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Abstract

Background: The present study aimed at investigating the designing dimensions of personalized e-learning environment scale
based on intelligent agents and presentation of an integrated model from 11 intelligent agents.
Methods: This study was an applied research with respect to its nature and purpose, and a descriptive and survey research with re-
gards to data collection methodology. The population of the study was 3 main groups: (1) professors in Payame Noor University (15
samples), (2) Ph.D. students in Payame Noor University of Tehran (48 samples), and (3) MA students of E-learning Center in Payame
Noor University of Isfahan (112 samples) during the educational year of 2015 and 2016. To collect data, a researcher made question-
naire of personalized e-learning environment scale for intelligent agents was administered. Data were summarized and analyzed
using Lisrel 8.5 software and SPSS 16 via descriptive indexes and inferential statistics. Using SPSS, the correlation coefficient between
dependent and independent variables were measured, and the path analysis scale was performed to design a casual model, and
finally the proposed fitting scale was measured using Lisrel software.
Results: Results revealed that among the components of personalized e-learning environment pattern based on intelligent agents,
user and electronic content factors were, respectively, the most and least important in the proposed design.
Conclusions: The entire path of the research model was significant, which indicated a proper fitness of the proposed model to
the real world data. Also, research hypotheses were approved, which means designing personalized e-learning environments by
proposed intelligent agents increases the effectiveness of these courses.
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1. Background

Many studies have been conducted in the field of bene-
fits of using information and communication technology
(ICT) in teaching and learning by researchers in various
courses. Learners, who apply ICT in their studies, enjoy
open environment in learning. They become responsible
for their own learning and are better able to make their
own choice in courses and modules (1).

Online educational tools should not only present con-
tent but also should be capable of interacting with users
based on their level of knowledge and methods, and this
can be done through intelligent agents. Intelligent agents
play an important role in personalization of e-learning en-
vironments. In the personalization process, agents pro-
vide behavior of the intelligent system, and intelligent
agents work together to achieve personalization (2). This
research examined the designing dimensions of person-

alized e-learning environment scale based on intelligent
agents and presentation of an integrated model from 11
intelligent agents and communications related to these
agents.

Personalization ensures that educational system con-
siders weakness and strength points of each individual
who participate in educational careers (3). Personalization
of curriculum requires different levels of application due
to reasons like background knowledge, experiences, moti-
vation, and learners’ different behavioral abilities. Intelli-
gent electronic learning systems are capable of analyzing
learners’ behavior to create a proper learning model and
provide oriented feedbacks to improve educational envi-
ronment and adapting it with learners’ desires (4). Person-
alization has a wide range and includes custom systems,
proprietary, and adapted websites. However, personaliza-
tion is when a user clicks on the web page and only ob-
serves the requested content (5).
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In other hands, research indicates that personalized
learning environment has increasingly led to appearance
of intelligent agents whose most notable reason is to de-
termine learners’ ability of continuous monitoring and
achieving. In addition, agents’ characteristics such as au-
tonomy, involvement, reactivity, and their participation
play an effective role in monitoring the learning process
and ultimately presenting the content, tests, and person-
alized recommendations (6). For this reason, constructing
the proposed system in the research depends on multiple
agents.

Intelligent agent is an entity with a level of intelli-
gence and autonomy, which is able to activate and interact
with its environment in to access determined purposes (7).
More recent studies in the field of e-learning have concen-
trated on applying multi-agent systems in electronic edu-
cation environment. In general, intelligent agents are able
to monitor behavior, evaluate learner’s performance and
importance of the way of transmitting recommendations,
and improve quality of learning. Therefore, designing and
implementing e-learning environment has increased (8).
Finally, this study aimed at investigating a model for de-
signing personalized e-learning environment based on in-
telligent agents.

Thakare et al. conducted a research (intelligent on-
line e-learning systems: a comparative study). They sur-
veyed the various online e- learning designs and then made
a comparison among them. Then, they developed an ef-
fective online e- learning system requiring 9 fold agents
based on the proposed model such as analyst profile agent,
resource agent, recommended fuzzy agent, data mining
agent, test agent, adaptive queries agent, user interface
agent, trainer agent and classification agent (8).

Xu et al. in a study applied an intelligent agent-
supported personalized virtual learning environment to
enhance e-learning effectiveness. According to these
researchers, virtual learning environments (VLES) were
grounded in constructivist learning theory, and conse-
quently, they improved personalized functions of learn-
ing since virtual learning environments are able to meet
learner’s various preferences. For this reason, the effec-
tiveness of e-learning will be increased. An empirical
field experiment involving 228 university students was
conducted. The findings suggested that personalized e-
learning facilities enhance online learning effectiveness in
examination, satisfaction, and self-efficacy criteria (7).

This research is a model composed of 11 intelligent
agents and 4 infrastructure layers (Figure 1) as follow:

The first layer or the common layer includes 3 basic
components, which are the manager, the user, and the in-
structor in the e-learning environment.

The second layer or the user layer includes 5 intelligent

agents, which are recording activity, personalization, in-
teraction, the user, and accessibility.

The third layer or the middle layer includes 6 in-
telligent agents, which are educational agent, diagnosis
and recommendation of style, planning agent, e- content
agent, resources location agent, and posttest agent.

The fourth dimension or supporting layer includes in-
structors’ accessibility and responding, advising and sup-
porting, transparency about the structure of the course
and its purposes, and compatibility of supporting and ser-
vices with learners’ needs and features of the courses.

The fifth layer or database includes learner’s pro-
file, teaching-learning theories, personalized recommen-
dations of learning style, e-content, and personalized tests.

A brief explanation of the 11 agents has been provided
in this study as follows:

Accessibility agent: This agent makes possible the fea-
sible accessibility to available resources in the database to
satisfy specific needs of the learners and it activates an ap-
propriate learning environment (7).

Interactive agent: The interactive agent creates a plat-
form, where goals and contents of learning change for par-
ticipation of the users. In addition, this agent changes,
sets, and manipulates content according to the user’s pref-
erences (3).

Personalization agent: Personalization agents of func-
tion make possible learning programs, materials, and ex-
ams. These agents make an interaction between different
learners with the purpose of sending and receiving imme-
diate messages. Moreover, it manages the learning con-
tent, the model of learners, the learning program, and the
corresponding interaction in system (7).

User agent: This agent follows user’s orders, schedules,
meetings, screens e-mails, news, and selects good books.
The purpose of this agent is to reduce users’ workload
through personalizing agents that process personal affairs
efficiently (6).

E-content agent: This agent receives requests from
users, retrieves relevant information from the e- content
data source, and provides information for users through
the agent source.

Planning agent: The intended agent receives questions
and results of exams from learning interface and recom-
mends appropriate lessons to learners.

Recording activity agent: It records learners’ inter-
active activities during the learning process and creates
user’s profile. According to this profile, the agent of model-
ing reviews the model of learner in a certain time sequence
(8).

Educational agent: It is a human simulated agent that
is activated on the computer of users, and it interacts with
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Figure 1. Proposed Prototype Model

learners as they work on web-based educational materials
(6).

Diagnosis and recommendation of style agent: It offers
proper recommendations to the learner, trainer, and the
designer of the educational environment via receiving in-
formation from the learner’s file and output of the system
of the learning style (3).

Posttest agent: It estimates the learner’s capability
and selects an examination form the database of quizzes,
whose difficulty complies with the learner’s capability.
Also, the agent records the ability of the learner in exams
(7).

Resources location agent: It acts as a facilitator and
provider that makes possible placement and uses learning
resources for learners and educators. The resources loca-
tion agent includes a wide range of learning materials that
support and facilitate active learning (7).

Questions in the survey are as follow:

General question: What kind of model can be proposed
for personalized designing e-learning environment based
on intelligent agents?

Specific questions:

1. What is the model proposed for personalized e-
learning environment based on intelligent agents?

2. Is the proposed model of personalized e-learning en-
vironment based on the intelligent agents valid and reli-
able?

3. What are the elements of personalized e-learning en-
vironment based on intelligent agents?

2. Methods

This was an applied study with respect to its nature
and purpose, and a descriptive and survey research with
regards to data collection methodology. The population
of the study was 3 main groups: the first group was the
professors of higher education in Payame Noor University
(15 samples); the second group included Ph.D. students of
higher education in Payame Noor University of Tehran (48
samples); and the third group was the MA students of E-
learning centers in Payame Noor University of Isfahan (112
samples) during the educational year of 2015 and 2016,
which were selected by purposeful random sampling. To
collect data, sample size was determined by Cochran for-
mula (calculating the finite population (N = 175)). Then,
190 researcher-made questionnaires on intelligent agents
were distributed. To measure reliability, the questionnaire
was read and commented by 5 professors of educational
sciences group, and necessary editions were done (79% of
the variance of research variables was specified). Also,
validity of the questionnaire was calculated using Cron-
bach’s Alpha via SPSS for learners’ satisfaction with 95%
confidence interval. The general value of Cronbach’s Alpha
is 0.806.

Data were collected using intelligent agent question-
naires that were answered by respondents in e-learning en-
vironment. The questionnaires were designed according
to 5-point Likert scale, which consists of 52 questions and 11
dimensions based on the 11 desired factors. In a 5-part spec-
trum, the answer was exactly in favor of the score of 1 and
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was given a completely opposing answer to Grade 5.
Data were summarized and analyzed using Lisrel 8.5

software and SPSS 16 via descriptive indexes and inferen-
tial statistics. First of all, data were described using de-
scriptive statistics indexes. Then, to design a casual fit-
ting model, the proposed fitting scale was measured us-
ing Lisrel software. Research variables were applied in all
agents. Using SPSS, the correlation coefficient between de-
pendent and independent variables were measured, and fi-
nally path analysis scale was performed to determine the
casual relationship between the research hypotheses.

Path analysis method used in this research was gener-
alized from regular regression, which is able to identify di-
rect and indirect effects as well as total effect of each inde-
pendent variable to the dependent variables and reason-
ably explains the observed relationship and correlation be-
tween the variables.

Inclusion criteria included taking part in the study,
and at least 1 year of participation in E-learning courses.
Sampling was continued according to criteria of entering
into study gradually until data saturation. With respect
to ethical considerations, it was attempted to preserve the
confidentiality of the data; moreover, research purposes
were described to participants prior to the study and data
collection.

3. Results

From among 175 individuals, 62 were male and 113 fe-
male, 111 had a BA degree (MA student), 49 had an MA (Ph.D.
student), and 15 held a PhD degree.

Also, 42 individuals were instructors, 11 assistant pro-
fessors, 1 associate professor, and 2 professors; moreover, 7
had MA and 111 had BA (MA student) degrees, 87 studied ed-
ucational sciences, 45 IT engineering, 22 psychology, and 21
studied other fields.

3.1. Exploratory Analysis of the Research Variables

In order for research data to be of value and use, it must
be examined for reliability and validity to demonstrate the
rigor and trustworthiness of research. Reliability of the
questionnaire was measured using statistical procedures
such as Cronbach’s alpha coefficient and the results ob-
tained revealed that the questionnaire was reliable and ac-
curate. There are several ways to demonstrate validity, one
of which is confirmatory factor analysis test since the vari-
ables of the research were multi- component. Applying fac-
tor analysis requires identifying whether the factor analy-
sis finds the factors that best fit the available data or not,
that is, to find whether the number of data is enough for
each factor? For this, the Kaiser- Meyer- Olkin (KMO) and

the Bartlett test were used. The Kaiser- Meyer- Olkin (KMO)
measure should be greater than (0.6) and close to 1. The
Bartlett test should be significant (ie, a significance value
of less than 0.05); the outputs of the 2 tests are represented
in Table 1.

Table 1. KMO and Bartlet Tests for the Question Items

Varibles Value

Test KMO 910.0

Bartlet test

χ2 726.761

Degree of freedom 55

Sig < 0.001

According to the results in Table 1, the rate of KMO in-
dex was 0.910 (more than 0.6); therefore, the number of
samples (respondents) for factorial analysis was sufficient.
Also, the sig level of Bartlet test was less than 0.05, show-
ing an appropriateness of factorial analysis for introduc-
ing the structure of factorial model, and thus the assump-
tion for introducing correlation matrix was rejected.

Since the result of KMO and Bartlet tests represent the
appropriateness of data achieved from the questionnaire
for factorial analysis, it is possible to apply the exploratory
analysis on the research questionnaire.

The following diagram is a Scree plot that shows 2
items are known with values more than 1 in their specific
value. The following figure demonstrates changes in re-
lation to their factors. This diagram is used for specify-
ing the optimal number of items. The diagram shows that
changes in the specific value decreases from the second fac-
tor onward, therefore, it is possible to name these 2 factors
as influential factors with the most important role in de-
termining variation in data.

In exploratory factorial analysis, the method of princi-
ple components was used to elicit the factors and Varimax
rotation and Kaiser Normalization was used for rotating
factors. Decision- making criteria for survival or deleting
the questionnaire items using factorial analysis was the
shared values of their elicited amounts, so that if the value
of eliciting value for each question was less than 0.5, that
question would have been set aside from factorial analy-
sis. Also, the decision- making criteria for classification
questions were the specific values more than 1 and facto-
rial scores more than 0.4. Results of exploratory analysis
are presented in Table 2.

According to Table 2, the value of the elicited shared
value for the entire questions was more than 0.5, and none
of the questions needed to be removed.
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Figure 2. Scree Plot

Table 2. The Matrix for Rotated Factors Using the Method of Analyzing the Main
Component and the Method of Varimax Rotation or Keisar Normalization

Questions First Factor Second Factor Extraction
Subscription

User Middle

User factor 0.776 0.303 0.693

Activity
recording factor

0.801 0.221 0.691

Personalization
factor

0.787 0.184 0.653

Interaction
factor

0.619 0.440 0.577

Accessibility
factor

0.674 0.342 0.571

Educational
factor

0.211 0.768 0.634

Diagnosis and
Recommenda-
tion factor of
style

0.294 0.783 0.699

Planning factor 0.122 0.800 0.655

Electronic
content factor

0.361 0.616 0.510

Replacement
resources factor

0.557 0.575 0.641

Posttest factor 0.425 0.652 0.606

The variance
explained by
each factor

5.585 1.072 -

The percentage
of variance
explained

53.25 9.74 -

The criteria for selecting each scale in its specific cat-
egory was the value of factorial load as observed in Table

2, and the value of factorial load for the 5 components of
the user factor, activity recording factor, personalized fac-
tor, interaction factor and Accessibility factor was greater
than 0.4 and had a higher coefficient than the second cat-
egory. Therefore, these components belong to the first
class components and the second class component in ac-
cordance with the factorial load components including ed-
ucational factor, diagnosis and recommendation factor of
style, planning factor, electronic content factor, replace-
ment resources factor and posttest factor. Also, accord-
ing to tables, the factor or the first component is a user
that specifies 53.25% of the changes in the main variable
and then the middle variable that specifies 9.74% of the
changes in the main variable related to this factor.

Partial least square software is designed to estimate
and test structural equation models. The intended soft-
ware using correlation coefficient and covariance between
the measured variables, estimate factor loadings, vari-
ances, and errors of latent variables, and it is used for im-
plementing exploratory factor analysis, confirmatory fac-
tor analysis, second-order factor analysis, and path analy-
sis (causal modeling with latent variables). The most im-
portant reason for using this method is abnormal data or
small sample size. There are 2 main steps for analyzing
models using interpretive structural modeling with par-
tial least square approach that includes model fitting and
hypothesis testing.

Factor loadings were calculated by correlation indexes
values (questions) of a structure with another one.

To examine the structural model, several criteria
should be fitted, the first of which is used to measure struc-
tures relations in the criteria model of significant numbers
of t or the same t-values. Such numbers should be greater
than 1.96 to confirm the relationship between structures
and research hypotheses with 95% confidence interval.
However, t numbers just show the correctness of relations
and cannot measure the intensity of structures. The results
of path coefficient are presented in Figure 3.

GOF criteria is related to the general section of struc-
tural equation modeling. Three values of 0.01, 0.25, and
0.36 are used as weak, average, and strong values, respec-
tively, for GOF (Wetzels et al., 2009). This criterion can be
calculated using the following formula:

(1)GOF =

√
communalitie×R2

As a result (communalities) is equal to 0.37. According
to the values of R2 in Table 3, R2 is equal to 1.00.

Accordingly, the order of calculated GOF values is as fol-
lows:

(2)GOF =
√
0.37× 1.00 =0.61
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According to the 3 values of 0.01, 0.25, and 0.36 for
weak, average, and strong values for GOF, the result of 0.61
represents high fitting of the model.

Grading of variables using Freedman test to analyze
the importance and grading of the influence of the e-
learning environment patterns were personalized based

on smart agents using Freedman test; the results are re-
ported in Tables 4 and 5.

Results revealed that among the components of per-
sonalized electronic learning environment pattern based
on intelligent agents, components user, accessibility, plan-
ning, activity recording, personalized, replacement re-
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Table 3. GOF Criterion

Variables Communality R Square

User 0.418492

Middle 0.226672

Environment 0.507185 1.00000

Table 4. Results of Friedman Test Ranks

Indexes Mean Rank

User factor 6.99

Activity recording factor 6.10

Personalized factor 6.06

Integration factor 5.83

Accessibility factor 6.57

Educational factor 5.81

Diagnosis and recommendation factor of style 5.57

Planning factor 6.23

Electronic content factor 5.13

Replacement resources factor 5.96

Post- test factor 5.73

Table 5. Results of Freedman Test Analysisa

Indexes Mean of Grade Grate

User factor 6.99 1

Activity recording factor 6.10 4

Personalized factor 6.06 5

Integration factor 5.83 7

Accessibility factor 6.57 2

Educational factor 5.81 8

Diagnosis and recommendation factor of
style

5.57 10

Planning factor 6.23 3

Electronic content factor 5.13 11

Replacement resources factor 5.96 6

Post- test factor 5.73 9

aNumber, 175; K-Squire, 41.720; Degree of freedom, 10; Significance, 0.001.

sources, interaction, educational, post-test, diagnosis and
recommendation style and electronic content factors
were, respectively, the most and least important among in-
telligent agents in the proposed design.

4. Discussion and Conclusion

The present study aimed at investigating the designing
dimensions of personalized e-learning environment scale
based on intelligent agents. Findings of this study revealed
that overall paths in the research were significant and that
the research hypotheses were approved, which indicates a
proper fitness of the proposed model from real world data.
Designing dimensions of personalized e-learning environ-
ment scale by applying intelligent agents and presenting
an integrated model from 11 intelligent agents contributed
to the effectiveness of the courses.

Based on the purpose of this research, one of the con-
siderable issues in educational systems and specially e-
learning environments is recognizing learner’s needs and
designing the curriculum based on users’ abilities. More-
over, offering proper recommendations, continuous mon-
itoring and attention to feedback from learners in a learn-
ing process facilitate targets of this system (5). Personal-
ization of curriculum demands on different levels due to
reasons like background knowledge, experiences, motiva-
tion, and learners’ different behavioral capabilities. Intel-
ligent electronic learning systems are capable of analyzing
learners’ behavior to create proper model learning and or-
derly provide oriented feedbacks to improve educational
environment and adjust it with learners’ desires (4).

On the other hand, research indicates that personal-
ized learning environment has increasingly led to intelli-
gent agents, and the most notable reason of which is learn-
ers’ ability of continuous monitoring and achieving and
this facilitates the technology of agents and interaction be-
tween learners and educational systems that results in per-
sonalization. In addition, agents’ characteristics such as
autonomy, activism, reactivity, and their participation to-
gether with monitoring learning process, and ultimately
presenting content, tests, and personalized recommenda-
tions play an effective role (6). For this reason, architecture
of the proposed system in the research is on basis of multi-
ple agents.

In fact, intelligent agents are a modern technology and
innovative concept. Intelligent agents are used to con-
duct repeated and expected missions in electronic educa-
tion systems. Features of intelligent agents include learner
autonomy, social ability, adaptability, and responsiveness.
Therefore, this application can give rise to proper activity
and response to provide e-learning environment without
participation of users (7).

More recent studies in the field of e-learning have con-
centrated in applying multi- agent systems in electronic
education environment. In general, intelligent agents are
able to monitor behavior, evaluate learner’s performance
and importance of the way of transmitting recommenda-
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tions, and improve quality of learning. Thus, implement-
ing e-learning environment has increased (8).

Results of Freedman test revealed that among the com-
ponents of personalized electronic learning environment
pattern based on intelligent agents, components user, ac-
cessibility, planning, activity recording, personalized, re-
placement resources, interaction, educational, posttest,
diagnosis, and recommendation style and electronic con-
tent factors are, respectively, the most and least important
among intelligent agents in the proposed design.

Nowadays, online educational tools should not only
present content but also should be capable of interacting
with users based on their level of knowledge and meth-
ods, which are done through intelligent agents. Intelli-
gent electronic learning systems are capable of analyzing
learners’ behavior to create a proper model of learning
and orderly provide oriented feedbacks for improving ed-
ucational environment and adapting it with learners’ de-
sires (4).

In this article, there are some suggestions as follow:
1. Organizations should be monitored to ensure the

quality of courses and e-learning institutions in particular
and encourage them to use experts who are active in this
field.

2. Changing from paper and procedures to executive
dimension of e-learning at all steps and training skilled
specialists with their own style.

3. Emphasizing multiple interactive e-learning and
supporting courses comprehensively.

4. Considering individuals’ differences and learners’
various needs and diversity of techniques, tools and e-
learning- based environment.

Footnote
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