 100%.

 S pip
i�
� � � �

1

10

1 1 2 10, ,...,  (20)

For the above optimization model, this article realizes the calculation of the optimal 
solution of the model by minimizing the weighted sum of deviations between the ideal 
solution of the model and the maximum and minimum values of the objective functions 
of G1, G2 and G3. This article first determines the weights of G1, G2 and G3, and then 
constructs the following comprehensive objective function formula:

 MinimizeC
c c

G G
i i i

i ii

�
�� �
�

� �

� ��
�

�

max min1

3

 (21)

The NSGA-II algorithm is used to solve the maximum and minimum values of G1, 
G2 and G3. Figure 3 shows the algorithm flow. Since the calculation results of G1, G2 
and G3 have different orders of magnitude, they need to be standardized. Assuming 
that the weight of the i-th objective determined according to the AHP is represented by 
qi, the minimum and minimum values of the i-th objective function are represented by 
Gi-min and Gi-max and the negative deviation variable and positive deviation variable are 
represented by c–

i and c+
i , the final comprehensive objective function C takes the form of 

a weighted function and is given by the following formula:

 C A c c Gi i i i� � � � �� �
�max  (22)

 C A c c Gi i i i� � � � �� �
�max  (23)

The optimal classroom teaching decision-making programs oriented to students’ 
personalized learning needs can be obtained by solving the above formula. There are 
differences in the optimal classroom teaching decision-making programs calculated by 
different objective function weights.
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Fig. 3. NSGA-II algorithm flowchart

4 Experimental results and analysis

Figure 4 shows that average student satisfaction varies over the number of students. 
It can be seen from the figure that there are certain differences in the change laws of 
the average student satisfaction curves of CART regression algorithm, KNN regres-
sion algorithm and the algorithm of this article. Although the three algorithms fluctuate 
greatly when the number of students is less than 30, the student satisfaction curve of 
the algorithm in this article is higher in the figure than the other two algorithms. When 
the number of students is less than 10, the three attributes of personalization of teaching 
objectives, adaptability of learning styles and diversification of evaluation standards 
have fewer historical sample data, which leads to some uncertainty in the calculation of 
students’ current and expected performance in personalized learning, which is the main 
reason for the fluctuation of student satisfaction values. CART regression algorithm 
and KNN regression algorithm are more about the quality of classroom teaching, so the 
difference in output results is small.
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Fig. 4. Changes in average student 
satisfaction over the number of students

Fig. 5. Change of average student satisfaction 
over the number of simulations

Figure 5 shows the average student satisfaction over the number of simulations. 
It can be seen from the figure that when the number of students is constant, the three 
algorithms are simulated 50 times, and the average satisfaction of each student in 
the algorithm in this chapter is more than 80%, but only 70% and 60% in the other 
two algorithms. In other words, among the three algorithms, the algorithm in this article 
has the highest average student satisfaction. The main reason is that the algorithm in 
this article not only guarantees the quality of classroom teaching, but also meets the 
personalized needs of students and effectively improves student satisfaction. The 
experimental results in Figures 4 and 5 verify that the algorithm in this article can better 
meet the personalized learning needs of students. 

Fig. 6. Attention paid to students’ personalized learning needs in different classes  
of accounting majors

This article involves the attention paid to students’ personalized learning needs in 
different classes of accounting majors, as shown in Figure 6. It can be seen from the 
figure that the classroom teaching decision-making studied in this article focuses on 
students’ personalized learning needs based on learning interest, learning progress, and 
learning style, while considering prior knowledge, cognitive ability, social and emotional 
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needs, etc. For theoretical classes that focus on lectures, in terms of students’ person-
alized learning needs, teachers pay more attention to students’ learning interests, prior 
knowledge, and cognitive abilities, such as Classroom 2, Classroom 3, and Classroom 5 
in the figure. For interactive practical classrooms, teachers pay more attention to students’ 
learning progress, learning style, and social and emotional needs in students’ personal-
ized learning needs, such as Classroom 1, Classroom 2, and Classroom 4 in the figure. 

Based on the actual teaching decision-making experience in accounting major class-
rooms, it constructs an optimization model for teaching decision-making. There are 7 
decision-making indicators in the model, including the diversity of learning methods, the 
personalization of teaching objectives, the richness of learning resources, the adaptability 
of learning styles, the attention to students’ personalized learning needs, and the diver-
sification of evaluation standards. The decision-making indicators are combined with 
reference to the indicator grading standards in Table 2. Classroom teaching content is 
used as the final reference condition of the teaching decision-making program to evaluate 
the applicability of the teaching decision-making program. Through the teaching deci-
sion-making optimization model and the teaching decision-making program table given 
in Table 2, it obtains the alternative teaching decision-making optimization program.

Table 2. Classroom teaching decision-making optimization program table 

Class Nature
Decision 

Optimization 
Program

Diversity of Learning 
Methods

Personalization 
of Teaching 
Objectives

Richness of 
Learning 
Resources

Lecture 1 >=90 <=5 >100
2 >=90 <=5 >100
3 >=90 <8 >100
4 80–90 5–15 <60
5 80–90 5–10 <60

Interaction 6 <=80 >=10 <60
7 <=80 >=10 <60
8 <=80 >=15 <30
9 <=80 >=15 <30
10 <=80 >=15 <30

Class Nature Adaptability of 
Learning Styles

Attention to 
Personalized Learning 

Needs of Students

Diversity of Evaluation 
Criteria

Lecture <=2.3 >40 <5
<=2.3 >40 <5
<=2.3 <=40 <5
>2.3 <=40 >=5
>2.3 <=40 >=5

Interaction >2.3 <=40 >=5
>2.3 <=40 >=5
>2.3 <=40 >=5
>2.3 <=40 >=5
>2.3 <=40 >=5
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This article calculates and analyzes the multi-objective optimization results of class-
room teaching decision-making based on the genetic algorithm geatpy library provided 
by python. The initial population size is set to 100. After 100 iterations, the model 
generates several classroom teaching decision-making optimization programs. Figure 7 
shows the 50 Pareto optimal solutions selected from them. In this article, q1=0.4, q1=0.3 
and q1=0.3 are selected in the simulation example of the accounting classroom, and the 
total score of program 32 is the highest. Therefore, program 32 is used to optimize the 
teaching decision in the classroom.

Fig. 7. Multi-objective optimization results of classroom teaching decision-making

5 Conclusion

This article takes the accounting major in higher vocational colleges as an example, 
and conducts a study on the optimization of classroom teaching decision-making for 
students’ personalized learning needs. It introduces the psychological curve function 
based on expected performance and current performance to measure the satisfaction 
degree of students’ personalized learning needs, and as an evaluation of whether stu-
dents’ personalized learning needs meet expectations, elaborates on the calculation 
method of expected performance and current performance of personalized learning. 
A multi-objective decision-making model for classroom teaching is constructed to 
achieve the three optimization objectives of maximizing the quality of classroom teach-
ing, maximizing the attention of students’ personalized learning needs, and maximizing 
students’ dissatisfaction, and the solution method of the model is given. Combined with 
the experiment, it analyzes the change of average student satisfaction over the number 
of students and the change of average student satisfaction over the number of simula-
tions, which verifies that the algorithm in this article can better meet the personalized 
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learning needs of students. It involves the attention paid to students’ personalized learn-
ing needs in different classes of accounting majors, and gives the corresponding anal-
ysis results. Finally, it develops the classroom teaching decision-making optimization 
program table, and visualizes 50 Pareto optimal solutions, which verifies the effective-
ness of the constructed model.
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