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ABSTRACT

Teachers' educational decision-making behavior is a deep factor affecting the quality of teaching and has a
guiding role in the whole process of teaching activities. In this paper, lagged sequence analysis is used to
focus on comparing the differences in multi-objective educational decision-making behaviors between
backbone teachers and novice teachers. At the same time, a collaborative filtering recommendation
algorithm based on improved cosine similarity combining teacher users and teaching resources is designed
to achieve personalized teaching resources recommendation for teachers. And the personalized teaching
path for teachers was designed by combining the characteristics of teachers' educational decision-making
behaviors. In terms of static decision-making behavior, backbone teachers pay more attention to cognitive
decision-making, while novice teachers pay more attention to procedural decision-making. In terms of
dynamic decision-making behavior, backbone teachers' decision-making strategies are more balanced and
diverse and goal-focused than novice teachers. The personalized teaching path of this paper is much better
than traditional teaching methods in actual teaching experiments, and there is a highly significant
difference between the pre and post-test scores of students in the experimental group using the path
(p=0.000<0.01), and teachers are more satisfied with the accuracy of the resource recommendation and
the teaching effect of the path. The personalized teaching path designed in this paper helps teachers'
educational decision-making in teaching and provides a feasible implementation path for personalized
teaching.

Keywords: educational decision-making behavior, lagged sequence analysis, collaborative filtering
recommendation, cosine similarity, personalized teaching path

1. Introduction

With the rapid development of educational informatization and the accelerated progress of the construction
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of digital campuses in colleges and universities, the field of college education has generated a huge amount
of heterogeneous data, and it is obvious that if the researchers of educational behavioral reforms only make
use of the traditional digital processing and analytical tools, such as Excel, Visio, etc., and use the data
visualization techniques, such as histograms, curve graphs, line graphs, scatter plots, flow charts, and so
on, it is not able to meet the needs completely [1-37. Educational behavioral reform involves student
learning, teacher teaching, educational management and other behavioral reforms. Its purpose is to
improve the efficiency of student learning and the quality of school teaching and management. Teaching
changes and educational management changes are often based on the basic data of student learning
behavior [4-57. With the development of information technology, the use of multi-objective decision
analysis methods for student learning behavior, teacher teaching feedback evaluation, education
management and other areas of the massive amount of data generated by the effective acquisition,
refinement, processing and effective view to the teachers and education and teaching administrators, to
provide effective data for the change of educational behavior, so as to ensure that the starting point of the
educational teaching and management change is correct [6-77].

With the rise and wide application of tools and technologies such as mobile devices, cloud computing,
Internet of Things, web technologies, data mining technologies, learning analytics technologies, etc., data
in the field of education is growing and accumulating at an unprecedented rate. Educational data can help
teaching, learning, and management, but at present, the utilization of data and information resources is
low, and the ability to support management decisions is not satisfactory enough, so it needs to be better
managed, integrated, and utilized [8-107. In recent times, education reform work is increasingly in-depth,
and education data in this process has received more and more attention and concern, more and more
countries have begun to guide schools from the policy level to pay attention to the use of education data,
and based on this to build the corresponding supporting mechanisms, so as to be able to promote the further
development and use of data in the field of education [11-137. China attaches great importance to the
personalized education of students, and has put forward relevant goals and requirements in many education
policies. Relevant documents point out the need to teach students according to their abilities, carry out
personalized teaching to develop the potential and advantages of different students according to their
characteristics and differences, propose the construction of a new type of education system, and point out
that informatization conditions are a typical way to realize differentiated teaching and personalized
learning. At the same time, the strategic task of accelerating educational change in the informationization
era and promoting the realization of the organic combination of scaled education and personalized training
is emphasized [ 14-167. The demand for personalized learning continues to drive the change of the existing
teaching methods, while the traditional educational concepts and methods and approaches have been unable
to meet the increasingly strong personalized needs of students, which is not conducive to their subsequent
learning development. Personalized customized learning for different students' learning characteristics,
personalized teaching is very important, personalized learning under the requirements of this era to
continue to develop [17-187. The application value of data-supported teaching in the classroom is diverse
and huge, and relevant studies have shown that data-supported teaching will collect and analyze learner
data to build a learner knowledge map, which reflects the mastery of different individual students of a
certain knowledge point, as well as the strengths and weaknesses of the learners, which will provide
scientific guidance for teachers in the classroom, so as to achieve the tailored teaching [19-207. It is also
able to formulate personalized teaching goals for learners through pre-test and post-test, and assist
teaching evaluation to achieve scientific assessment of students' classroom learning behaviors [217.
Therefore, using information technology to carry out personalized teaching based on multi-objective
decision analysis method is an effective way to promote students' personalized learning, which is worthy
of further exploration and research [22-237.

In this paper, we first use lagged sequence analysis to compare and analyze the differences in educational
decision-making behaviors between backbone teachers and novice teachers using teachers' classroom
teaching videos as research samples. Then, a hybrid recommendation algorithm combining item-based
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collaborative filtering recommendation algorithm and content-based recommendation algorithm is used to
realize the improvement of cosine similarity computation method in terms of the penalty for popular items
and the penalty for scoring time, so as to realize the personalized recommendation and evaluation of
teaching resources for teachers. Finally, a personalized teaching path combining teachers' educational
decision-making behavior characteristics and teaching resources personalized recommendation algorithm
is designed, and a questionnaire survey is conducted to investigate teachers' satisfaction with the path in
terms of resource recommendation accuracy and teaching eftect satisfaction.

2. Research on the behavior of multi-objective educational decision-making based
on lag sequence analysis

2.1.  Subjects of study

In order to investigate the behavioral patterns of teachers' classroom educational decision-making in
traditional oftline classrooms, 60 teachers in S city were selected for this study and 120 classroom videos
taught by these teachers were used as a sample for the study, with each teacher teaching one new lecture
and one lecture-assessment lesson each, which contained 60 new lectures and 60 lecture-assessment lessons
in total, and each classroom video was about 40 minutes long. The data usage was fully explained to the
school teachers and students. The data were desensitized using anonymous IDs during processing to
ensure the security and protection of private personal information. All data were obtained legitimately
after informed consent of those involved.

2.2.  Research tools

2.2.1.  Artificial Intelligence Classroom Observation System. The automatic annotation of the artificial
intelligence engine mainly relies on the artificial intelligence terminal built in the classroom to carry out
interference-free and accompanying normalized data collection of the teaching process. After the class is
modeled, the researcher collects classroom teaching video information in real time through a multi-view
(teacher/student view) 4K camera, and realizes structured data processing of client video data through the
edge computing module of the Al engine terminal. The Al engine obtains the behavioral feature matrix by
extracting the image, speech and text features in the classroom samples, and calculates the time series
matrix of the classroom educational decision-making behavior through the teacher educational decision-
making behavior prediction model of deep neural network. Among them, the Al engine is able to
automatically identify four types of behaviors in the teacher's classroom educational decision-making
behaviors, such as content decision-making, management decision-making, interaction decision-making,
and technology decision-making, which are coded as A~D. Among them, the content decision-making
behaviors include content teaching (A1), task instruction (A2), content summary (A3), and walk-through
instruction (A4), and the management decision-making behaviors include student behavioral norms (B1)
and student attention arousal (B2), interactive decision-making behaviors include question initiation (C1),
question-answer evaluation (C2), answer guidance (C3), and obtaining feedback (C4), and technological
decision-making behaviors include traditional media use (D1) and digital media use (D2).

When the teacher teaches, the system automatically records the teaching video, adopts a sampling
method with time intervals of every 6 seconds, and records, describes and automatically counts the
teacher's educational decision-making behaviors according to the established classroom educational
decision-making behavior classification framework. The results of the eftectiveness test of the Al classroom
observation system show that the accuracy of classroom educational decision-making behaviors
recognition is greater than 90% after several rounds of image training with large samples and manual
testing.

2.2.2.  Questionnaire measurement:
1) Basic Information Questionnaire. The basic information questionnaire of teachers was used to collect
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the gender, age, professional title, teaching experience, teaching effectiveness and other information of
educators, and with reference to the theory of "five stages of teaching expertise development" (that is, the
types of teachers are divided into novices, skilled novices, competent teachers, professional capable teachers,
and expert types), teachers are defined as novice teachers and backbone teachers (professional capable
teachers) according to their teaching experience and titles. Novice teachers have less than five years of
teaching experience and have not been awarded the title of "Municipal Backbone Teacher". The backbone
teachers have more than five years of teaching experience and have won the title of "Municipal Backbone
Teacher". There are 30 backbone teachers and 30 novice teachers.

2) Questionnaire on Classroom Types. The purpose of investigating classroom types was to explore
teachers' behavioral patterns of classroom educational decision-making in different classroom teaching
types. In this study, classroom teaching types were categorized into new lectures, lecture, assessment,
examination and others using teaching tasks as the criteria for class categorization.

3) Teaching Objectives Questionnaire. The Teaching Objectives Questionnaire consists of five closed-
ended questions that measure objectives in terms of enjoyment, willingness, understanding, interest, and
usefulness. The questionnaire was measured on a five-point Likert-type scale, with 1 representing “very
much not in line” and 5 representing “very much in line” to indicate the respondents' opinions.

2.2.3.  Methods of lagged series analysis. Lagged sequence analysis (LSA) is a method used to assess the
probability of occurrence of sequential behaviors over time, which is able to test the significance of the
resulting learned behaviors, analyze in depth the significance of the probability of occurrence of one
behavior after the generation of another behavior, and thus tap into the pattern of learning behaviors of
the learners [247. In this paper, the lag sequence analysis method is used for the analysis of teachers'
classroom educational decision-making behavior.

The process of lag sequence analysis is shown in Figure 1, which is generally carried out by the five
steps in Figure 1. The lagged sequence analysis method mainly utilizes the GSEQ tool for analysis. In the
GSEQ analysis process, first of all, we need to strictly follow the software format requirements for
behavioral coding, and then enter these codes, and then the system compiled to generate the MDS format
file, to check whether the code is consistent, and then conduct the analysis of behavioral sequences, to get
the coefticient table of behavioral sequences converted, which usually includes the frequency table and the
residual value table, and finally based on the size of the residual value to screen the behavioral sequences
of which the residual value has a significant meaning. Finally, according to the size of the residual value,
the behavioral sequence with significant significance is filtered, and the behavioral transformation diagram

1s drawn.

Drawing a sequence Sequence conversion Expectation table for
frequency conversion > conditional the whole conversion
table probability table process

A 4

\ 4

Creating a sequence CREUED i
g aseq < adjusted residual
conversion chart
value

Fig. 1. Lag sequence analysis process

In the process of lagged sequence analysis, the following two points need to be focused on and
implemented:
1) Before running the lagged sequence analysis, it is necessary to code the behavior of teachers interacting
with the teaching platform, code the educational decision-making behaviors of the teachers based on the
identified coding rules, record the coding results of each teacher according to the chronological order, and
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generate the coding sequence.
2) After running the lagged sequence analysis, it is necessary to go through the results of the run, i.e., the
standardized residual value Z —Score:

Z —score = ?_G
o) .

Where o is the residual, the Z score is used to indicate the significance of the conversion between
two behaviors, when the Z score (standard residual value) is greater than 1.96, it indicates that the
behavioral conversion relationship is statistically significant, and the greater the Z score, the stronger
the significance of the conversion relationship between the two behaviors, i.e., the two behaviors show
continuity when the Z score is greater than 1.96.

2.8.  Research process

This study uses an ordinary classroom classroom as the experimental environment, which is mainly
equipped with teaching resources such as interactive whiteboards and electronic schoolbags. Before the
formal experiment, this study distributed and collected basic information questionnaires, course type
questionnaires and teaching objectives questionnaires. After completing the collection of teachers' teaching
objectives and basic information, this study collected classroom teaching videos and classroom educational
decision-making behavior data using a classroom observation system supported by artificial intelligence
technology. In particular, in order to target the learning behavior patterns of different classroom types,
this study collected daily questionnaires on classroom teaching types from teachers in advance. Finally,
after collecting classroom teaching videos and classroom educational decision-making behavior data, this
study used lagged sequence analysis to compare and analyze the classroom educational decision-making
behaviors of novice teachers and core teachers.

2.4.  Data collection and processing

Python was used to call the data interface of the Al classroom observation system to obtain classroom
educational decision-making behavior data from classroom videos. Based on the completeness check of
classroom videos and the validity check of teachers' educational decision-making behavioral sequence data,
classrooms and data with incomplete classroom instruction and teachers who were too far away or not
recognized successfully were excluded. Meanwhile, in order to assess the educational decision-making
behavior patterns and behavioral differences among different types of teachers, a total of 60 new lectures
and 60 lecture-assessment lessons were screened out, of which there were 30 classroom videos each of new
lectures for novice teachers and 30 classroom videos each of lecture-assessment lessons for core teachers.

2.5.  Findings and Analysis

This study used lagged sequence analysis (LSA) to compare the classroom educational decision-making
behaviors of core and novice teachers from both static and dynamic perspectives. That is, teachers'
educational decision-making behaviors are divided into two categories: static decision-making behaviors
and dynamic decision-making behaviors. Among them, static decision-making behaviors are characterized
by teachers' individual behaviors, while dynamic decision-making behaviors are characterized by the
transfer between different behaviors.

2.5.1.  Differential Analysis of Static Decision Making Behavior. In this study, independent samples t-
test was conducted on 12 educational decision-making behaviors of two types of teachers using SPSS 28.0,
and the results of independent samples t-test are shown in Table 1. Where * indicates p<0.01 and **
indicates p<0.001.

The three static decision-making behaviors of the two types of teachers that occurred more frequently
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(on average per class) were content teaching A1, question initiation C1, and response evaluation C2, while
content summarization A3, learning attention arousal B2, and traditional media use D1 occurred less
frequently. It can be seen that the central objectives of teachers' classroom teaching are clear, and
knowledge teaching and question and answer are still the main ways of teacher-student interactions, while
class summarization, reminding students to pay attention in class to listen and traditional instructional
media use account for a very small portion of the current classroom structure.

In addition, the two types of teachers showed more between-group differences on the given coding
system of decision-making behaviors: except for four educational decision-making behaviors, such as
content teaching A1, walk-through instruction A4, obtaining feedback C4, and digital media use D2, which
were not significantly different, all other behaviors were significantly different. Among them, the
educational decision-making behaviors that were significantly higher for core teachers than for novice
teachers were task instruction A2, content summary A3, learning attention arousal B2, and response
guidance C3, while the educational decision-making behaviors that were significantly lower for core
teachers than for novice teachers were student behavioral norms B1, questioning initiation C1, response
evaluation C2, and traditional media use D1.
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Table 1. Independent sample t test results of static educational decision-making behavior

. . Behavioral ) )
Behavioral categories . Category M T Sig. (2-tailed)
coding system
Novice teacher 34.25
Al -1.842 0.131
Backbone teacher 36.74
Novice teacher 16.3
o A2 -2.964 0.004%*
Content decision- Backbone teacher 19.7
making Novice teacher 2
As -9.518 0.000%***
Backbone teacher 4
Novice teacher 6.98
A4 -1.902 0.064
Backbone teacher 9.79
Novice teacher 9.76
o B1 3.725 0.003%*
Management decision- Backbone teacher 4.58
making Novice teacher 2.14
B2 -3.983 0.000%***
Backbone teacher 3.76
Novice teacher 46.25
C1 7.151 0.000%**
Backbone teacher 35.18
Novice teacher 25.21
) o C2 4.012 0.000%**
Interactive decision- Backbone teacher 16.30
making Novice teacher 7.72
Cs -7.026 0.000%**
Backbone teacher 15.64
Novice teacher 8.57
C4 -1.358 0.197
Backbone teacher 9.45
Novice teacher 9.14
] o D1 3.205 0.004**
Technical decision- Backbone teacher 5.92
making Novice teacher 17.28
D2 0.679 0.547
Backbone teacher 16.05

2.5.2.  Difterential Analysis of Dynamic Decision Making Behavior:
1) Comparison of the Z-score of educational decision-making behavioral sequences of the two types of
teachers. In this study, the lagged sequence analysis tool was used to analyze the differences between the
groups, and combined with the adjusted residual table, the behavioral sequences with significant difterences
were listed, and the Z-score>1.96 indicated that there was a statistically significant difference between the
paths, ie., p<0.05. In this study, we obtained the Z-score scores of the educational decision-making
behavioral sequences of the two types of teachers, which are shown in Table 2. The specific analysis of Z-
score scores in Table 2 is as follows:

(1) Behavioral sequences with significant difterences between the two types of teachers did not differ
significantly in total number, with backbone teachers (31) being slightly higher than novice teachers (28).

(2) Among the 40 behavioral sequences listed, there are 19 (e.g., A1—>A2, A1—>A3, etc.) in which both
types of teachers show significance, and 21 (e.g., “A2—D2” in which only backbone teachers show
significance) in which only one type of teacher shows significance, i.e., the transfer of behavioral sequences
of the two types of teachers in their educational decision-making is less common than individuality. That
is, the commonality of the two types of teachers in the transfer of educational decision-making behavior
sequence is less than the individuality, commonality characterizes the classroom teaching of the two types
of teachers to follow the sequence of behavior transfer law, while the individuality refers to the two types
of teachers in the educational decision-making behavior differences.

(3) The more significant sequences are C1—>C2, C1—>C3, A4—>A4, A3—>A3, A2—>A4, D2—>A1, etc,
which shows that teachers' classroom teaching behaviors are mainly focused on interactive decision-
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Table 2. Educational decision-making behavior sequence Z-score score
Behavioral sequence A1—~A2| A1—~A3| A1—~>C1| A1—C4| A1—D1| A1—>D2| A2—A4| A2—>B1
Novice teacher 11.04 4.67 2.24 5.83 10.16 5.94 13.16 5.04
Backbone teacher 8.56 3.28 6.75 5.29 7.88 4.52 12.31 5.96
Behavioral sequence A2—D2| As—>As| A3—B2| A3—>C1| A3—D2| A4—A4| A4—>B1| A4—>B2
Novice teacher / / 2.14 2.84 / 27.38 2.31 7.63
Backbone teacher 2.68 17.82 5.5 / 4.28 18.24 / 5.12
Behavioral sequence B1—A2| B1—>As B1—B2| B1—C1| Bi1—D2| B2—B1 B2—C4| C1—>C2
Novice teacher 6.02 2,78 5.16 / / 2.83 6.54 27.32
Backbone teacher / / / 2.5 3.95 2.5 / 20.26
Behavioral sequence C1—~>C3| C2—>Al C2—>B1| C2—>C1| Cs3—Al C3—>B2 Cs3—~>Cz2| C4—>Al
Novice teacher 11.04 / 4.04 6.44 2.69 / / /
Backbone teacher 18.46 5.57 / 4.62 7.39 8.58 2.87 7.59
Behavioral sequence C4—>B1 C4—>B2| C4—C1| C4—D2| D1—A1| Di1—B1| D2—A1| D2—>B2
Novice teacher 2.86 3.82 / 2.64 10.28 / 14.27 /
Backbone teacher / 2.04 3.66 / 5.91 3.68 9.55 5.46

2) Comparison of Sequential Transfer of Educational Decision Making Behaviors of Two Types of
Teachers. Also based on the data in Table 2, this paper compares the sequential transfer of educational
decision-making behaviors of the two types of teachers, which is analyzed as follows:

(1) Overall, the most obvious difterence in educational decision-making behaviors between the two types
of teachers is reflected in content decision-making and interactive decision-making. In terms of the
relationship between educational decision-making behaviors, there is no significant transfer sequence
between technical decision-making and interactive decision-making of backbone teachers, and there are
significant transfer sequences between all other behaviors, but there are fewer transfer sequences between
managerial decision-making and interactive decision-making (only B1—>C1, C3—>B2, and C4—B2) and
there is only a unidirectional transfer sequence of content decision-making—managerial decision-making
between content decision-making and managerial decision-making ( A2 —>B1, A3—>B2, A4—>B2). In
contrast, novice teachers did not have significant transfer sequences between technical and managerial
decisions, and there were significant transfer sequences between all other behaviors, but the transfer
sequences between technical and interactive decisions were also only C4—>D2 and C4—>D2, and their
significance was low. This indicates that the most obvious differences in educational decision-making
behaviors between the two types of teachers are reflected in the number of transfers and transfer
significance between content decision-making and interactive decision-making, and backbone teachers are
significantly higher than novice teachers in both aspects.

(2) Backbone teachers' decision-making center of gravity is content decision-making, while novice
teachers show the characteristic of “double center”. The content decision-making of core teachers,
especially the center of gravity of content teaching A1, is the core of all educational decision-making
behaviors, and the number of educational decision-making behaviors initiated and ended by A1 is not much
different. Whereas novice teachers' educational decision-making behaviors initiated by content teaching
Al in content decision-making were much larger than those ended by A1, educational decision-making
behaviors initiated by student behavioral norms C1 in management decision-making were much smaller
than those ended by C1. It can be seen that the making and changing of educational decisions of the
backbone teachers ultimately serve the ultimate goal of teaching and can lead to the development of
decisions in this direction. Novice teachers, on the other hand, will target other means-based decisions such
as classroom management and interaction in the specific teaching process, neglecting the core goal of
content teaching.
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(3) Both types of teachers are more preferred to make decisions about digital media use and novice
teachers are more dependent on digital media. Considering the informatization of the teaching
environment, this study also focused on technology-related educational decision-making behaviors when
studying digital media use behaviors. As can be seen in Table 2, the phenomenon of interactions (mutual
transfer) between content decisions and technology decisions occurs in both types of teachers, and the
transfer sequences of backbone teachers are more frequent, while novice teachers are less frequent (A1—>
D1, D1—~A1, A1—~Dg2, A1—>D2), but their significance is stronger, which indicates that novice teachers
have a stronger dependence on technology than backbone teachers, and that, compared to traditional media
technologies, novice teachers are more dependent on digital media technology.

(4) Among the four types of educational decision-making behaviors, there were two transfers between
the same decision-making behaviors (i.e., “self-transfers”) for core teachers and only one for novice teachers.
Two behaviors in content decision-making, content summary A3 and tour guide A4, were characterized as
“self-transferring” for core teachers, while only A4 was characterized as “self-transferring” for novice
teachers. In addition, both self-transfer behaviors of the core teachers would shift toward the management
behavior of student attention arousal B2, indicating that the teachers would remind the students to pay
attention to the lecture when summarizing and making rounds. In contrast, novice teachers' self-transfer
behaviors would shift toward B2 in addition to B1, a student behavioral norm, indicating that novice
teachers are very concerned about controlling classroom discipline.

3. Recommendation of personalized teaching resources based on behavioral analysis
of educational decision-making

In order to help two groups of teachers, novice teachers and backbone teachers, to better carry out their
teaching practice, this paper constructs a hybrid recommendation algorithm based on user ratings and
teaching resource labels, which combines the decision-making behavior characteristics of the two groups
of teachers obtained from the analysis of educational decision-making behaviors, and carries out
personalized recommendation of teaching resources, so as to realize personalized teaching with the
characteristics of the teachers themselves.

3.1.  Selection of Recommendation Algorithms for Teaching Resources

3.1.1.  Problems with Recommendation Algorithms for Teaching Resources. Cold start is divided into
user cold start and item cold start. A new user just enters the system without any operation such as rating
and browsing the item, it is difficult for the system to analyze the user's preference, so it is more difficult
to recommend. And new items do not have any operations such as browsing and rating of the item by the
user, so the chance of being recommended to the user is greatly reduced.

The long tail problem is to solve the problem of recommending to the user the items that the user
personally likes i.e. personalized recommendation rather than the popular items. The long tail theory
suggests that under the conditions of the Internet, one should not focus only on the head 20% of popular
items, but should focus on the tail 80% of items. Most users will be interested in popular items, while some
users also have their own unique personalized long-tail item needs, recommendation algorithms can
discover user preferences and accurately recommend personalized items to users.

3.1.2. Recommendation algorithm selection for this project. The content-based recommendation
algorithm performs feature extraction based on the tags filled in during user registration and teaching
resource release, so it can effectively solve the item and user cold-start problem. The item-based
collaborative filtering recommendation algorithm recommends courses of interest to each other according
to the users who have operations on the same teaching resources, which has strong personalized
recommendation capability and solves the long-tail problem.

Through the above analysis of algorithms and problems, this system combines the item-based
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collaborative filtering recommendation algorithm and the content-based recommendation algorithm as a
hybrid recommendation algorithm to personalize teaching resources recommendation for teachers [257.

In addition to distinguish between hybrid personalized teaching resources recommendation and non-
personalized teaching resources recommendation, personalized teaching resources recommendation
through the above hybrid calculation of the recommended results returned to the home page teaching
resources selection area, non-personalized teaching resources recommendation through the statistics of the
number of people who download teaching resources to determine the popular teaching resources returned
to the home page rotating map area.

3.2.  Similarity model improvement based on user ratings

The core of item-based collaborative filtering algorithm is the calculation of similarity between items, so
it is crucial for the optimization of similarity calculation, in this paper, we optimize the similarity from two
aspects, the penalty for popular items and the penalty for scoring time.

The similarity between items is commonly used to calculate the cosine similarity 267, the calculation
formula is shown in equation (2):

Z r-ui r-uj

ueUU

S = 2
SN ©

UEUU ueUn

Where Sij is the cosine similarity of item i and item J, r; and I are the real ratings of user U

foritem i anditem J,and Uj is the set of users who have ratings for item i anditem J.

Personalized recommendation emphasizes the personalized needs of users, so for active users, their
contribution to the similarity of item ratings should be reduced, and the weight of ratings of inactive users
should be increased so as to strengthen personalized and accurate recommendation, and the calculation
formula is shown in Equation (3):

1
rr. ——
s _UGZU‘: " log (1+|N,|)
N DN v

ueU;; ueU;;

Where Sij_h is the cosine similarity of item i and item ] after reducing the effect of abnormally

active items on similarity, and N, represents the set of items that user U has rated.

There are also time constraints in making recommendations to users, the items that users were
interested in a long time ago are to a large extent less interested or not interested at all now, so time decay
penalties should be given to the courses that have a long time interval between users' browsing. The
optimized formula is shown in equation (4), which upgrades the formula for cosine similarity to optimize
the time penalty given to users for rating items in different time intervals:

S 1

= v 1+3 t;, _tju (4*)

Sij—f Z rz* Z I"z
ui uj

uelj uelj

Where Sij_f is the cosine similarity of item | and item ] after penalizing the user's rating time, and
t, and tju are the rating times of item 1 and J by user U.

Combining the above two optimization methods for cosine similarity can reduce the contribution of
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active users' ratings and also punish the time decay of users' ratings for items at different time periods,
which corrects the computation of similarity of items and improves the recommendation accuracy, and the
combined similarity formula is shown in Eq. (5):

2*(log(1+|N, )

z rui IFuj 1 )
T Mt (5)
ij—mix
DI AP I

ueUj; ueUj

Sij_mix is the corrected cosine similarity of item i and item J.

3.8.  Experimentation and Analysis

The personalized recommendation algorithm for teaching resources in this paper improves the traditional
similarity calculation model by incorporating the dual optimization of user activity penalty and teaching
resource rating time penalty. In order to verity the eftectiveness of this improved strategy for collaborative
filtering recommendation algorithm, four experiments are designed, and these four experiments are
conducted on the same training set and test set.

Experiment 1: The traditional user-based rating similarity is modified in the improved collaborative
filtering recommendation algorithm. In order to verify the effect of three kinds of similarity, namely,
modified cosine similarity, traditional cosine similarity and Pearson correlation coefficient, and also to
confirm the influence of the size of the nearest neighbor users on the recommendation algorithm, the
experiments are conducted by using the collaborative filtering recommendation algorithm based on the
users, and the mean absolute error (MAE) values of the algorithms are compared in the same condition of
external conditions. The step size of the number of nearest neighbors is set to 10, and the interval is [ 10,
607]. The comparison results of the three similarity calculation methods are shown in Fig. 2.

From Fig. 2, it can be concluded that at the beginning the MAE values of all three similarity calculation
methods decrease with the increase of the number of near neighbors and the change is more obvious, which
indicates that as the size of the number of neighbors increases, it improves the recommendation accuracy
of the algorithm. But after the number of neighbors reaches a certain level MAE tends to level off, even
the MAE value of the cosine similarity based algorithm has a tendency to increase, which indicates that
the number of neighboring users has a certain impact on the quality of recommendations. Overall the
modified cosine similarity calculation method is better than the other two methods and the MAE value
tends to converge when the number of immediate neighbors is 40, and at this time, the MAE value is
0.7861, which can achieve a better recommendation effect.
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Fig. 2. Comparison of three similarity calculations

Experiment 2: In the recommendation model based on rating and teaching resource attribute preference,
@ is needed to adjust the weights based on the similarity of ratings and the similarity of teaching resource
attribute preference, and the value of @ has a large impact on the recommendation accuracy of the
algorithm, so its value needs to be adjusted in several experiments. According to the value interval [0,17]
of @, @ istaken sequentially from O to 1 at 0.1 intervals in the experiments, and the effects of the results
of these 11 experiments on the recommendation performance are observed and recorded. The results of
the experiments on the effect of weight @ on recommendation accuracy are shown in Fig. 3.

As can be seen from Fig. 3, when @=0.4 the MAE achieves the minimum value of 0.79, at which time
the algorithm has the best recommendation accuracy, so in the following experiments, weight @ is set to
a constant value of 0.4«
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Fig. 3. Influence of weight w on recommendation accuracy

Experiment 3: In order to test the effectiveness of the algorithm, the rest of the cases are exactly the
same, it is compared with the traditional collaborative filtering algorithm (TCF) and the collaborative
filtering algorithm based on pre-population of the mean of the resource scores (CFBRF), and their average
absolute error values are compared. In the experiment, the number of nearest neighbor users is set to [ 10,
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407 and the interval is 5. The comparison results of the recommendation algorithms are shown in Fig. .

As can be seen from Fig. 4, the MAE obtained by the three algorithms decreases with the increase of the
number of nearest neighbors, and the change is large at the beginning, and then it tends to level off at the
end. Selecting different numbers of nearest neighbors, the algorithms proposed in this paper outperform
the traditional collaborative filtering algorithms and the collaborative filtering algorithms based on the
pre-populated resource score mean, and are able to further reduce the MAE value. This indicates that the
collaborative filtering recommendation algorithm proposed in this paper can better overcome the
drawbacks of traditional algorithms and improve the recommendation accuracy.
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Fig. 4. Comparison of several recommendation algorithms

Experiment 4: For the new user problem experiment, some users are randomly selected, the number of
users is from 10 to 60, and the step size is 10. All the ratings of these users are removed, and then the
algorithm is utilized to predict the user's ratings of the teaching resources, and compared with the actual
ratings. In order to verify the eftectiveness of recommendation for new users, the results of the experiments
are compared with the plurality and average methods are shown in Fig. 5.

From Fig. 5, it can be seen that the algorithm adopted in this paper is more effective than both the
average method and the multinomial method, which alleviates the problem of users' cold start and improves
the recommendation accuracy of the algorithm.
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Fig. 5. Comparison of several user cold start algorithms
4. Analysis of results of pedagogical applications

In order to verify the application effect of this paper's personalized teaching path that combines the
characteristics of teachers' group educational decision-making behavior and the teaching resource
recommendation model in teaching practice, this study designed a teaching control experiment using the
English classroom teaching in Middle School H as the experimental object. The experimental group uses
the personalized teaching path of this paper, and the control group uses the traditional teaching method,
and the teaching ability of teachers in the experimental group and the control group is at the same level.

After 8 weeks of teaching practice activities in the experimental group and the control group, this study
analyzes the collected data and questionnaire data to test the application eftect of the personalized teaching
path for promoting students' personalized learning, which is mainly divided into two aspects: learning
achievement and student satisfaction. And SPSS28.0 was used to statistically analyze the relevant data and
questionnaire results.

4.1.  Analysis of teaching effectiveness

In order to ensure the validity of the evaluation and exclude the interference of other factors, before
carrying out this teaching activity, SPSS28.0 was firstly used to conduct the pre-test test on the two groups
of students to compare the initial ability level of the two groups of students. The t-test was conducted to
ensure the validity of the evaluation of students' learning achievement by analyzing the results of the pre-
test scores of students in the experimental group and the control group, and accordingly to know the level
of students' knowledge and ability. The results of the analysis of the pre-test scores are shown in Table 3.

As can be seen from the results of the analysis of the pre-test scores, the Sig. value of the t-test is 0.654,
which is much larger than 0.05, indicating that the difference between the initial ability level of these two
groups of students is not significant, and it does not affect the development of the teaching application and
post-test analysis.
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Table 3. Analysis of pre-test results of experimental group and control group

Group N Mean Standard deviation Standard error Sig. (2-tailed)
Control group 45 77.12 2.412 0.347
- 0.654
Experimental group 45 77.45 2.627 0.338

The teaching activities were carried out in six rounds, and after each round of teaching activities,
students carried out post-tests to record the learning achievements of the two groups of students and
compare the differences in the scores of the results of the learning achievements of the two groups in detail,
and the results of the analysis of the results of the post-tests of the experimental group and the control
group are shown in Table 4.

In post-test score 1, there is no significant difference between the experimental group and the control
group. The reason is that teachers in the experimental group were not adapted to this teaching method for
the first time. In posttest score 2, the difference between the control group (mean=77.08) and the
experimental group (mean=82.04) began to appear, and the advantages of the experimental group's
teaching method began to stand out, but the difference was still not significant. In posttest scores 3-6,
significant differences gradually appeared between the experimental and control groups' posttest scores,
and the experimental group's posttest scores were significantly higher than those of the control group. The
reason is that teachers in the experimental group were provided with personalized teaching resources
prepared according to the characteristics of their educational decision-making behaviors and the actual
needs of teaching, and teachers possessed optional teaching paths suitable for themselves, which
personalized the teaching process of teachers and improved their teaching efficiency, which in turn
improved the eftectiveness of teaching, which was specifically reflected in the improvement of students'
performance. In contrast, the control group is still in the traditional classroom teaching mode, teaching
personalization is not strong, and thus the teaching effectiveness is not obvious. From the above analysis,
it can be seen that the personalized teaching path designed in this paper can be personalized according to
the actual teaching needs of teachers and the characteristics of their educational decision-making behaviors,
so as to recommend teaching resources, thus achieving the purpose of improving the effectiveness of
teaching that is, the students' academic performance.

Table 4. Analysis of post-test results of experimental group and control group

Serial number Group N| Mean Standard deviation Standard error Sig. (2-tailed)
Control group 45| 7791 2.345 0.345
Post test score 1 - 0.384
Experimental group 45 77.36 1.978 0.393
Control group 45|  77.08 1.986 0.265
Post test score 2 - 0.044
Experimental group 45 82.04 1.432 0.34
Control group 45|  80.72 2.332 0.294
Post test score 3 - 0.000
Experimental group 45 86.07 2.001 0.373
Post test score 4 Control group 45| 81.82 1.94 0.224
0.000
Experimental group 45|  89.46 1.73 0.295
Post test score 5 Control group 45| 8571 1.265 0.246
0.000
Experimental group 45|  91.54 1.287 0.157
Post test score 6 Control group 45| 86.95 1.342 0.251
0.000
Experimental group 45 94.1 1.13 0.191

4.2.  Satisfaction analysis

In order to further assess the feasibility of this paper's personalized teaching path in teaching applications,
a satisfaction survey was conducted on teachers using this paper's path. A total of 40 questionnaires were
distributed, and the valid questionnaires were 37, with an effective rate of 92.5%. The questionnaire was
designed with 10 items on a five-level Likert scale for the accuracy of teaching resource recommendation
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and satisfaction with teaching effectiveness, each of which contained 5 items, and each question
nn nn

corresponded to five options: "strongly agree", "agree", "general", "disagree" and "strongly disagree", and
teachers answered the questionnaire objectively according to their actual teaching experience.

4.2.1.  Accuracy of resource recommendations. The results of the satisfaction survey of the teaching
application of personalized teaching path on the “accuracy of resource recommendation” are shown in Table
5. Items 1 and 5 have the highest mean values of 0.82 and 0.79 respectively, indicating that the personalized
teaching resources recommendation model can push teaching resources at the right time, and teachers are
more satisfied with the teaching resources recommendation method and are willing to continue to use the
recommended teaching resources. The mean value of item 2 is lower, only 4.41, indicating that the teaching
resources recommended by the model in this paper need to be further improved in the aspect of meeting
teachers' teaching needs, so that the teaching resources can better meet teachers' personalized teaching
needs. The mean values of items 8 and 4 are also higher, respectively 4.54 and 4.65, indicating that the
teaching resources recommended by this paper's model to teachers are in line with the characteristics of
teachers' educational decision-making behaviors, matching the results of the analysis of educational
decision-making behaviors, and that compared with the traditional teaching methods, teachers prefer the
resource recommendation methods of personalized teaching paths.

Table 5. Satisfaction survey of resource recommendation accuracy

Serial Standard
[tem Mean o
number deviation
1 The system can push teaching resources timely. 4.82 0.501
The teaching resources recommended by the system can meet my teaching
2 d 4.41 0.614
needs.

The teaching resources recommended by the system match education decision-
3 4,54 0.593
making behavior characteristics.

I prefer this kind of resource recommendation to the traditional way of
4 , 4.65 0.724
teaching.

I am willing to continue to choose the teaching resources recommended by this
5 . _ 4.79 0.659
personalized teaching path.

Mean value 4.64 0.618

4.2.2.  Satisfaction with teaching effectiveness. The survey analysis of the teaching effect satisfaction of
the personalized teaching path proposed in this paper in the whole teaching application is shown in Table
6.

In Table 6, items 5 and 1 have the highest mean values (4.62 and 4.53, respectively), indicating that
teachers are more satistied with the teaching methods under the personalized teaching path and look
forward to continuing to use the teaching path, while teachers' use of the personalized teaching path
teedback can improve the efficiency of teachers' teaching. The mean values of items 4 and 2 (4.51 and 4.40,
respectively) were second only to the mean values of items questions 5 and 1, indicating that teachers
preferred this personalized instructional path to the traditional teaching method and were satisfied with
the instructional design in the teaching application. Item 3 has the lowest mean value of 4.04, indicating
that this personalized teaching path still needs further improvement in meeting teachers' individualized
teaching needs. After detailed analysis of the five items of teaching effect satisfaction, it can be seen that
teachers are highly satisfied with the teaching eftect of this teaching application.

Table 6. Teaching effect satisfaction survey
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Serial Standard
[tem Mean o
number deviation
1 The personalized teaching path improves my teaching efficiency. 4.53 0.746
2 I am satisfied with the teaching design of the personalized teaching path. 4.40 0.593
3 The personalized teaching path meets my individual needs 4.04 0.987

Compared with traditional teaching methods, I prefer this personalized
4 _ 4.51 0.658
teaching path.

I expect to continue to use this personalized teaching path in my future
5 _ 4.62 0.495
teaching.

Mean value 4.42 0.696

From the data analysis of the results of the satisfaction survey in the above two aspects, it can be seen
that the personalized teaching path designed in this paper can accurately judge the behavioral
characteristics of teachers' educational decision-making and recommend teaching resources suitable for the
teaching needs to teachers, so that teachers can obtain personalized teaching resource recommendations
during the teaching process, which improves their teaching efficiency and teaching enthusiasm. Teachers
have high satisfaction with the teaching application of the personalized teaching path and expect to
continue to use the teaching path in their future teaching. At the same time, the analysis results show that
the personalized teaching path still has some deficiencies in meeting the teachers' personalized teaching
needs, and it still needs to further improve the analysis of the characteristics of the teachers' educational
decision-making behavior and the accuracy of the teaching resources recommendation.

5. Conclusion

In this paper, the characteristics of teachers' educational decision-making behaviors were analyzed based
on lag sequence analysis. And a hybrid recommendation algorithm of teaching resources based on preview
similarity improvement is designed, and the two are combined to design a personalized teaching path for
teachers and students.

In terms of static decision-making behaviors, backbone teachers pay more attention to cognitive
decision-making, and the frequency of educational decision-making behaviors such as task instruction,
content summary, learning attention arousal, and answer guidance is significantly higher than that of
novice teachers. Novice teachers, on the other hand, were more concerned with procedural decision making
and preferred educational decision making behaviors such as student behavioral norms, question initiation,
response evaluation, and use of traditional media to those of core teachers. In terms of dynamic decision-
making behaviors, the most obvious difterences in educational decision-making behaviors between the two
types of teachers were reflected in the number of transfers and the significance of transfers between content
and interactive decisions, which were significantly higher for backbone teachers than for novice teachers,
and backbone teachers were more concerned with instructional goals compared to novice teachers, whereas
novice teachers had a stronger dependence on technology.

The modified cosine similarity calculation method in this paper has a smaller MAE value than the
traditional cosine similarity and Pearson correlation coefticient calculation method under the same external
conditions, ie., the recommendation eftect is better. Meanwhile, comparing the traditional collaborative
filtering algorithm (TCF) and the collaborative filtering algorithm based on resource score mean pre-
population (CFBRF), its MAE value is also smaller, and the recommendation effect is better. And compared
to the mean and the plurality methods, this paper's recommendation algorithm can better alleviate the new
user cold start problem.

In terms of resource recommendation, teachers using the personalized teaching path of this paper have
higher satisfaction with the teaching resource recommendation method, indicating that the teaching
resources recommended to teachers by the model of this paper are in line with the characteristics of
teachers' educational decision-making behaviors and match the results of the analysis of educational
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decision-making behaviors, and that teachers prefer the resource recommendation method of the
personalized teaching path to the traditional teaching method. In terms of teaching eftect, teachers are
more satisfied with the teaching method under the personalized teaching path, and feedback that the path
can improve teaching efficiency. Compared with traditional teaching methods, teachers preferred the
personalized teaching path and were more satisfied with the instructional design and teaching effects in
the teaching application.
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