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Abstract: Under the background of new engineering, the integration of theory and practice in the
blended‑teaching environment has become the mainstream teaching mode amid science and en‑
gineering curriculum reform. Data analysis technology is used to study process evaluation based
on the integration of theory and practice in the blended‑teaching environment, and a reference for
the innovation of process evaluation is provided. This paper makes four key contributions to the
blended‑teaching environment. The K‑means algorithm is used to cluster students into five groups
(“serious learners”, “active learners”, “self‑directed learners”, “cooperative learners”, and “students
with learning difficulties”), according to the results of the students’ process evaluation in the course,
integrating theory and practice. The Apriori algorithm and C5.0 model are used to find the key indi‑
catorswhich affected students’ learning performance. They are: classroomperformance, assignment
submission, classroom testing, problem solving, and online learning. These indicators are used to
predict the final learning outcome of students. The Bayesian networkmodel is used to find that there
is a strong correlation between learning participation and assignment submission, unit assessment
and classroom testing, and classroom performance andwork presentation. Data analysis technology
is creatively used to strengthen process evaluation. Teaching and learning are promoted by evalu‑
ation, so that the true meaning of process evaluation can be revealed. This lays a theoretical and
practical foundation for process evaluation, to impact the predominant situation of outcome evalua‑
tion and promote the sustainable development of education evaluation.

Keywords: process evaluation; blended teaching; evaluation indicators; data analysis; association
relation

1. Introduction
The occurrence of the western industrial revolution gave birth to distance

education [1]. According to the different ways and means of information transmission,
the development of distance education can be divided into three stages. These are: corre‑
spondence learning, teleconferencing and e‑learning [2]. The rapid development of online
learning has brought new hope to the educational community, and it can not only actively
enrich teaching theory and learning theory, but also have a positive impact on the creation
of new teaching practice. Moreover, it has triggered an upsurge in “online learning”. Since
the 1990s, with the rapid development of e‑learning, new educational concepts and ideas
have emerged, and people have gradually found many problems in the development and
practice of e‑learning. For example, teachers’ training costs are high, and it is difficult to
overcome the technology gap, the sense of isolation in the online learning process, and
isolation from society [3]. This shows that online education cannot completely replace the
traditional face‑to‑face learningmethod [4]. The 2001 report of American Society for Train‑
ing & Development shows that 80% of enterprise training still uses traditional classroom
teaching, and the development of e‑Learning is not ideal. With this report as an indicator,
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e‑learning has gradually entered a low tide, and people have begun to reflect on learn‑
ing in the technological environment [5]. This shows that traditional classroom teaching
and e‑learning have their own merits and demerits, and can complement each other to a
certain extent, which creates the conditions for the emergence of blended learning. The
concept and idea of blended learning originated from enterprise training. In order to save
costs, self‑study manuals, videos and web‑based training courses, in recent years, have
been used to train employees. With the rapid development of educational informationiza‑
tion, blended teaching has been the focus of extensive research in the field of teaching. In
2002, Smith J and Albert Marcier combined the pure technical environment of e‑learning
with the traditional learning concept, and proposed the concept of blended learning [6].
The Sloan Alliance believes that “Blended Teaching is a combination of two independent
teaching modes, face‑to‑face teaching and online teaching” [7]. In 2009, the United States
Department of Education conducted a meta‑analysis of empirical research data in higher
education from 1996 to 2008, and found that blended learning is themost effective learning
method compared with simple classroom face‑to‑face teaching and simple distance online
learning [8]. In the past two decades, with the rapid development of educational infor‑
mation construction and teaching reform, blended learning has increasingly become an
important form of teaching and learning. The idea of blended education characterized by
blended learning has gradually prevailed, and research results in this field have emerged.

Blended teaching is being applied more and more widely, and its teaching evalua‑
tion has gradually become an urgent problem to be solved. Blended teaching is differ‑
ent from traditional teaching. Therefore, the traditional evaluation method cannot truly
and effectively reflect the learning effect of students under the blended‑teaching mode.
However, the current research on blended teaching focuses on the exploration and appli‑
cation of the teaching mode, with specific teaching‑evaluation research lacking. Advocacy
for educational evaluation reform is becoming stronger. How to break the dominance of
the original outcome evaluation has become the primary premise of current educational‑
evaluation reform. In 2020, the Central Committee of the Communist Party of China and
the State Council issued the “Overall Plan for Deepening the Reform of Educational Eval‑
uation in the New Era”. The point “reversing the unscientific orientation of educational
evaluation” is emphasized. The “Five Ways of Educational Evaluation (only scores, only
further studies, only diplomas, only papers, only hats)” phenomenon is expected to be
eliminated. The four aspects of evaluation reform, namely, “improving result evaluation,
strengthening process evaluation, exploring value‑added evaluation, and improving com‑
prehensive evaluation”, are also expected. In addition, the plan promotes the return of
education to the standard of “cultivating morality and cultivating people” [9]. With the in‑
troduction of quality education, more scholars have begun to pay attention to the learning
process, and the core orientation of educational evaluation reform has turned to the idea
of process evaluation. In the existing research, most of the teachers judge the students’
learning process through subjective experience or self‑made scales, which cannot guaran‑
tee scientificity nor comprehensiveness. Moreover, a single type of curriculum has mostly
been evaluated, while research and exploration on the process evaluation of the currently
popular blended teaching are lacking.

Based on the above discussion, process evaluation is applied to a curriculum based
on the integration of theory and practice in a blended‑teaching environment. Data analy‑
sis technology (the K‑means algorithm, Apriori algorithm, Bayesian network model, and
C5.0 model) is used to evaluate and explore the factors that affect the process‑evaluation
results. The following objectives are formulated: (1) Find out the learning‑performance
characteristics of students and the key indicators that affect the learning effect. (2) Mine
the correlation between students’ learning activities. (3) Based on the process evaluation,
explore the development of future academic achievements. In order to achieve these goals,
this project focuses on the following issues:
(1) Under the same course content and evaluation method, do students’ learning perfor‑

mances have the same characteristics?
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(2) In process evaluation, which indicators have the greatest impact on students’
learning effect?

(3) Are students’ learning activities affected by each other?
(4) Can the development of students’ future performance be predicted?

The characteristics of blended teaching and process evaluation are comprehensively
considered in this study. Process evaluation is applied to blended teaching, multiple data
mining techniques are used to analyze the evaluation results, and the influencing factors
are discussed in detail. This has significant guiding significance for the theoretical research
and practical operation of blended‑teaching process evaluation.

The rest of the paper is organized as follows. Firstly, the background and signifi‑
cance of process evaluation are analyzed, and the current problems and research objectives
are pointed out. Secondly, the theoretical background of process evaluation and blended‑
teaching evaluation are expounded upon, and the evaluation indicators used in the re‑
search process are simply explained. Then, the methods and processes used are described.
In addition, the research results are analyzed and discussed. In the end, the conclusions,
limitations and further research of this study are described.

2. Theoretical Framework
2.1. Process Evaluation

Process evaluation is evaluation that considers the students’ learning process, learn‑
ing methods, and learning results at the same time, which can comprehensively examine
the students’ learning status [10]. Under the background of educational evaluation reform
in the United States, curriculum reform has become student‑centered. Some scholars have
begun to pay attention to new evaluationmethods such as portfolio assessment and perfor‑
mance assessment, which emphasize the evaluation of the entire learning process in real
situations [11]. The academic community has a positive attitude toward the concept of
process evaluation and has carried out a series of theoretical discussions and experimental
demonstrations. These consider, for example, the design of plans to implement process
evaluation at each educational stage, as well as students’ behavioral changes, learning out‑
comes, learning engagement, and self‑efficacy. In recent years, with the rapid development
of information and communication technologies, such as the Internet of Things, cloud com‑
puting and big data, digital tools have been used to promote process‑evaluation research,
which has gradually become a research hotspot. Some studies have promoted the explo‑
ration of students’ learning processes based on process evaluation using advanced infor‑
mation technology. For example, deep‑learning frameworks and clustering methods have
been introduced to improve the effectiveness of computerized process evaluation in pro‑
moting student learning [12]. Moodle quizzes have been confirmed to support students’
continuous participation in learning [13]. Several studies have demonstrated that process
assessment improves learning outcomes. For example, the blackboard report process eval‑
uation in a blended learning environment was found to improve the final score of medical
students [14]. Online formative‑assessment tools have been verified as improving the mo‑
tivation and achievements of university science‑education students [15]. There have also
been some studies using process evaluation based on advanced information technology
to solve some of the current problems in educational evaluation. For example, “video‑
augmented analytics rules” were leveraged to facilitate training and process evaluation
that could support complex skills [16]. Process evaluation was used to address the dif‑
ficulty of evaluating the effectiveness, efficiency, and usability of web‑based experiential
role‑playing aging simulations [17]. However, there are still some problems in the current
research. Process evaluation is only aimed at specific courses or specific learning activi‑
ties. It not only lacks a scientific, reasonable and universal indicator system and scheme,
but also lacks theoretical discussion and practical verification using modern information
technology. In addition, most of the studies about process evaluation focus on traditional
courses or online learning, and research of the online and offline blended‑teaching mode
is lacking.



Sustainability 2023, 15, 4075 4 of 19

2.2. Blended‑Teaching Evaluation
Blended teaching means that in the teaching of a specific course, a certain type of

teaching element is presented in one or various forms, which may be various modes, flexi‑
ble methods or an easy design. Moreover, with the rapid development of modern informa‑
tion technology, blended teaching also provides a variety of implementation approaches,
which makes it important to promoting curriculum reform and innovative development.
The current blended teaching mainly refers to a teaching mode that combines online and
offline teaching [7]. The scope of research on blended‑teaching applications is expanding,
and evaluation has become an urgent problem to be solved in academic research. Through
studying the literature, it has been found that the research on blended‑teaching evaluation
mainly focuses on two aspects. First, the exploration of methods and strategies. Second,
the construction and application of an evaluation index system. In terms of evaluation
methods and strategies, the guiding principles and feasibility evaluation methods of col‑
lege students’ academic evaluation were proposed [18], which clarified the reform ideas
under the blended‑teachingmode. The combination of online and offline curriculum teach‑
ing and evaluation methods has emerged [19], and promoted the diversification of teach‑
ing forms and the accuracy of evaluation. Action research and other research methods
were used to construct the process of the peer review of composition based on “view‑
point” [20]. In terms of the design of the evaluation index system, a comprehensive eval‑
uation index system to ensure the quality of blended‑teaching courses has been proposed,
which includes teaching process, teaching subject, teaching approach and teaching sup‑
port (platform) [21]. The structural framework of learning‑effectiveness evaluation in the
three stages of “pre class, in class and after class” of blended teaching was constructed [22].
The blended‑teaching quality evaluation process model, indicator system and methods
based on curriculum construction, teaching implementation and teaching effect evalua‑
tion were proposed and trialed [23]. These studies enrich blended‑teaching quality evalua‑
tion. Moreover, the selection of the principles, methods and strategies of blended‑teaching
evaluation reflects the characteristics and differences in disciplines and specialties. Their
common point is that they are student‑centered and aim to improve students’ learning ef‑
fectiveness. The evaluation of blended teaching can be flexibly designed according to the
characteristics of courses and majors. However, its main assessment method is still based
on the final test, which is evaluated by teachers. The evaluation subject is relatively nar‑
row and subjective, and the online and offline teaching evaluations are separated; there
is a lack of advanced evaluation means. The future research direction can start from the
perspectives of teaching evaluation objects and subjects. The connection and mutual bene‑
fit could be strengthened for the integration of online and offline teaching evaluation. For
instance, a more scientific and feasible evaluation index system will be built, and modern
information technology will be exploited to enrich method research.

2.3. Blended‑Teaching Process Evaluation
With regard to the application of process evaluation in the blended‑teaching mode,

there is not much research in the academic circle at present. Most of the research explores
the implementation strategies and programs of process evaluation in traditional courses
from the perspective of curriculum theory. The research on the application of process eval‑
uation in the field of blended‑teaching evaluation is extremely scarce. Only a few scholars
have conducted decentralized research on their curriculummajors according to their own
research needs. The implementation ideas and application cases of process evaluation in
the blended‑teaching mode have been discussed in a personalized way. A relatively in‑
depth and systematic theoretical research and practical application study has not yet been
formed. The influence of the formative evaluation of blackboard newspapers on the final
score of medical students under the blended learning environment was discussed [14]. In
addition, the cognition of medical students of the influence and effect of this evaluation
was verified. The application strategy of process assessment in blended college English
teaching was discussed [24]. However, the specific practical application was not defined.
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Some scholars implemented process evaluation through the pre‑class, in‑class and after‑
class links of “industrial robot technology and application” classroom teaching [25]. In
addition, they found that process evaluation can effectively improve students’ learning ef‑
fect and interest. An evaluation system in which teachers and students jointly develop
the evaluation subject was built [26]. The problem of “evaluation” and “teaching” be‑
ing out of sync is solved in the blended‑teaching model. In addition, the reference and
ideas provided encourage the curriculum teaching reform and talent training objectives of
application‑oriented undergraduate colleges. Some scholars formed a teaching evaluation
system based on process evaluationwhen studying the blended‑teachingmodel of discrete
mathematics guided by computational thinking [27]. This provides a case reference for the
teaching evaluation of the blended‑teaching model guided by the cultivation of computa‑
tional thinking. However, the process evaluation was not summarized systematically and
thoroughly. At present, relevant researchers have carried out program design and practi‑
cal research on process evaluation based on teaching and learning activities. In addition,
some of them discussed the impact of process evaluation on teaching and learning effects.
However, there are still some problems. In this study, two prominent issues are selected
for research:
1. The current research lacks the theoretical discussion andpractical verification of using

modern information technology to promote process evaluation.
2. The current research focuses on traditional courses or online learning, and there is a

lack of process‑evaluation research under the blended‑teaching mode.
Therefore, this study is based on the construction of the existing process‑evaluation

system. The research of its evaluation methods are examined, and a variety of algorithms
are used to explore the data of the blended teaching. Furthermore, the relationship be‑
tween the implementation and results of process assessment is considered. The purpose is
to strengthen the research and practice of process evaluation and provide guidance for the
scientific, reasonable and systematic implementation of process evaluation in the blended‑
teaching environment.

2.4. Process‑Evaluation Index System for the Blended Teaching of the Integration of Theory
and Practice

In the era of big data, teachers, students, teaching processes, and teaching resources
in the blended‑teaching model have generated a large amount of data, along with the de‑
velopment of teaching and learning activities. A more scientific basis for process evalu‑
ation is provided by the big data of teaching [28]. Therefore, in the author’s previous
research, the influence of various elements in classroom teaching and the experimental
process was fully considered. Furthermore, according to students’ learning behavior, the
Delphi method was used to design process‑evaluation indicators based on the integration
of theory and practice in a blended‑teaching environment. The analytic hierarchy process
was used to assign weights and scores to each index item, and a reasonable and scientific
process‑evaluation system was constructed (Table 1). After experimental data verification,
the index system showed good reliability and validity.

Table 1. Process‑evaluation index system for the blended teaching of the integration of theory
and practice.

Primary Indicators Secondary Indicators Weight Factor Ranges of Ralues

Learning attitude

Learning preparation 0.07 0~7

Learning input 0.04 0~4

Learning engagement 0.03 0~3
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Table 1. Cont.

Primary Indicators Secondary Indicators Weight Factor Ranges of Ralues

Learning process

Classroom performance 0.12 0~12

Experimental performance 0.08 0~8

Communication and
collaboration 0.06 0~6

E‑learning 0.04 0~4

Learning result

Unit assessment 0.15 0~15

Homework submission 0.12 0~12

Display of works 0.06 0~6

Classroom test 0.06 0~6

Advanced skills

Innovation and creation 0.06 0~6

Problem solving 0.05 0~5

Digital literacy 0.03 0~3

Critical thinking 0.03 0~3

2.5. Hypothesis
Previous studies have been conducted from a theoretical or experimental point of

view to explain that process evaluation affects students’ learning effect. The purpose of this
study is to explore the process evaluation of integrating theory and practice in a blended‑
teaching environment through data analysis. Therefore, the following hypotheses
are given.

Hypothesis 1. Under the same course content and evaluation method, the learning performances
of different students have different characteristics.

Hypothesis 2. The key indicators that affect students’ learning effect are classroom performance,
unit assessment, and assignment submission.

Hypothesis 3. There is a relationship between students’ learning activities.

Hypothesis 4. The learning performance of the students can predict their future grade development.

3. Research Design
3.1. Research Method

The four data analysis technologies ofK‑means algorithm,Apriori algorithm, Bayesian
networkmodel and C5.0model are the researchmethods of this paper, which aims to iden‑
tify the factors that affect the results of process evaluation through data analysis.

Using the K‑means clustering algorithm, the learning‑behavior data can be divided
into meaningful data. Furthermore, the key behavioral characteristics of the active subject
can be found, and the key influencing factors of the process evaluation can be determined.
K‑means algorithm is an iterative clustering‑analysis algorithm. Its principle is to mini‑
mize the sum of squares of the distance between all objects in the domain and the cluster
center, so as to achieve the purpose of clustering [29]. The implementation of the algo‑
rithm is easy, the convergence speed is fast, the effect is better, and the interpretability is
also strong. However, there are also shortcomings. First of all, its clustering effect cannot
completely guarantee the global optimum, but only guarantees the local optimum. How‑
ever, education is a special and complex activity, which needs to summarize the educa‑
tional laws according to the overall situation. Therefore, K‑means algorithm is applicable
to the analysis of education data to a certain extent. Secondly, the selection of K value of
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the number of clusters is not easy to grasp. Therefore, the contour coefficient was used to
select the most appropriate K value in this study.

The Bayesian model was used to determine the influence of various factors related
to students’ learning under the blended‑teaching model. Furthermore, the important fac‑
tors that affect the students’ learning effect under the blended‑teaching model were found.
Bayesian neural network is a classical data statistical classification algorithm. When it is
used in process evaluation analysis, more accurate evaluation indexmodel can be obtained
based on less data. In addition, the distribution of each index can be obtained; thus, the
relationship between each index can be obtained. It can effectively solve the problem of
over fitting [30], which is a very applicable and simple research method. However, due to
variance in training data, the conclusions drawn also have certain limitations, and the data
analysis results are only applicable to this study.

The Apriori algorithm was used to mine and analyze various data generated by stu‑
dents’ learning behavior under the blended‑teaching mode. The correlation between the
data and the correlations between indicator items were found. Apriori algorithm is one
of the most influential algorithms for mining association rules [31]. Its principle is simple
and easy to implement. However, the disadvantage is that a large candidate set may be
generated. In this study, only strong association rules were used for analysis, which may
cause some details to be ignored.

The C5.0 modeling function in the SPSS Modeler18 tool was used to build decision
trees and rule models in this research. The decision trees were used to inductively rea‑
son the development law of students’ learning under the blended‑teaching mode. Fur‑
thermore, the prediction of future learning development was realized under the overall
blended‑teaching mode. Decision tree is a basic classification and regression algorithm
based on examples. Its main advantages are readability and fast classification speed [32].
However, it is easy to over fit. Before the C5.0 decision tree was used, this research tried
many methods to model the evaluation result data, such as principal component analysis,
BP neural networkmodel, and logistic regression. However, their analysis results were not
satisfactory. After comparing the above analysis andmodelingmethods, C5.0 decision tree
algorithm was finally selected.

3.2. Research Process
The basic ideas of this research are as follows. Firstly, based on blended‑teaching

practice and learning‑behavior data obtained from online and offline, the original data
were preprocessed and formatted using Python 3.8, which included data cleaning, inte‑
gration, reduction, and transformation. Based on the process‑evaluation index system,
the learning behavior data for basic evaluation was extracted, and the evaluation data for
further analysis was discretized. Then, four data analysis technologies, the K‑means algo‑
rithm, Apriori algorithm, Bayesian network model and C5.0 model, were used to analyze
the data of process evaluation. The K‑means algorithm was used to cluster learners with
similar behaviors and explore the potential learning‑behavior patterns of various learn‑
ers. We calculated the influence of various factors related to students’ learning under the
blended‑teaching mode through the Bayesian model. Furthermore, the important factors
were determined that affect the students’ learning effect under the blended‑teachingmode.
The Apriori algorithm was used to mine and analyze various data generated by students’
learning behavior under the blended‑teaching mode. In addition, it identified the correla‑
tion between the data and obtained the correlations between indicator items. The decision‑
tree algorithm was used to summarize and reason about the development law of students’
learning under the blended‑teachingmode. The tracking of students’ learning process and
the prediction of learning results was realized from both macro andmicro aspects. Finally,
a discussion on data analysis was provided. The technical route adopted in this study is
shown in Figure 1.
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Figure 1. Overall technology roadmap.

3.3. Data Collection and Preprocessing
In this study, the process‑evaluation index system of previous research was put into

use in an actual blended‑teaching course in a university. A total of 436 records were col‑
lected and used as data training samples for processing data and mining analysis. The
collection and evaluation of online‑learning data were mainly performed automatically
through the online‑learning platform. In addition, the collection and evaluation of offline
learning data were organized by teachers and students according to the designed scales
and small programs.

Before data mining and analysis, the data must be preprocessed to form a process
evaluation dataset, which included data standardization, deletion of duplicate records and
abnormal records, and discretization of all data. Some samples of the source data after pre‑
processing are shown in Table 2, where the variables in the range X1–X15 represent each
index item of the process‑evaluation index system (X1: learning preparation, X2: learn‑
ing input, X3: learning engagement, X4: classroom performance, X5: experimental perfor‑
mance, X6: communication and collaboration, X7: online learning, X8: unit assessment,
X9: assignment submission, X10: work presentation, X10: class test, X12: innovation and
creation, X13: problem solving, X14: digital literacy, X15: critical thinking), and Z repre‑
sents the total score. The range of values of each variable in Table 2 is shown in Table 1.
Among them, X1, X2, X7, X8, X9 and X14 are online learning data, which were collected
by using the online learning platform. The remaining indicators are offline learning data,
which were collected using evaluation scales and small programs in the classroom. The
total score, Z, is 100 points. The score distribution and value range of each indicator are
shown in Table 1. To facilitate subsequent data mining analysis, the average value was
used to discretize the data in Table 1; the data above the average value were converted to
1, and the data below the average value were converted to 0 (Table 3).

Table 2. Partial sample data of student process evaluation.

No. X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 X13 X14 X15 Z

01 7 4 1 10 4 6 4 14 6 4 6 5 4.8 3 2.5 81.3
02 7 2 2 10 5 6 2 15 3 5 6 5 4.8 3 2.5 78.3
03 7 1 2 10 3 5 1 12 8 3 6 4 4.7 2.5 2.5 71.7
04 7 4 3 11 3 4 4 8 6 6 3 3 4.6 2 1 69.5
05 6 3 2 12 5 5 3 9 5 6 5 1.5 5 3 3 73.5
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Table 3. Partial sample data of student process evaluation after discretization.

No. X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 X13 X14 X15 Z

01 1 1 0 0 0 1 1 1 1 0 1 1 1 1 1 1
02 1 0 0 0 1 1 0 1 0 1 1 1 1 1 1 1
03 1 0 0 0 0 0 0 1 1 0 1 1 0 0 1 0
04 1 1 1 1 0 0 1 0 1 1 0 0 0 0 0 0
05 0 1 0 1 1 0 1 0 0 1 0 0 1 1 1 0

4. Data Analysis
4.1. Analysis of Key Behavioral Characteristics

In this study, K‑meanswas used for cluster analysis. The experiment found thatwhen
the number of clusters n_clusters = 5, the silhouette coefficient reached themaximumvalue
of 0.2030. It indicated that the sample data were clustered into categories “0”, “1”, “2”, “3”,
“4”, and “5” to achieve the best results. The clustering effect is shown in Figure 2. “+”, “△”,
“☆”, “|”, and “·” represent students of a label category. Thus, Hypothesis 1 is supported.
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Figure 2. Evaluating the effect of data clustering.

The details of clustering are shown in Table 4. The first column shows each secondary
index item of the process‑evaluation system, which is also the basis for the clustering. The
second to sixth columns show the coordinates of the center point of the clustering label,
which are essentially the scores of each index center. The sixth column represents the
average score of all the cluster centers of the indicator, and the last column represents the
full score of the indicator. The scores of X8, X9, and X14 in the 0 category are relatively
high, and the scores of other indicators are also acceptable. These indicator behaviors are
projects that need to be completed by independent thinking. These students are serious
learners. The scores of each indicator in the 1 category are not good and are the lowest
overall; the students in this category have learning difficulties. The scores of X5, X6, and
X13 in the 2 category are high, because these indicator behaviors need to be completed in
cooperation with classmates; such students are cooperative learners. The scores of X3, X4,
X10, X11, and X12 in the 3 category are high. These indicators are behaviors that need to
be displayed in public. These students perform better on these indicators, indicating that
these students are active learners. The scores of X2, X7, and X15 in the 4 category are high.
These indicators require projects to be completed by individuals alone, thus indicating that
these students are self‑directed learners.
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Table 4. Process‑evaluation data clustering centers.

Index
Final Class Center Point Coordinates

Average Score Full Score
0 1 2 3 4

X1 7.00 6.83 6.83 7.00 7.00 6.93 7.00
X2 3.59 2.95 2.63 2.69 3.49 3.07 4.00
X3 1.98 1.42 1.72 1.47 2.49 1.82 3.00
X4 5.02 6.09 9.22 6.24 10.26 7.37 12.00
X5 5.51 1.00 4.77 3.02 4.69 3.80 8.00
X6 2.47 2.95 5.18 3.91 3.43 3.59 6.00
X7 2.97 3.09 2.72 3.52 3.50 3.16 4.00
X8 13.42 2.11 11.50 10.17 7.20 8.88 15.00
X9 6.41 3.36 3.82 8.97 7.95 6.10 12.00
X10 3.02 1.50 4.19 2.68 4.47 3.17 6.00
X11 6.00 5.50 5.74 5.12 4.58 5.39 6.00
X12 4.43 2.00 2.24 3.66 3.29 3.12 6.00
X13 4.27 4.51 4.69 4.69 4.62 4.56 5.00
X14 1.71 2.26 2.26 2.91 2.25 2.28 3.00
X15 1.39 2.06 2.06 2.18 2.23 1.98 3.00

The results indicate that, in the process evaluation based on the integration of the‑
ory and practice in the blended‑teaching environment, the key behaviors of students are
mainly classroom performance, experimental performance, unit assessment, classroom
tests, and assignment submission. In addition, in the overall sample data, the indicators,
such as study preparation, online learning, classroom testing, and problem solving, have
high scores. Meanwhile, indicators such as experimental performance, assignment submis‑
sion, work display, and innovation and creation have low scores. In addition, the sample
data showed two‑level differentiation. There is a large difference between the scores of
the students at the advanced level and the students at the remedial level. Moreover, the
overall performance of the students’ advanced skills is not good, and there is more room
for improvement.

4.2. Analysis of Influencing Factors of Learning Effect
There are two main steps in establishing a Bayesian network model: determining

the Bayesian‑network‑directed acyclic graph and conditional probability parameters. The
Bayesian nodes correspond to each index item of the process‑evaluation index system on
a one‑to‑one basis. The corresponding nodes were connected with directed edges to form
a Bayesian network based on the process‑evaluation index system. Then, the score of the
process evaluation data was used as the node‑conditional probability distribution of the
Bayesian network to determine the conditional probability parameters of the Bayesian net‑
work. The specific process is shown in Figure 3.
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In this study, the student process‑evaluation data were used as training data, and the
Netica software was used to establish a Bayesian network model of the student process‑
evaluation data, as shown in Figure 4. The probability and distribution law of each evalu‑
ation index were obtained, which could be used as the Bayesian network model. The prior
probability and likelihood function of the node were used.
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In Figure 4, the probability that the root node representing the final grade is at a high
score (T = high) and a low score (F = low) is P(Z|z = T) = 49.2% and P(Z|z = F) = 50.8%. Re‑
spectively, these indicated that the final grades of the sample students are basically equiv‑
alent. According to Bayesian Formula (1), the posterior probability was obtained from the
prior probability and the likelihood function. In Formula (1), Xi represents each index item,
which is a discrete variable of T or F. When the index score is high, Xi is T, and when the
index score is low, Xi is F. Z represents the scoring results; P(Xi) is the prior probability
of each index item Xi, and P(Z = F|·) is the conditional probability. This study verified
the reliability of the posterior probability by comprehensively comparing the probability
importance and the key importance and revealing the importance of each index in the root
node. Among them, the probability importance refers to the change value of the proba‑
bility of the occurrence of the top event caused by the unit change of the probability of
the occurrence of a bottom event. The critical importance refers to the ratio of the rate
of change of the probability of the occurrence of the top event to the rate of change of
the probability of the occurrence of the bottom event. The calculation formula [33] of the
Bayesian network to solve the probability importance degree is shown in Formula (2), and
the calculation formula [34] of the key importance degree is as shown in Formula (3).

p(Xi = 1|Z = 1) =
p(Z = 1|Xi = 1)p(Xi)

n
∑

i=1
[p(Z = 1|Xi = 1)p(Xi)]

(1)

IPr
i = p(T = 1

∣∣∣Xi = 1)− p(T = 1
∣∣∣Xi = 0) (2)

ICr
i =

p(Xi = 1)[p(T = 1|Xi = 1)− p(T = 1|Xi = 0)]
p(T = 1)

(3)

According to Formulas (2) and (3), the probability importance and key importance of
each indicator were calculated, as shown in Table 5. It can be seen that the results of proba‑
bility importance and key importance rank as follows: X4 > X9 > X7 > X11 > X13 > X15 > X14
> X6 > X5 > X10 > X2 > X8 > X12 > X3 > X1. The importance of each evaluation indexwas com‑
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pared and analyzed. The evaluation‑index item with higher probability importance and
key importance was more likely to cause changes in the final process‑evaluation result.
This indicated that it is the key index item in the index system. Among them, the prob‑
ability importance and key importance of X4, X9, X7, X11, and X13 were relatively large.
These indicators had the greatest impact on the process‑evaluation results. Students could
be guided to strengthen the corresponding training to improve their learning score. Thus,
Hypothesis 2 is inconsistent with the data analysis results and is not fully supported.

Table 5. Probability importance and key importance.

Indicator Probability Importance/% Critical Importance/%

X1 9.23 15.91
X2 23.86 41.14
X3 10.71 18.47
X4 65.28 112.55
X5 30.94 53.34
X6 34.76 59.93
X7 50.84 87.66
X8 15.42 26.59
X9 63.66 109.76
X10 27.65 47.67
X11 45.45 78.36
X12 13.56 23.38
X13 43.33 74.71
X14 36.68 63.24
X15 38.23 65.91

4.3. Behavioral Association Analysis
First, the discretized dataset above was further processed. Only the data with high

scores in each record were retained, and a new dataset was reconstituted to facilitate as‑
sociation analysis. Then, the Apriori algorithm was used to mine association rules. The
Apriori algorithm can set the minimum support and minimum confidence as needed. The
support value ranges from 0 to 1. The larger the support value, the greater the probabil‑
ity of the two items appearing at the same time; the confidence‑value range is also from
0 to 1. The larger the confidence value, the greater the probability of the latter item ap‑
pearing after the former item appears. When the support degree is greater than or equal
to the minimum support degree, and the confidence degree is also greater than or equal
to the minimum confidence degree, it is a strong association rule. The Apriori algorithm
was used to analyze the processed data, and the minimum support was 0.3, the minimum
confidence was 0.75, and 32 strong association rules were mined. Hypothesis 3 is, thus,
supported.

� Among the 32 strong association rules, X1, X3, X4, X8, X9, X10, and X11 were the
items resulting from the final pruning, meaning they would change with other indicators.

� There were strong association rules between X6, X8, X11, X12, X13, X14, X15, and
X1, and the support degree was above 40% (Table 6). This means that X6, X8, X11, X12,
X13, X14, X15 had a strong correlation with X1. If one of them achieved a high score, X1
had a 40% chance of being high, and supported (X11|X1) = 56.72%. This data was the max‑
imum value in the association rules. It indicated that X11 is the key factor for X1 to achieve
good results.
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Table 6. Association rules for process‑evaluation index items.

Pre‑Item Sub‑Item Support (%) Confidence (%)

X13 X1 49.58 90.77
X11 X1 56.72 91.22
X6 X1 46.22 93.22
X14 X1 46.64 93.27
X15 X1 44.96 93.04
X8 X1 50.84 91.67
X12 X1 42.02 93.46

X12, X4 X1 30.25 91.14
X15, X14 X1 30.25 92.31
X15, X13 X1 30.67 92.41
X13, X14 X1 30.25 92.31

X9 X3 39.50 77.69
X3 X9 39.50 76.42
X11 X8 47.90 77.03
X8 X11 47.90 86.36
X4 X10 38.66 83.64
X10 X4 38.66 78.63

� In X3 and X9, X8 and X11, and X4 and X10, these three groups of indicators were
the front and back items of each other and had the same support and similar confidence.
This indicated that these three groups of indicators have a strong correlation, which can
be improved by improving one of the indicators. The performance of one indicator can be
affected by improving the performance of the other indicator.

4.4. Development Trend Analysis
The above discretized data were input into SPSSModeler18. Then, after modeling us‑

ing C5.0, the decision‑tree‑classification‑structure diagram was obtained, which is shown
in Figure 5. The data show that the estimated accuracy of the model is 89.68%.
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According to the rules shown in Figure 5, the relationship between each index of stu‑
dents’ process evaluation and the final learning effect can be intuitively analyzed. As
shown in Table 7, the final learning effect of students can be predicted according to the
performance of each index in the process of evaluation. However, it is necessary to know
the scores of X4, X9, X6, and X13 and other indicators. This shows that the establishment of
Hypothesis 4 requires conditional support and is not fully supported in an unconditional
sense. It can be seen from the model that the classroom performance (X4) as the root node
has the largest information gain rate. This indicated that the evaluation index is the main
factor affecting the process‑evaluation results. It can be seen from the several branch nodes
of the decision tree that indicators such as X9, X6, and X13 also have an important impact
on the process‑evaluation results. This is also consistent with the results of the analysis of
the importance of the process‑evaluation indicators. Furthermore, the final learning result
can also be predicted according to the decision tree, and timely intervention can be carried
out to improve the learning effect. For example, when a student’s classroom‑performance
and homework‑submission indicators are low, the predicted value of the total score is
low. Therefore, once a student’s classroom‑performance and homework‑submission in‑
dicators are found to have low values, corresponding intervention strategies should be
implemented immediately to improve the learning process and, ultimately, improve the
learning effect. As another example, when a student has a high score in homework sub‑
mission, but their scores in performance in class, communication and collaboration and
problem solving are poor, the predicted value of their total score is low. Therefore, once
such a situation is found, it is necessary to urge students to improve with time, such as by
enhancing problem‑solving strategies, improving communication and collaboration, and
performing more previewing of the lessons in advance for classroom performance, so as
to improve final learning outcomes.

Table 7. Prediction law of process‑evaluation data.

Indicator Performance
Forecast Result

High‑Scoring Indicators Low‑Scoring Indicators

X4, X9 High

X4, X6, X15 X9 High

X4, X6, X14 X9, X15 High

X4, X6 X9, X14, X15 Low

X4, X11 X6, X9 High

X4, X7 X6, X9, X11 High

X4 X6, X7, X9, X11 Low

X6, X9 X4 High

X7, X9, X13 X4, X6 High

X9, X13 X4, X6, X7 Low

X9 X4, X6, X13 Low

X4, X9 Low

5. Discussion
The purpose of this studywas to examine process evaluation in the context of blended

teaching. To achieve this goal, four algorithms were adopted for exploration. First, the
K‑means clustering algorithm was used to conduct in‑depth mining so as to find the key
behavioral characteristics of the active subjects under the blended‑teaching mode and de‑
termine the key influencing factors of the process evaluation. Second, the Bayesian model
was used to calculate the influence of various factors related to students’ learning under
the blended‑teaching mode and determine the important factors that affect the students’
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learning effect under the blended‑teaching mode. Then, the Apriori algorithm was used
to mine and analyze various data generated by students’ learning behavior under the
blended‑teaching mode, identify the correlation between the data, and obtain the corre‑
lations between indicator items. Finally, the decision‑tree algorithm was used to analyze
and reason about the development law of students’ learning under the blended‑teaching
mode so as to realize the prediction of the future development of students’ learning quality
under the blended‑teaching mode.

(1) Learner’s learning style affects the final learning result

This study found that learners’ learning styles affected the final learning outcomes
of their process assessments. In the context of the process evaluation of blended‑teaching,
students could be divided into serious learners, active learners, autonomous learners, co‑
operative learners, and students with learning difficulties, according to the results of the
process evaluation. Serious learners were associated with an independent learning style.
Theywere not easily influenced and interferedwith by external factors, and they preferred
to make judgments on things independently. They performed better in evaluation indica‑
tors such as the unit assessment, assignment submission, and digital literacy. Active learn‑
erswere associatedwith the impulsive learning style. They not only responded quickly but
made hasty decisions without thorough analysis of the problem. However, they also per‑
formed better in the indicators about learning participation, classroom performance, work
presentation, classroom testing, and innovation and creation. Self‑directed learners were
associatedwith contemplative learning styles. They tended to think deeply, weigh various
solutions, and choose the best one. They performed well in learning‑engagement, online‑
learning, and critical‑thinkingmetrics. Cooperative learnerswere associatedwith the field‑
dependent learning style. They were good at observing words and expressions. They
were also easily influenced by those around them, and performed well in the indicators
about experimental performance, communication and cooperation, and problem‑solving.
Students with learning difficulties performed poorly in all aspects, and their learning re‑
sult had more room for improvement. These results are consistent with those of Moser
et al. [35]. They indicated that the learning style can influence the learning effect. In addi‑
tion, this study also provided evaluation data analysis based on data mining technology.
By understanding and mastering the learning style of learners, they can be taught in ac‑
cordance with their aptitude to improve their learning effect, which effectively verifies the
scientific nature of process evaluation.

(2) Classroomperformance, assignment submission, performance in class tests, problem solv‑
ing, and online learning were the key behaviors that affected student performance.

This study found that in the blended‑teaching environment, the key indicators that
affected the process evaluation in courses based on the integration of theory and practice
were classroom performance, assignment submission, communication and collaboration,
classroom testing, problem solving, and online learning. These indicators were also the
main learning behaviors of learners in a blended‑teaching environment, which is consis‑
tent with the results of Huang [36]. Classroom performance and online learning made up
the actual learning process of students in a blended learning environment. In addition,
the corresponding learning effect is tested through classroom tests and assignment sub‑
missions. Problem solving reflected students’ comprehensive ability to solve problems.
These indicators are all key learning behaviors in the integration of theory and practice
in a blended‑teaching environment. The research results suggest that these indicators are
logical. This result is consistent with the results of the research conducted by Miao [37].
A more in‑depth exploration of the previous research was conducted, the importance of
these key indicators was ranked, and the importance level of each indicator item was de‑
termined further. Note that the four secondary indicators of experimental performance,
communication and collaboration, and advanced skills did not appear in the ranks of key
indicators. This indicated that they are slightly less important than other indicators and
that their impact on the evaluation results is relatively lower. This is because the scores of
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the students in this sample data were not much different in these indicators, and there was
no obvious gap, leading to such research results.

(3) There was a strong correlation between learning engagement and assignment submission.

The findings can be explained in terms of student learning styles. For example, if a
student is an autonomous learner, he/she prefers field independence and prefers to study
alone. Such students participate more in learning and are more proficient in knowledge.
Thus, they obtain better grades when they work alone. The better the grades were, the
more learning participation that was required before the assignment was submitted, mean‑
ing that the assignment could be completed well. This result is consistent with the study
formWen [38]. In this study, data analysis was used to verify this phenomenon again. For
another example, for serious learners were more suitable for testing, unit assessment and
classroom testing were both assessments of students’ learning achievements. When a stu‑
dent achieved good results in classroom tests, he or she was likely to be more flexible in
the application of knowledge. Such students could also obtain better results in the unit
assessment. This result is consistent with the study by Shu et al. [39]. In addition, both the
classroom performance and work presentation required students to have strong flexibil‑
ity, which necessitated high comprehensive requirements for students. For active learners,
they could maximize their advantages, but for autonomous learners, this was a challenge.
Therefore, these two indicators were closely related. In actual teaching, teaching can be
adjusted in time through these association rules. In addition, some indicators can be used
to improve the performance of other indicators so as to achieve the purpose of improving
teaching effect and efficiency.

(4) According to students’ learning performance, it was possible to predict the future
performance development of some learners.

According to students’ learningperformance, some learners’ future performance could
be predicted. The results of this study are consistent with those of previous research [40].
They indicated that it is possible to predict learners’ future performance bymining and an‑
alyzing the data of students’ learning process. However, through data analysis, this study
found that the decision‑tree model constructed using the C5.0 model only yielded 14 pre‑
diction rules. The nodes only included X4, X6, X7, X9, X11, X13, X14, and X15, and there
was no coverage. All index itemswere of the process‑evaluation system, no predictionwas
given for situations other than these 14 rules, and no explanation was given for the impact
of the scores of X1, X2, X3, X5, X8, X10, and X12 on the final learning effect. Therefore,
the predictions made by the model are conditional. The model can only predict the future
grade development of eligible learners, not the final learning outcomes of all students. This
result is related to the chosen decision‑tree model. Compared with similar algorithms, the
C5.0 decision‑tree model has higher accuracy [41]. The accuracy of the C5.0 decision‑tree
model in this study was 89.68%, which is relatively high and indicates a good effect on
predicting students’ future grades. Therefore, this study used the C5.0 model to predict
learners’ future performance. In actual teaching, the development rules of students’ grades
obtained by the prediction model can be used for timely early warnings for students. In
addition, it also can help educators adopt corresponding intervention measures according
to the early‑warning indicators, so as to improve the final learning effect of students in an
effective and targeted manner.

6. Conclusions, Limitations and Further Research
In view of the current lack of research on process evaluation in academia, process

evaluation was applied in the teaching practice of blended teaching and the integration of
theory and practice. The research on the process evaluation of blended teaching is sup‑
plemented this method. In addition, data mining technologies, such as the K‑means algo‑
rithm, Apriori algorithm, Bayesian network model and C5.0 model were used to explore
and analyze the educational process in a blended learning environment. The process eval‑
uation is strengthened, which may have a profound significance on the reform of result
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evaluation. To a certain extent, teaching and learning are scientifically promoted by eval‑
uation, and the impact of process evaluation is deepened. There is not much research
practice in the past research, meaning this study is innovative. The study finds that under
the same curriculum content and evaluation method, different students’ learning perfor‑
mances have different characteristics. Students can be classified into five types: serious
learners, active learners, autonomous learners, cooperative learners, and those with learn‑
ing difficulties. There is a strong correlation between learning participation and homework
submission, unit assessment and classroom testing, classroom performance and work dis‑
play. In addition, classroom performance, homework submission, classroom tests, prob‑
lem solving, and online learning are key indicators that affect students’ learning perfor‑
mance. In addition, students’ final learning effect can be predicted according to these in‑
dicators. It is of practical significance to provide reference for the practical research of
process evaluation. The theory and path of process‑evaluation research are enriched by
this project. Furthermore, a plan for the reform and sustainable development of education
evaluation is provided.

Due to subjective and objective limitations, such as the author’s knowledge level and
energy, access to data resources, and so on, there are still many deficiencies in the concept
and design of this study. First of all, we have to admit that teaching analysis cannot be
completely replaced by mathematical analysis. Although mathematical analysis is used
to identify the influencing factors of process evaluation, the teaching theory and learn‑
ing theory was not strictly used to explain the teaching and learning problems reflected
by the data. Moreover, for the research results, there is no specific improvement strat‑
egy. Secondly, the research conclusions concerning process evaluation in this study are
only applicable to the courses that combine theory and practice in the blended‑teaching
environment. Third, the data sample size is not large enough to cover all disciplines and
professional types. Fourth, the process of data discretization is not detailed enough. It is
only divided into 0 and 1 dimensions. Fifth, the models and algorithms used are based
on the accuracy of the model and the algorithm itself to judge its credibility. For similar
algorithms, there is no formal performance comparison. In later research, the following
aspects need to be further developed and improved. The data sample size and collection
scope will be expanded, and the data dispersion will be improved. Similar data mining
algorithms will also be compared and analyzed, and the best and most appropriate algo‑
rithms will be used to improve the performance of the entire process‑evaluation analysis
model, so as to obtain more accurate conclusions. Moreover, after analyzing the experi‑
mental data using the data analysis method, the experimental results will be analyzed in
terms of teaching and learning theory further, and the problems and laws of the process
of process evaluation will be revealed.
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