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Abstract. Due to the positive influence on students’ learning outcomes, the
interests of studying effective knowledge management has been risen recently.
Developing and implementing effective strategies ensures to promote learning
outcomes. By reviewing and examining various influence factors, this research
study has predicted the major factors that may influence of learning outcomes in
blended learning environment. A series of simulation experiments and factor
analyses have been conducted in order to investigate collaboration during group
learning process. The simulation model for blended learning environment
employed in this research has drawn on the characteristics of the Structural
Equation Model (SEM) of the blended learning process of 128 students. Both
randomness of those student learning behaviors and the reaction to information
overload have been considered during simulation modeling. The simulation
model enables for greatly increasing statistical samples of student learning
behavior analysis. Besides, this research has studied the impact of multiple
factors to blended learning mode, these factors include: the size of learning
group, the group composition according to previous performance, teaching
material amount, and the teacher influence. Experimental results predict that the
factors mentioned above can enhance collaborative interaction among students
during writing and reading activity. The research results of the optimization
restriction factors for blended learning environment achieved in this study can
be useful reference for a teacher who are facing the similar challenges. The
results of this paper can also be used to reveal and eliminate the problem of
inefficient collaboration and poor student performance in blended learning
environment. The model proposed in this paper can be integrated with most of
decision support systems of universities.
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1 Introduction

The informationization of the learning process has optimized the analysis results of
student interaction learning, and it has implemented the iteration to the analysis results
[1]. The widespread use of distance education technology and the use of logs to
dynamically record learning processes allow many parameter data for different learning
processes to be preserved and accumulated to the magnitude required for big data
analysis. Recently, learning and analysis activities based on big data methods are
increasing, and the introduction of big data analysis technology is one of the devel-
opment trends of higher education in the future [2]. Successful problem solving of
knowledge management supposes using accurate measurement of the large number of
quantitative and qualitative data comprising adequate means of statistics and analysis.

The scope of data required for applying learning analysis is usually limited to
parameters of individual students or a group of students [3]. The research results are
often influenced by internal and external factors that influence individual or group
learning. These factors include: different size of the study group, different length of the
course, insufficiency of selected statistical parameters, the complexity of comparing
results of test groups, different length of experimental time, different uniqueness of
individual students, the presence of causal data, etc.

Thus, the main objective of this research is to predict the possible factors that
influence of students’ learning performance improvement by students’ collaboration in
a blended learning environment. By examining learning management parameters: the
number of students in the group, the group composition based on learning performance
in the past, the amount of training materials and teacher’s influence. The data collected
in this experiment ranged from statistical data of 128 students learning in blended
learning mode which is further analyzed by using a combination of statistical and factor
analysis methods, simulation modeling and table data visualization techniques.

The paper is structured as follows: Sect. 2 presents the background and related
papers about effectiveness factor analysis methodology of blended learning environ-
ment. Section 3 describes data collection and analysis methods and models. Section 4
shows experimental results and related discussions. Section 5 is the conclusion of this
paper. Finally, Sect. 6 presents the limitations and recommendations for future
research.

2 Background and Related Work

In recent years, blended learning has become a trend, its principle concept [4] is a
combination of learning modes of synchronization (face-to-face) and asynchronization
(over the Internet), which achieved better outcomes by effective learning process [5].

Is blended learning efficient? This question can be answered by experience proof
and factual results [5]. In general, the assessment performance of blended learning is
like that of traditional face-to-face learning. In other words, blended learning is
assessed by comparing with traditional face-to-face teaching [6]. Most other researches
have realized that blended learning can improve students’ learning outcome [7], but
few of them gave reasons for the improvement. Some studies reveals that the main
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reason of such an improvement facilitates to establish collaborations [8] and cooper-
ation [9] within a learning group. Besides, a teacher plays a role as a ‘intermediary’
who often raises questions. Also confirmed that asynchronous and synchronous e-
learning mode has a positive impact on academic performance [10].

Effective teaching strategies are based on the improving of students’ educational
productivity. Forecasting such productivity under the influence of different factors is
the current task when managing blended learning. The model description of the
learning environment is laid in the basis of this forecast. Informatization of the learning
process creates favorable preconditions of supplying forecasting models with qualita-
tive and quantitative data of learning statistics. Thus, human-computer interaction in a
blended learning environment enables a wide range of learning processes to be
parameterized and statistically calculated. The collected parameters can be used for
various learning content management goals. All the mentioned parameters are stored as
log-files of learning management system (LMS), i.e., such as Moodle.

As follows, a large number of parameters and quantitative statistic data of student’s
educational behavior led to the emergence of some methods of predicting success. The
most common is the use of regression forecasting models. However, most of them are
based on linear dependencies, take into account a limited number of forecasting factors
and describe only individual learning behavior of a student. The results of such forecast
are not reliable for building effective collaborative blended learning strategies. To solve
such issues A. Elbadrawy and others [11] suggest a class of collaborative multi-
regression models. These models have the following parameters: student’s past per-
formance, engagement and course characteristics. But these models do not take into
account the factor of tutor’s active participation and the size of the training group,
information overload. Another drawback of these models, together with other regres-
sive ones, is that they give exact forecast only when large student groups are analyzed.

The example of application the another forecasting technology is the work of S.
B. Kotsiantis [12]. The researcher suggests the use of machine learning techniques for
forecasting students’ grades. To construct the model there was used the data of virtual
courses, e-learning log file, demographic and academic data of students,
admissions/registration info, and so on. The analysis revealed Data Mining technolo-
gies that are the most suitable for forecasting. Though, the suggested forecasting model
takes into account a limited number of factors, most of which are unmanageable. The
main drawback of the model there remains an individual description of a student, not
considering the group interaction peculiarities. A similar drawback is peculiar for the
forecast model of S. Borkar and K. Rajeswari [13], based on the education Data Mining
of the following parameters: graduation, attendance, assignment, unit test, university
result. A. Mueen and others [14], C. Romero and others [15] introduce the parameter
‘forum participation’ to consider the group activity in the Data Mining of the fore-
casting model. But such model requires a large number of students to form a reliable
data sampling and accurate forecast. Also, the factor of the tutor’s active participation
is not taken into account, etc.

U.R. Saxena and S.P Singh [16] have used Neuro-Fuzzy Systems for forecasting
students’ performance based on their CPA and GPA. Notwithstanding the fact that
researchers confirm a high accuracy of the forecast, it is based only on two individual
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parameters of a student. Small sample size for building such a model is problematic and
made about 20–26 cases of students’ results.

K.D. Kolo and others [17] suggest a decision tree approach for predicting students’
academic performance. To build the decision tree structure there was used the method
of Chi-Square automatic interaction detection of factors: student’s grade, student’s
status, student’s gender, financial strength, attitude to learning. Nurafifah Mohammad
Suhaimi and others [18] also used such classifier methods as Decision Tree compared
with Support Vector Machine, Neural Network and Naïve Bayes for similar goals. Md
Rifatul Islam Rifat and others [19] used six state-of-the-art classification algorithms for
the prediction task of academic performance. However, such models do not describe
the peculiarities of group interaction and cannot be widely applied when elaborating
effective teaching strategies.

Therefore, the elaborating of adequate forecast models is complicated by that the
process of blended learning is complex and dynamic. However, many of the measured
data are stochastic, which requires a deep and representative statistical sample to reveal
deterministic dependencies. Data sets in small scale will greatly affect the results of the
analysis [20].

The reason for complexity increasing of the sample is objective. First of all, it is a
small group scale. The number of groups ranges from 3 to 30, and the number is not
enough for accurate factor analysis. Second, the process of collecting statistical
information is long. Typically, information is collected during a learning cycle of six
months or longer. During this time, the effects of factors may be unequal. There are
possibilities occurring influence of factors that are not considered, i.e. the impact of the
semester. Third, there are measurement errors associated with assessment for student
learning effects.

Even adopting the most accurate model (with an accuracy of more than 86% [21])
in the above range (small scale 3–30 people), significant inconsistencies with the
analysis results might be possibly occurred, which complicates learning management.
On the one hand, assessment methods given by most hypothesis test methods (p-
values, b-values, t-tests, confidence intervals, etc.) are difficult to assess students’
performance in a small group. On the other hand, quantitative research can qualitatively
explain the main learning mechanisms, student interaction, and information exchange.
It is common practice to interpret these results in the form of structural equation
modeling (SEM). However, thorough implementation of SEM in learning management
requires further research especially for the aims of forecasting. Establishing a simu-
lation model based on SEM is a helpful suggestion because it enables to verify models
of the teaching strategy in the form of scenario collection of management parameters.
Multiple simulation experiments can greatly improve the reliability of the predicting
and therefore expand the research samples as endogenous and exogenous parameters of
models.
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3 Data, Methods and the Models

The data sample in this paper derived from 128 third-year students of economic
cybernetics specialty, who had been studying for 2013–2018 academic years in
Chernivtsi Institute of Trade and Economics of KNUTE (ChITE KNUTE). Blended
learning mode was applied for those students in their learning process. The same
subject in a semester is considered as an optional unit, all subjects were taught in
Ukrainian language. Students participating in the study group with different perfor-
mances. This study involved a total of 12 learning groups, there were 6–21 members in
each group. Teaching work consists of two parts: classroom and online courses. Online
courses were conducted by Moodle software over the Internet which can be found on
ChITE KNUTE’s website (http://www.dist.chtei-knteu.cv.ua:8080/).

The number of textbooks was determined by ECTS (European Credit Transfer
System) and was divided into several grades ranging from 1.5, 3 to 4.5 points. The
textbook was divided into 6–18 independent topics. The amount of work was the same
for every week. Each topic was designed for students to learn theoretical knowledge to
complete practical tasks. During the course learning, students attended lectures as
required, students learned strategies for competing learning tasks, teachers evaluated
students’ achievements on previous learned subjects. Implementing learning tasks was
through a forum, and an open asynchronous online discussion was conducted under
teachers’ guidance. Discussions were conducted in an asynchronous way, including
posting, reading, and replying to posts written by group members or teachers. Learning
outcome for each subjects is rated by 100 scores. The final scores for all subjects are
calculated by the arithmetic mean value.

The measurement parameters of a blended mixed learning process include: student
ID, group ID, achievement based on past course performance, final course achieve-
ment, subject number, ECTS academic credits, group size, theoretical material amount,
amount of each student reading post, amount of each student witting post, amount of a
teacher writing post. The log files generated by Moodle were analyzed in this study, the
problems of accurately and comparatively evaluating parameters were occurred, it is
not easy to identify some parameters including amount of theoretical textbooks,
amount of readings posts for a student, amount of writing each post for a student,
amount of writing each post for a teacher. Using the quantity indicator for writing or
reading posts cannot clarify the actual amount of information exchange in a blended
learning environment. In order to overcome this problem, it is necessary to calculate the
number of characters written and read by each student in the learning process. The
obtained characters can be converted to bytes using the method of [22]. Therefore, the
information unit containing the characters of the 33-letter Ukrainian alphabet is shown
as follows:

H0 ¼ log233 ¼ 5:044 bits ð1Þ

The goal of data analysis is to rely on other parameters valid in a blended learning
environment and to maximize performance out of students. Reading and writing
activity are treated as a direct and important factor, which represents degree of student’s
collaboration in a group as confirmed by K. Bielaczyc and A. Collins [23]. Proactive

Collaboration Based Simulation Model for Predicting Students’ Performance 5

A
ut

ho
r 

Pr
oo

f

http://www.dist.chtei-knteu.cv.ua:8080/


reading and posting are in turn related to other management and non-management
factors in blended learning environment. The structure of the relationship model of
these factors is shown in Fig. 1.

Learning process of 128 students in the statistical sample was analyzed in order to
describe and confirm the importance of the relationship. In case of considering the
number of students in a group, amount of reading and posting are accumulated. In order
to effectively study other factors, at this stage, the total amount posted by the group
reflects the influence of the group, group size and the total number of posts are not
differentiated and are treated as the same factor. Post reading indicator is the proportion
to all posts read by a student. The results of SEM analysis of the coefficients and the
multiple linear regression indicator forms are given in Table 1.

Fig. 1. SEM of student’s performance

Table 1. SEM parameters of student’s performance in a blended learning group

Reading posts* Writing posts** Final grade***

R2 0.81 0.60 0.55

Standard
error

0.10 11.69 7.18

F 0.007 0.02 0.013

a 0.00 0.00 0.00

Coefficients Y-
intercept

z1 z2 z3 z4 Y-
intercept

y1 y2 y3 y4 Y-
intercept

x1 x2

Value −0.155 −0.001 −0.001 0.001 0.01 −83.19 1.28 0.091 −0.158 −15.44 61.67 0.295 19.96

t-value −2.144 −10.35 −1.528 8.923 12.75 −9.810 10.13 5.47 −1.864 −2.011 34.19 8.13 6.70

p-value 0.034 0.00 0.129 0.00 0.00 0.00 0.00 0.00 0.065 0.046 0.00 0.00 0.00

Units of measurement: * from 0 to 1, ** Kbyte, *** from 0 to 100.
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For the formation of SEM there were made the hypotheses about the existence of
substantial connections between the studied input and output parameters. Hypothesis
testing was performed by the means of MS Excel multiple regression of observed
statistical parameters.

The analysis result of the significance of the SEM reveals that the value of index R2

was higher than its critical value 0,349 (when a = 0.01). The value of index F is always
much smaller than the critical value, and the value of calculated a (significance of F) is
close to zero. The t-value of absolute index exceeds 1.97 despite coefficients z2 and y3.
The p-value is smaller than 0.05, despite the coefficients z2 and y3.

The results of the statistical analysis confirmed the relationship between input and
output parameters of SEM. Factors affecting parameters of reading and postings
include: the student’s previous performance and the number of theoretical textbooks on
the subject. Teacher guidance has a negative impact on students’ reading and witting
posts, but the impact is not big. The similar influence of teacher guidance on student
learning is described in the work of Mazzolini and Maddison [24]. It has been con-
firmed that after completing the first two tasks, students use more suggestions from
other group members than teacher’s guidance [25]. In this study, a teacher can create
conditions for conduct discussion and collaboration among students and supervise the
process of ongoing discussion. In case of occurring passive discussions and off-topic
situations, the teacher provides timely correction. The effects mentioned above can
explain why multiple linear regression analysis shows a negative impact on the practice
of writing discussion contents. Analysis confirms the existence of this impact. When
discussing the actual online task, the output parameters of scores are generated by the
positive influence of reading and writing posts.

Although dependency exists, the output SEM parameters contain an evident stan-
dard error index. In order to establish an effective knowledge management strategy, it is
necessary to accurately predict the influence of available management factors. These
calculations enable to generate a combination of certain factors in blended learning
environment in order to identify the area of promoting students’ learning performance.
Obtained SEM parameters revealed the nature of output performance relying on input
performance. To accurately describe a blended learning process, it needs to use proper
methods to analyze students’ behaviors upon collected parameters.

The nature of students’ reaction to external stimuli is behaviors and a kind of
clustering. This article has introduced some quantitative and qualitative methods to
describe certain human behaviors. Therefore, in recent years, the methods of human-
centered systems (HCS: Human Centered Systems) have often been used to describe
the behavior of staff in industry, military, and stock markets, as well as in other
environments [26]. When behavioral simulation model is used to study human
behaviors, it is common to construct a single person’s model (for example, a worker) at
first that specific environmental model is established based on it, and the model is
applied to a group of people in social networks afterwards [27].

Collaboration Based Simulation Model for Predicting Students’ Performance 7

A
ut

ho
r 

Pr
oo

f



In order to study students’ learning behavior, a simulation model was established in
this study, and the dependence of SEM parameters was calculated based on the model.
A simulation model for each student was built using MATLAB’s Simulink tool. The
model uses some simulation programming elements such as ‘Add’, ‘Subtraction’,
‘Division’, ‘Discrete Time Integrator’, ‘Uniform Random Number’, ‘Pulse Generator’,
‘Oscilloscope’ and so on. The model contains a data input module (red ellipse 1 in
Fig. 2) and a data output module (red ellipse 4 in Fig. 2). The input data is submitted
for five parameters: Previous performance, Lecture & Theory size, Tutor’s posts, Total
student’s write, Subjects. The input parameters are then multiplied by the SEM coef-
ficients according to its structure (Gain blocks) and added (Subtract blocks). Multiple
linear regression coefficients were described using SEM (indicated by Ellipse 2 in
Fig. 2). Both the effects of standard error and the randomness of student behaviors are
marked with Ellipse 3 in Fig. 2. Uniform Random Number generators are used to take
into account random variables. The result of this processing is three discrete outputs
indicated by Ellipse 4 in Fig. 2: Grade, Read, Write.

A student’s simulation model is in the status of discrete. The number of weeks is
equivalent to the number of learning subjects. Each learning subject is an independent
learning unit that highlights the characteristics of discreteness. Each learning subject
contains a task, an online discussion module and a grade. This approach differs from a
similar simulation model of continuous behaviors described by S. Elkosantini and D.
Gien [27].

Fig. 2. Simulink/MATLAB model of a student’s learning activity in a blended learning
environment
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Fig. 3. Example of a learning group model (Simulink/MATLAB) with 6 students
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Reading-writing practices and subject ratings are calculated in one cycle of the
model. The final score is comprehensively calculated based on the results of each
subject, and the students’ scores are given by the real assessment system in a blended
learning environment. The individual student models are combined into a learning
collaboration network and model of a group is formed on this basis. Figure 3 presents a
blended learning environment for a learning group with 6 students. The input
parameters of the model include: the number of the textbook, the number of posts
written by a teacher, the number of subjects (the course lasted for several weeks), and
previous performance of each student. The input parameters were formed using a pulse
generator with the period of signaling - one training week. The inputs for each student
model (Student blocks) were formed individually, taking into account their training
peculiarities, number of subjects, tutor’s activity and others (Fig. 3, right side). Thus,
there were formed the initial conditions of the experimental forecast. The outputs of
each student sub-model were commuted to form a repository of student-produced
information in the form of posts (Total students’ posts block). The results of the model
calculations were exported to an external file for later study using MATLAB software
for further analysis.

4 Results Analysis and Discussion

By calculating the experimental results obtained from the experiment with different
input parameter sets, seven groups of models were established, in which the numbers of
students were 3, 6, 8, 10, 12, 15, 20 students. Students in these groups are completely
different in their previous performance. The average scores of the group model ranges
from 60 to 90. Some students got 60–95 scores before joining the group. In a blended
learning environment, the performance indicator is dynamically changed accordingly
as a student’s actual performance changes.

There are three kinds of textbooks in the model: six subjects (capacity: 160 Kbyte),
12 subjects (capacity: 340 Kbyte), and 18 subjects (capacity: 480 Kbyte). The number
of selected subjects depends on the ECTS credits required by the courses. The influence
after a teacher posting 30–110 Kbytes was analyzed and examined.

Modeling 105 combinations of scenario input parameters received results in form
of table are converted in form of matrix by the XYZ-Gridding tool of the OriginPro
application, which is further converted to a visualization matrix by the tool – ‘Color
Map Surface (OriginPro)’ (see Fig. 4 and 5). Due to the restriction of the number of
input factors, it makes more difficult to accurately estimate achieved results, such an
inferiority may result in misinterpreting other factors. However, the simulation model
fully inherits the accuracy of the SEM indicators (Table 1: R2 for reading activity is
equal 0.81, R2 for writing activity is equal 0.6, R2 for grading score is equal 0.55) that
gives a reason to consider the data of Fig. 4 and 5 reliable. In addition to the SEM
accuracy indicators, there was held the comparing of academic performance for two
academic groups of students who completed the course. The first group consisted of 6
students who studied 18 subjects. When doing the tasks, the tutor’s activity was 35.6
Kbyte posts per student. The results of the course showed that the average performance
has increased by 2.71 points. Simulation modeling predicts a 1.9 point performance
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increase (downward deviation 30%). The second group consisted of 7 students who
studied 6 subjects. In this case, the tutor’s activity was 10.4 Kbyte posts per student.
After completing the course, the average performance has increased by 2.17 points.
Simulation modeling predicts a 2.7 point performance increase (upward deviation
25%). The performance rates obtained correspond to the calculated R2.

By the influences of a teacher’s guidance and the factor of student’s previous
performance, the experiment in this research studied students’ writing practice in
blended learning environment (Fig. 4).

Figure 4 presents the absolute index of the writing practice (vertical axis) for three
different course sizes: 6, 12, 18 subjects. The absolute index of writing practice was
predicted in Kbyte of written posts by the entire modeling group. The horizontal axes
show the initial conditions of prediction: tutor’s posts per student (Kbyte) and previous
performance (in a 100 point scale).

As we can see from Fig. 4, for courses with more lectures and theoretical subjects,
writing amount is larger. However, in the case of different number of subjects, the
study did not find the differences in the form of exercises. With the decreasing of a
teacher’s guidance, the amount of exercises for students with different previous scores
increases. For students with good previous scores, the growth speed is faster. As a
result, students are tending to establish online collaboration more actively when solving
specific tasks, finding out key points of the task, and solving difficult theoretical
problems.

For students who had more than 75 scores previously, the study found that the role
of a teacher is only assistance and the teacher’s influence in promoting learning per-
formance is not evident, the teacher can not optimize the performance greatly. For
students with worse previous performance, more teacher’s guidance can lead to reduce
the amount of posts. Through verification, the proper explanation for the above phe-
nomena is that students tend to read the posts by teachers and by the students who had
better previous learning performance than to write their own posts, which suggests that
these students become knowledge receiver according to Gillies [28].

A small peak appearing in Fig. 4 reflects that active posters are made up of a small
number of students who usually have better performance. AbuSeileek [29] confirmed
this characteristic. Although the results obtained by this experiment are different than

Fig. 4. Predicting results of writing practice in blended learning environment
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Qiu’s study [30], there exists a direct proportion between the total number of posts
posted by the students and the total number of posts posted by a teacher. Operational
modeling shows that more teacher’s guidance provides more information and might
result in information overload. Students write less posts due to the influence of
information overload, which was confirmed by Qiu [30].

To perform objective analysis, additional average performance of a group (the
difference between the final grade of the course and the previous grade) was observed.
The experimental group mixed the previous scores. The homogenous case was not
considered because it is impossible to set up multiple groups with 6 students with the
same level of previous performance.

Figure 5 represents the added average academic performance of the training group
(vertical axis) for three different course sizes: 6, 12, 18 subjects. The added average
academic performance was predicted as the difference between the received and pre-
vious course performance of the group. The horizontal axes show the initial prediction
conditions: tutor’s posts per student (Kbyte) and the size of the training group.

Figure 5 shows that the amount of theoretical material greatly affects critical per-
formance indicator. In case of 6 subjects, even if teacher’s guidance is reduced, the
scores of groups with different numbers are promoted. For those groups with more than
10 student, with the increase in the number of posts posted by a teacher, the average
scores of the groups are declined. As shown below, students in larger groups rely more
on teacher’s guidance than on collaborations of students.

In case of 18 subjects, teams with up to 8 students achieved very high additional
scores at any level of teacher’s guidance. In case of large groups, the bottleneck of
optimizing learning performance still exists, but only when a group contains 10 stu-
dents. A further increase in the number of a group can suddenly reduce the ratio of
performance increasing. Students can not deal with the large number of posts sent by
group members. More teacher’s guidance may decline the average scores of these
groups. This result indicates that a teacher should pay more attention on groups with
lower initiative and less problems. However, teacher’s guidance can not significantly
affect the collaborations among students. The study results revealed the significant
influence of group size in information overload that also was described by Hewitt and
Brett [31] and Pfister and Oehl [32].

Fig. 5. Predicting results of the students’ performance (course grade) in blended learning
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The proven accuracy of the predictions and the consistency of the results with the
work of other scientists give reason to claim that the research objectives were achieved.
The simulated forecast conditions have shown the utmost ability to optimize the
management of LMS in ensuring active collaboration and increasing the success of
training groups under the conditions of blended learning.

5 Conclusion

This paper uses the predicting results of the effects obtained in a blended learning
environment as the outcome of implementing different knowledge management
strategies. Input management parameters include learning group size, grouping based
on previous learning performance, the amount of learning materials and the cycle of
learning a subject, the teacher’s guidance, appropriate learning strategies are chosen by
considering the combination the parameters in blended learning environment. By
analyzing the whole process of students learning in a blended environment, correlated
simulation modeling experiment and the student collaborations within a group are
evaluated objectively. The simulation model considers random dependence of the
learning behavior set of 128 students in blended learning environment described by
SEM.

Our study revealed that the success of achieving group’s additional scores depends
greatly on group size and the amount of learning materials. According to the maximum
number of learning subjects and the maximum course cycle, small groups of up to 8
students can achieve 2–12 additional scores. This study suggests that the role of
teachers is only ‘assistance’ in the case of different course scale and group size,
teachers is not able to solve the bottleneck of restricting performance improvement in
blended learning environment. Teacher’s guidance is helpful to avoid the occurrence of
information overload.

6 Limitations and Future Work

The limitations of this study are related to the fact that the data contained in con-
structing SEM and simulation model is only relevant to the exchange of textual
information among students and the learning environment. The estimation of the
theoretical textbook does not consider the included graphic images. This study did not
consider the time delay between learning the textbook and starting the discussion. The
quality index of the discussion posts was also not analyzed.

Due to the restriction of the number of input factors, it makes more difficult to
accurately estimate achieved results, such an inferiority may result in misinterpreting
other factors. However, the simulation model fully inherits the accuracy of the SEM
indicators.

Therefore, future studies could explore the possibility of improving the SEM and
the simulation model. In particular, it is assumed taking into account graphic data
interchange in a blended learning environment. Specification of the SEM indicators
will be held by considering new statistic data of the observation.
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