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Abstract Current endeavors to integrate students’ personal characteristics with 
e-learning environments designed for the delivery of content to individual students 
are growing. However, few studies have been conducted to investigate how gender 
differences moderate the relationships between students’ perceived personalized 
learning support and learning performance, and between the intention to use a sys-
tem and the users’ learning performance. Drawing together perspectives from the 
literature on developing effective e-learning systems, technology acceptance, and 
gender differences, this research proposes a conceptual model to examine the influ-
ences of the relationships among students’ attitudes, acceptance, gender differences, 
and learning performance. Moreover, a personalized learning system was developed 
by taking learners’ to-be-enhanced concepts and learning preferences into account. 
An experiment was conducted with four classes of Thai high-school students study-
ing the same topic of simple electricity to examining the proposed conceptual model 
as well as evaluate the performance of the personalized learning system. The Par-
tial Least Square technique was employed to analyze data collected from school set-
tings in Thailand. The path coefficient results showed that the perceived usefulness of 
the mastery learning support and intention to use had direct effects on the students’ 
learning performance in the personalized e-learning environment, and that gender 
moderated the relationship between perceived usefulness of conceptual learning sug-
gestions and learning performance, and between intention to use and learning perfor-
mance. These findings suggest that there are direct attitudinal and gender moderating 
factors affecting learning performance in personalized e-learning environments.
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Introduction

With the growing advancement of computers and communication technologies, e-learn-
ing is increasingly being used by schools as a significant approach for improving students’ 
learning performance. E-learning works over the Internet and offers cost-effectiveness, 
time and place-free availability, and delivery efficiency (Klett 2010). Furthermore, it has 
been successfully implemented for promoting learning in various fields including science, 
mathematics, social science, and languages (Chookaew et al. 2014; Wang 2014; Wong-
watkit et al. 2015; Yang et al. 2015a, b)(Klašnja-Milićević, Vesin, Ivanović, & Budimac, 
2011; Lin et al., 2013). With its successful use, researchers have suggested that the essen-
tial components in developing effective e-learning should include navigation, engaging 
learning, feedback, guided direction, fluidity, dynamic experience, learner-centeredness, 
and personalized learning support (Koohang and Paliszkiewicz 2013; Toven-Lindsey 
et al. 2015). Moreover, Garrison (2011) suggested that e-learning environments should 
provide adaptable educational contexts with meaningful and worthwhile learning activ-
ities to promote better learning success. Accordingly, the alignment of e-learning with 
personalized learning support and performance requirements has been recognized as a 
critical success factor in e-learning effectiveness (Chookaew et al. 2015; Wang and Wu 
2011). However, researchers have reported several limitations of the existing learning sup-
port systems (Liu et al. 2008; Schiefele and Csikszentmihalyi 1995; Xie et al. 2019). First, 
students might not know whether they have sufficient understanding of current contents 
to proceed to the next learning stage. Second, the learning tasks and guidance provided 
by the learning systems are usually not based on students’ learning status. Third, the feed-
back from the learning systems is non-informative.

To tackle these flaws, it is necessary to consider the ongoing learning status of 
each student while learning in personal characteristic-based e-learning. Among the 
various ongoing learning status approaches, mastery learning is an effective approach 
(Stiggins 2006). With this approach, the contents of the learning topic are broken 
down, while each learning step is examined to meet the required understanding level 
before going further (Lin et al. 2008). The system can elaborate on insufficient under-
standing by providing learning activities and feedback adapted to the ongoing learn-
ing status of individual students (Martinez and Martinez 1999). Therefore, e-learning 
environments integrating personalized learning support features adopting the mas-
tery learning approach would be a worthwhile development in effective personalized 
e-learning environments to enhance learning performance for individual students.

In recent years, researchers have revealed that positive learning attitudes toward 
e-learning environments with personalized learning support could lead to successful 
learning performance (Ali et  al. 2018; Hwang and Chang 2011; Shih and Gamon 
2001; Sung et al. 2013). Bachari et al. (2011) stated that once students are satisfied 
with a learning environment that is suitable for their preferences and adapted to their 
actual learning situation, they may feel that the environment is useful for improving 
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their learning performance. Moreover, researchers have revealed that students with 
the intention to use an e-learning system show improved learning performance (Lee 
2010; Teo et al. 2009). That is, there are two direct attitudinal factors (perceived per-
sonalized learning support and intention to use) which affect learning performance 
in personalized e-learning environments.

In addition, researchers have suggested that human factors (e.g., age, social sta-
tus, and gender) play a critical role in one’s learning experience (Borun et al. 2010; 
Tarhini et al. 2014). Research related to e-learning environments has indicated that 
there are gender differences found in students’ learning performance, which may 
be influential (Tarhini et  al. 2014; Yang and Chen 2010). The barrier to success-
ful design and implementation of e-learning initiatives is the lack of consideration 
of students’ perceived personalized learning support and intention to use moderated 
by gender differences in personalized e-learning environments. In other words, how 
gender differences affect the way in which students perceive personalized learning 
support and their intention to use e-learning systems requires further investigation.

Certainly, perceived effectiveness of e-learning environments, in terms of indi-
vidual and social learning support, is related to the adoption of e-learning in school 
environments (Cho et al. 2009; Liu et al. 2010). However, few studies have been con-
ducted to analyze the impact of perceived personalized learning support and intention 
to use on students’ learning performance in a personalized e-learning environment, 
not to mention the issue of how gender differences moderate this impact.

Based on the aforementioned issues, the first step of the current work is to prove 
that the personalized e-learning environment used in our experiment is at least as 
effective as traditional instruction at school settings by concerning knowledge acqui-
sition. Next, we focus on the main research question of this study, which is “Are there 
moderating effects of gender differences on learning performance regarding the per-
sonalized e-learning environment?” The rest of the paper is structured as follows: in 
the next section, the literature review and the research model and hypotheses of this 
study are outlined; the method including examination of personalized e-learning envi-
ronment used in our experiment, instrumentation, and conceptual validation of main 
research is then presented followed by results and discussions of the main research.

Literature review

Personalized learning or personal characteristic-based online learning can be referred 
to as analyzing learning background and learning preferences to provide individual 
learning activities (Walonoski and Heffernan 2006; Xie et al. 2019). Personal charac-
teristics include learning performance, cognitive style, learning preference, and poorly/
well-learned concepts (Chen 2010; Hwang et al. 2012; Klašnja-Milićević et al. 2011). 
Personal characteristic-based online learning has been widely used by schools to drive 
the teaching and learning process to enable students to receive appropriate instruc-
tion according to their preferences, resulting in better learning performance. In recent 
years, researchers have revealed successful attempts to integrate personal characteristic-
based approaches into e-learning environments to improve students’ learning perfor-
mance in various educational areas, such as mathematics (Lin et al. 2013; Yang et al. 
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2015a, b), natural science (Chiang et al. 2014; Srisawasdi et al. 2012; Wu et al. 2008), 
health courses (Bossers et al. 2014; DeBate et al. 2014; Lee and Lee 2015; Zhang et al. 
2015), computer science courses (Chookaew et al. 2014; Latham et al. 2014; Yang et al. 
2015a, b), language learning (Latham et  al. 2014; Wongwatkit et  al. 2015), medical 
courses (Lewis et al. 2014; Trukhacheva et al. 2011), and physical education (Huang 
et  al. 2011). Moreover, researchers have suggested that online personalized learning 
environments are an effective approach to promoting students’ achievement, attitudes, 
and motivations (Chookaew et al. 2014; Elgamal et al. 2011; Wang and Huang 2011).

On the other hand, researchers have pointed out that the existing systems only pro-
vide learning guidance corresponding to students’ individual characteristic informa-
tion without feedback during learning activities (Liu et al. 2008). That is, some of the 
learning activities might not be adjusted to meet students’ learning reality (Rodrigues 
and Oliveira 2014), which might affect their learning performance (Chen 2009, 2011; 
Hwang et al. 2012). This shows that analyzing students’ status (e.g., their understand-
ing of the learning content) during the learning process needs to be taken into account.

Mastery learning method provides good guidance for students to engage in self-
paced learning based on their learning progression (Guskey 2010). Students make 
corrections in their learning to meet the criteria set throughout their learning expe-
riences by acquiring a foundation of appropriate knowledge for mastering the rel-
evant concepts (Achufusi and Mgbemena 2012; Amiruddin et al. 2015). During the 
mastery learning process, students are asked to repeatedly practice via assessment. 
They also receive remedial instruction and feedback for improving their learning 
status (Martinez and Martinez 1999; Staiger 1997). Researchers have indicated that 
the mastery learning approach can benefit students in terms of their learning per-
formance, and is applicable to various subjects, including science and mathematics 
(Furo 2014; Ozden 2008; Wambugu and Changeiywo 2008).

The literature discussed above provides useful perspectives and a basis for design-
ing effective personalized e-learning environments; that is, the personalized e-learn-
ing environment employs personal characteristics and adopts the mastery learning 
approach as the pedagogical structure. This learning environment detects conceptual 
learning problems and provides a learning recommendation path for individual stu-
dents, as well as formatting the learning material presentation based on individual 
learning preferences. Learning preference can be defined as the individuals prefer par-
ticular material to present the content or information (Mayer & Massa, 2003). The 
individuals have the different ways to process the information, to learn content, and to 
solve the problem. In other words, they have their own way to deal with information 
and experience for acquiring knowledge (Brock & Cameron, 1999). In addition to that, 
the mastery learning method helps to examine students’ ongoing understanding level.

Research model and hypotheses

Based on the literature review, this study proposes a conceptual model as presented 
in Fig. 1. In the following sub-sections, the rationale for each variable is explained 
in depth and the hypotheses are formulated.
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Students’ perceived usefulness of conceptual learning suggestions

Researchers have suggested that one of the key features of personalized e-learning 
systems is the ability to diagnose conceptual learning problems in order to pro-
vide subsequent learning guidance (Casamayor et  al. 2009; Hwang et  al. 2011, 
2008; Hwang et al. 2013a, b; Wu et al. 2012a, b). For example, Wu et al. (2012a, 
b) proposed a computer-based concept map-oriented learning approach for evaluat-
ing students’ concept map construction and providing corresponding feedback for 
each student. It was found that this approach could help promote students’ learn-
ing achievement and attitudes. Wu et al. (2012a, b) proposed four adaptive testing 
algorithms based on the ordering theory to shorten the testing time and precisely 
diagnose students’ knowledge status. Their results indicated that the system integrat-
ing the proposed algorithms revealed the best performance among other approaches, 
implying that students could be benefited more by participating in the learning 
activities that met their needs better. Hwang et al. (2013a, b.) proposed a group deci-
sion approach for enhancing the concept map-oriented model to diagnose students’ 
conceptual learning problems by domain experts. It showed that students gained bet-
ter learning achievement using this approach. Kim and Lee (2013) developed a web-
based intelligent instruction system for mathematical computation to diagnose stu-
dents’ comprehension status and provide individualized information regarding the 
cause of the error. This procedure was performed by recording students’ behaviors 
and analyzing their responses. Tsai, Ouyang, and Chang (2015) proposed a diag-
nostic mechanism to identify English reading comprehension errors by applying the 
association rule, a data mining technique for mining students’ reading errors. With 
the diagnostic results, the teacher could develop appropriate learning materials that 
could economically facilitate students’ learning outcomes.

There was a consensus among these results that providing conceptual learning 
suggestions in e-learning systems could help students improve their learning per-
formance. This was because the students received the necessary step-wise guidance 
related to their actual learning background which led to achievement of the learning 
goal (Horton 2000). This approach contrasts with conventional online-learning sys-
tems in which the students make efforts and spend time learning all of the learning 
activities regardless of their actual learning problems. That is to say, their learning 
performance in conventional systems is not sufficiently promoted (Wang and Wu 
2011).

Therefore, based on the previous literature, providing conceptual learning sug-
gestions is recognized as one of the personalized learning support features influenc-
ing students’ learning performance in personalized e-learning environments (Merhi 
2015). Consequently, a hypothesis of the effect of perceived usefulness of concep-
tual learning suggestions on learning performance is proposed as follows:

H1 Students’ perceived usefulness of conceptual learning suggestions will have a 
positive effect on their learning performance.
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Students’ perceived material related to learning preference

In a personalized e-learning support system, another kind of personalization infor-
mation which is widely integrated into the system is learning preference (Panjaburee 
and Srisawasdi 2016; Yang et al. 2013). Grasha (2002) defined learning preference 
as a preferred way of learning of individual students. As their learning preferences 
may differ, if the system could analyze and understand how individuals learn, this 
could make their learning easier. A number of studies have shown that integrating 
learning preference analysis into such systems could make e-learning more per-
sonalized (Brady 2013; Popescu 2010; Santo 2006). With the learning preference 
analysis results, the system could provide learning material formatted according to 
the students’ learning preference information; as a result, this could make students’ 
learning performance better (Bajraktarevic et  al. 2003). This perspective has been 
implemented in various fields of educational context including science, computer 
science, and mathematics (Chookaew et al. 2014; Hung et al. 2015; Nguyen 2011; 
Thanyaphongphat and Panjaburee 2019). In the past decade, researchers have widely 
studied whether learning material related to students’ learning preference could 
improve their learning performance in e-learning systems. They found that the stu-
dents had better learning performance in the subject matter because when they per-
ceived that such material made their learning easier, they could have better under-
standing of the learning content (Graf 2007; Halbert et al. 2011; Soflano et al. 2015).

Therefore, based on the previous literature, the formatting of learning material 
in accordance with the student’s learning preference is recognized as one of the 
personalized learning support features influencing learning performance in per-
sonalized e-learning environments (Hwang et al. 2013a, b; Komalawardhana and 
Panjaburee 2018; Tseng et al. 2008; Yang et al. 2013). Consequently, our hypoth-
esis of the effect of perceived material related to learning preference-fit materials 
on learning performance is as follows:

H2 Providing learning preference-fit materials to students has a positive effect on 
their learning performance.

Students’ perceived usefulness of the mastery learning approach

In online-learning support systems, most of the time the systems evaluate the stu-
dents’ learning only through summative assessment, mostly using post-tests. The 
result is that there are some limitations to the students’ progress during the learning 
process and to receiving feedback for improving learning in the subject matter (Liu 
et al. 2008). To address these limitations, one of the formative assessment strategies 
called the “mastery learning approach” has been used for checking and monitoring 
students’ ongoing learning progression toward reaching the required learning objec-
tives, as well as for providing learning feedback to individual students. The approach 
urged the students to be more involved in the supplementary learning activities so 
that they could complete such activities; that is to say, repeated learning may also be 
required in this learning process (Lin et al. 2008; Martinez and Martinez 1999).
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Incorporating an integrated mastery learning approach into an online-learning 
support system would have a great effect on the students’ learning performance (Lin 
et al. 2013; Shafie et al. 2010). During the learning activities, the students are evalu-
ated to ensure that they have met the requirements of each learning unit before mov-
ing on to the next one. On completion of all learning units, they can be expected to 
show improvement in their learning performance (Kularbphettong et al. 2015; Wang 
et al. 2006). In the literature on the applications of the mastery learning approach, 
the findings suggested that learning would be successful when the mastery learn-
ing approach is incorporated into the online personalized learning support system 
(Achufusi and Mgbemena 2012; Adnan Khan and Masood 2013; Furo 2014; Shafie 
et  al. 2010). Moreover, it was found that the students’ perceptions of the mastery 
learning approach had a direct impact on their learning performance (Guskey 2007). 
This was because they felt that such a system offered sufficient reliability for their 
learning, eventually shifting their learning performance (Furo 2014).

Therefore, based on the previous literature, the mastery learning approach is 
recognized as one of the personalized learning support features that influences stu-
dents’ learning performance in personalized e-learning environments (Furo 2014; 
Kularbphettong et al. 2015; Lin et al. 2013; Wongwatkit et al. 2017). Consequently, 
our hypothesis regarding the effect of the perceived usefulness of the mastery learn-
ing approach on learning performance is as follows:

H3 Students’ perceived usefulness of mastery learning has a positive effect on 
their learning performance.

Students’ intention to use the personalized e‑learning system

In the past decades, researchers have found that if one has the intention to use tech-
nology, there will be a great possibility of one accepting that technology (Cheng et al. 
2011). In online-learning support systems, intention to use is one of the key determinants 
of accepting the use of such emerging technology (Aypay et al. 2012). It is an indicator 
used to capture how much effort an individual would like to commit to actually using 
any technology (Ajzen and Fishbein 1980). When students perceive that the system is 
useful for their learning, they will have a greater intention to use that system for learning 
success, not only once but many times in the future (Park 2009; Yi and Hwang 2003). 
This statement is consistent with the ultimate goal of online learning that the more times 
students get involved in the learning, the greater learning acceptance they will have, and 
their successful learning performance will definitely increase. This can happen because 
the online-learning support system could help students learn better in their preferred way 
such that they have a greater intention to learn through the supports of the system, and 
their learning performance finally improves (Chen 2011; Joo et al. 2014).

Therefore, based on the previous literature, researchers have identified a direct 
effect between the intention to use technology and learning performance (Giannakos 
2013; Larmuseau et al. 2018; Merhi 2015). Consequently, our hypothesis regarding 
the effect of intention to use a personalized e-learning system on learning perfor-
mance is as follows:
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H4 Students’ intention to use the system has a positive effect on their learning 
performance.

Moderating effects of gender differences

Although students’ perceptions affect their learning performance in e-learning envi-
ronments, there is another factor that could moderate such relationships, which is 
the gender difference (Borun et al. 2010). In 2001, Putrevu suggested that biological 
factors could lead to information processing differences in e-learning systems; more 
specifically, gender differences are substantial characteristics among students affect-
ing their academic achievement (Huang et al. 2013).

A number of studies have shown that male and female students experience online 
environments differently in several ways, including performance, motivations, per-
ceptions, study habits, and communication behaviors (Chyung 2007; Komalaward-
hana and Panjaburee 2018; Price 2006; Rodríguez-Ardura and Meseguer-Artola 
2019; Rovai and Baker 2005). For example, Cuadrado-García, Ruiz-Molina, and 
Montoro-Pons (2010) found that there are differences between male and female 
students in their use of e-learning and their motivations and satisfactions, while 
Chyung (2007) found that examination scores of younger male and female students 
were significantly different. Park, Kim, Cho, and Han (2019) reported the moderat-
ing effects of gender differences on technology acceptance and perception to use 
multimedia technology. Moghavvemi, Paramanathan, Rahin, and Sharabati (2017) 
also revealed the moderating effects of gender differences on motivations, behavior, 
intention, and performance to use the e-learning system via Facebook. Meanwhile, 
Al-Azawei (2019) suggested that the moderating effects of gender difference influ-
enced the relationship of the individuals toward e-learning system. In addition, Rod-
ríguez-Ardura and Meseguer-Artola (2019) found that the gender difference played a 
significant role in the individuals’ interaction effects on e-learning. Female e-learn-
ers were more driven by positive emotions, while male e-learners were more driven 
by functional and analytical factors.

Based on the gender differences literature, it was found that gender differences 
were considered when studying and developing e-learning environments. By inte-
grating consideration of gender differences with the advantages of personalized 
learning support, male and female students could differently improve their learn-
ing achievement in the personalized e-learning system. Consequently, our hypoth-
esis regarding the moderating effect of gender on the relationship between perceived 
personalized learning supports and intention to use a personalized e-learning system 
and learning performance is as follows:

H1a The relationship between perceived usefulness of conceptual learning sug-
gestion and learning performance is moderated by the gender of the students.

H2a The relationship between learning preference-fit materials and learning per-
formance is moderated by the gender of the students.
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H3a The relationship between the perceived usefulness of mastery learning and 
learning performance is moderated by the gender of the students.

H4a The relationship between intention to use the system and the students’ learn-
ing performance is moderated by the gender of the students.

Method

Personalized e‑learning environment design and effectiveness examination

A personalized e-learning environment was developed for this study. There are two 
main functions for managing learning activities in this environment: the testing and 
diagnosing function, and the monitoring learning function. In the testing and diag-
nosing function, the personalized e-learning system asks students to take an online 
conceptual pretest. After submitting their answers, the system diagnoses individual 
students’ conceptual learning problems. The system provides conceptual learning 
suggestions corresponding to a series of failed concepts as recommended learning 
paths based on the concept map-oriented model (Panjaburee et al. 2010).

Moreover, the system asks the students to complete learning preference question-
naire. After submitting their answers, the system identifies each individual student’s 
learning preference, and then uses this learning preference information to format 
the learning material presentation for individual students. After completing the con-
ceptual test and learning preference questionnaire, the monitoring learning function 
can work based on the concept of the mastery learning approach. This means that, 
through the sequence of the learning units with material related to their personal 
learning preference, each student’s understanding level in each learning unit will be 
detected by the conceptual understanding questions. The system will check if they 
meet the required level, meaning that the student is ready to learn the next concepts 
in the provided learning sequence. On the other hand, the student will receive addi-
tional learning activities corresponding to their monitored understanding level. The 
activities include learning material presentation corresponding to their own learning 
preference, which can be either hands-on activities for verbal and active learners 
or computer simulation for visual and reflective learners, and feedback information. 
Figure 2 shows a set of screenshots from the personalized e-learning environment.

The first part of this experiment began with the two groups of students to learn 
the Simple Electricity topic on a Physics course. The school has five classes for 
15–18-year-old students (M = 16.12, SD = 2.72), who are in the tenth grade in Thai-
land (a total of 187 students: 78 males and 109 females). The five classes were ran-
domly separated into two groups in this part: three classes for the experimental group 
and two classes for the control groups. The experimental group (115 students) was 
engaged the developed personalized e-learning system, while the control group (72 
students) was engaged in traditional instruction in usual school setting with teach-
er’s support. Moreover, in each group was further divided into high-, medium-, and 
low-achieving levels by performing K-mean clustering technique. Using a one-way 
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ANCOVA test of the two groups, experimental group (M = 7.0804, SE = 0.126) and 
control group (M = 7.0351, SE = 0.177), the results showed no significant difference 
F(1,166) = 0.103, p > 0.05. As a consequence, there was no difference between the 
developed personalized e-learning system and the traditional instruction in their 
overall performance of the test. Interestingly, the developed personalized e-learning 
system was more beneficial to low-achieving students compared with students using 
the conventional e-learning system, as shown in Table 1.

The results regarding personalized e-learning system led us to examine the main 
research question raised in this study. Therefore, the main part of this study con-
ducted a survey to collect and analyze the experimental group’s (115 students with 
49 males and 66 females) perceptions on the personalized e-learning environment.

Instrumentation and conceptual validation

There were five constructs to be measured and modeled in this study. Perceived 
personalized learning support refers to the learners’ perceptions of whether the per-
sonalized e-learning environment is helpful to hem in improving their learning per-
formances by providing conceptual learning suggestions and learning preference-fit 
materials. The measure of Perceived Usefulness of Conceptual Learning Suggestion 
(PUCLS) refers to the extent to which the personalized e-learning environment is 
perceived as being helpful for students to receive concept-oriented learning guid-
ance based on their learning problem diagnosis results, which made them more con-
fident to learn in a meaningful way. It consists of three items adopted from the meas-
ure proposed by Hwang et al. (2013a).

The measure of Perceived Learning Preference-fit Materials (PLPM) was com-
posed of five items derived from Graf (2007) and Hung et al. (2015). It refers to the 
extent to which the personalized e-learning environment is perceived to be helpful 
for students to learn through the learning material formatted by their learning prefer-
ences, which made their learning more personalized. Measures of Perceived Useful-
ness of Mastery Learning (PUML) were based on 5 items derived from Gikandi 
et al. (2011), Hwang and Chang (2011), and Srisawasdi and Panjaburee (2015), and 

Table 1  Between-group posttest results of different levels of learning achievement (One-way ANCOVA)

Covariate: Pretest
*p < 0.05

Achieving 
level

Group N Mean SD Adjusted mean Standard error F p

High Experimental 25 8.0800 1.03763 8.082 0.195 0.075 0.786
Control 18 8.1667 0.85749 8.164 0.230

Medium Experimental 71 6.9155 1.70501 6.897 0.179 0.001 0.978
Control 33 6.8485 0.87039 6.888 0.265

Low Experimental 16 6.2500 0.85635 6.253 0.203 16.116 0.001*
Control 6 4.6667 0.51640 4.658 0.336
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refer to the extent to which the personalized e-learning environment is perceived 
to be helpful for students in monitoring their ongoing learning process in order to 
provide them with suitable learning activities and feedback based on their actual 
understanding, which could guarantee their readiness for the next learning units. 
The construct "Intention To Use" (ITU) has been widely investigated in technology 
acceptance studies, and this study adopted 3 items from Liu et al. (2010) which refer 
to the extent to which students would commit to using this system in the future and 
recommending it to their friends. Sixteen items were originally proposed for the four 
constructs: perceived usefulness of conceptual learning suggestion, perceived learn-
ing preference-fit materials, perceived usefulness of mastery learning, and inten-
tion to use. These items are assessed using a five-point Likert scale ranging from 1, 
denoting “Strongly Disagree,” to 5, denoting “Strongly Agree.”

To validate the four constructs of perceived personalized learning support, this 
study assessed their reliability and validity. Cronbach’s α was assessed for internal 
consistency and reliability for each individual item in the construct with a lowest 
accepted value of 0.70 (Cortina 1993; Goffee and Jones 1996). Convergent validity 
was assessed by examining the factor loadings (λ) of each item, composite reliabil-
ity (CR), and the average variance extracted (AVE). The factor loadings (λ) of each 
item were assessed for the strength of the linear correlation between the measuring 
items and the construct with a lowest accepted value of 0.70 (Hair et al. 2006). CR was 
assessed for the internal consistency of each construct with a lowest accepted value of 
0.70 (Chin et al. 2003). AVE was assessed for the amount of variance that is captured 
by the construct in relation to the amount of variance due to measurement error with 
a lowest accepted value of 0.50. Discriminant validity was achieved when the average 
AVE value of any pair of constructs is larger than the squared correlation between that 
pair of constructs. The results of the reliability and convergent validity analysis are 
presented in Table 2, while Table 3 presents the data concerning discriminant validity.

As seen in Table 2, all the Cronbach’s α values were higher than 0.7, showing 
the satisfactory internal consistency reliability of the scales. For convergent validity, 

Table 2  Reliability and 
convergent validity

Construct Item Mean SD λ α CR AVE

PUCLS PUCLS1 4.444 0.729 0.918 0.888 0.931 0.818
PUCLS2 4.486 0.691 0.919
PUCLS3 4.416 0.745 0.875

PLPM PLPM1 4.470 0.682 0.810 0.790 0.877 0.705
PLPM2 4.423 0.679 0.872
PLPM3 4.423 0.679 0.835

PUML PUML1 4.388 0.741 0.803 0.890 0.924 0.753
PUML2 4.470 0.733 0.894
PUML3 4.517 0.700 0.918
PUML4 4.494 0.683 0.852

ITU ITU1 4.494 0.683 0.907 0.900 0.938 0.834
ITU2 4.494 0.700 0.939
ITU3 4.529 0.682 0.892
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all factor loadings were higher than 0.7 and significant, all the four CR values were 
higher than 0.7, and all the four AVE values were higher than 0.5, showing the sat-
isfactory convergent validity of the scales. Table 3 shows that the four scales had 
acceptable discriminant validity. Thirteen items of the final instrument are given in 
the Appendix Table 6.

Moreover, the learning performance (PER) construct was based on 9 multiple-
choice conceptual test items designed by an experienced Physics teacher to assess 
the extent to which students acquired a certain amount of understanding, as learning 
performance, of the learning topic of ‘Simple Electricity’ after following the recom-
mended learning activities from the personalized e-learning system. The total score of 
this test is 9, where the students score 1 point for a correct answer and 0 otherwise. 
The item difficulty index value ranged between 0.38 and 0.66, while the mean difficulty 
index of items was 0.52. The item discrimination index of all items was greater than 
0.26, implying that the items had good discriminative validity (Doran 1980), whereas 
the KR-20 of the test was 0.83, indicating acceptable reliability in internal consistency.

Regarding the fact that the data scale of the PER construct differed from that of 
the other four constructs, the clustering technique was used to cope with this point. 
Many studies have shown that the k-means clustering technique could be used to 
distinguish a dataset into different clusters based on similar data, where the results 
can be easily understood and explained (Huang and Yang 2009; Oyelade et al. 2010; 
Vaessen et al. 2014). Consequently, the k-means clustering technique was then per-
formed to categorize students’ learning performance into three group-based scales 
with 1 denoting “low-achieving,” 2 denoting “medium-achieving,” and 3 denot-
ing “high-achieving” (Chen et al. 2014; Chen and Huang 2013; Hung et al. 2015; 
Hwang and Chang 2011).

Results

In this study, the Partial Least Square (PLS) technique was used to test hypotheses 
regarding which factors affect learning performance in the developed personalized 
e-learning environment (Cheung and Vogel 2013). PLS is a type of Structural Equa-
tion Modeling (SEM) technique used to confirm the validity of the constructs of 
a particular instrument and to assess the structural relationships among constructs 

Table 3  Correlation matrix and 
discriminant validity

Average variances extracted (AVEs) shown on the diagonal
*p < 0.05
***p < 0.01

Construct PUCLS PLPM PUML ITU

PUCLS 0.904
PLPM 0.400*** 0.839
PUML 0.496*** 0.607*** 0.868
ITU 0.544*** 0.203* 0.320*** 0.913
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under conditions of non-normality and small or medium sample size, and to statisti-
cally analyze the posited research hypotheses (Chin 1998). Moreover, PLS is suit-
able for testing the effects of moderators (Pavlou and El Sawy 2006). Before per-
forming PLS analysis for hypothesis testing, there are some fit indices that should be 
considered in order to assess the model’s goodness-of-fit to test whether the model 
fits the data (Hair et al. 2010). To assess the model fit, it is recommended that the p 
values for both the average path coefficient (APC) and the average R-squared (ARS) 
are lower than 0.05, and the average variance inflation factor (AVIF) is lower than 
5 (Faqih and Jaradat 2015). After performing goodness-of-fit analysis, the results 
showed that the structural model has a good fit to the data, as shown in Table  4; 
therefore, it is appropriate to perform PLS analysis in this study.

To test the hypotheses in our structural model with PLS, the path coefficients of 
each path and the R-squared coefficients (R2) were evaluated for the structural paths 
by running the model with bootstrapping. Bootstrapping is a non-parametric method 
to assess the significance level of PLS by generating a certain number of subsamples 
by randomly choosing a case from the original data set (Chin 1998). In this study, 
the number of cases used for bootstrapping is equal to the sample size, which is 
equal to 115 cases, while the number of re-samples used for this study is equal to 
1000. After running bootstrapping, the results of the path coefficients and signifi-
cances are presented in Fig. 3.

Figure  3 shows that there are two direct- and two moderating effects out of 8 
hypotheses which were accepted as follows:

H1 PUCLS on PER (β = 0.333, p = 0.325) was not statistically significant while 
being statistically moderated by gender with H1a (β = 0.167, p = 0.012);

H2 PLPM on PER (β = 0.040, p = 0.294) was not statistically significant while not 
being statistically moderated by gender with H2a (β = 0.095, p = 0.097);

H3 PUML on PER (β = 0.317, p < 0.001) was statistically significant while not 
being statistically moderated by gender with H3a (β = 0.118, p = 0.055);

H4 ITU on PER (β = 0.389, p < 0.001) was statistically significant while being sta-
tistically moderated by gender with H4a (β = 0.128, p = 0.042).

Moreover, Cohen (1988) suggested that the value of the R2 coefficient refers to 
the combined effect size of the predictors in the latent variable blocks (constructs), 
whether or not the effects are indicated by path coefficients, are small, medium, 
or large with the values of 0.02, 0.15, and 0.35, respectively. In this study, the R2 

Table 4  Model overall fit 
measurement (APC, ARS, 
AVIF)

Measure Value p

Average path coefficient (APC) 0.161 0.007
Average r-squared (ARS) 0.326  < 0.001
Average variance inflation factor (AVIF) 1.958
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coefficient was found to be 0.326, indicating a medium size effect. This means the 
structural model is considered to be relevant from a practical point of view.

Discussion

In this study, we examined the effectiveness of the developed personalized e-learn-
ing system through students’ learning performance by comparing with the results 
from the conventional e-learning system without any personalized learning support. 
The findings from the validation phase provide some interesting results that only the 
learning performance of low-achievement students from the developed personalized 
e-learning system was significantly better than the performance of students learning 
with the conventional system, indicating that the personalized e-learning environ-
ment is found to be beneficial for low-achievement students. This finding synchro-
nizes with the results of Hwang et al. (2013a, b), whose study also found that the 
developed personalized learning system could help low-achievement students. This 
was because low-achievement students felt that they had a stronger need to improve 
their learning than others with extra supports. Therefore, such personalized e-learn-
ing environment provided personalized learning supports that could drive their 
learning to fit their learning background and learning preference; moreover, each 
of their ongoing learning process was ensured sufficient understanding, leading to a 
better learning performance.

During the hypotheses testing, we investigated the factors that may affect the 
learning performance on the personalized e-learning environment. The findings, 
summarized in Table  5, reveal that perceived usefulness of mastery learning and 
intention to use had a significant positive influence on learning performance (H3 
and H4). With perceived mastery learning support, students directly experienced it 
during the learning activities as they might get tracked along their learning process, 

Table 5  Summary of hypothesis testing results

*p < 0.05
***p < 0.01

Hypothesis Relationship β p Testing result

Direct effects
 H1 PUCLS → PER 0.033 0.325 Rejected
 H2 PLPM → PER 0.040 0.294 Rejected
 H3 PUML → PER 0.317  < 0.001*** Accepted
 H4 ITU → PER 0.389  < 0.001*** Accepted

Moderating effects
 H1a PUCLS × Gender → PER 0.167 0.012* Accepted
 H2a PLPM × Gender → PER 0.095 0.097 Rejected
 H3a PUML × Gender → PER 0.118 0.055 Rejected
 H4a ITU × Gender → PER 0.128 0.042* Accepted
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and their learning consequences were adapted based on such tracked results. This 
finding was supported by several studies (Liaw and Huang 2013; Rodrigues and 
Oliveira 2014). Additionally, the intention to use could determine the success of the 
students’ learning. As the system was designed with personalized learning supports, 
they felt that it understood their actual learning situation, which led to their intention 
to pursue the learning activities provided such that they could succeed in their learn-
ing. As an attitudinal determinant of intention to use, this result was in line with 
many other studies (e.g., Chen 2011; Liu et al. 2010).

In addition to investigation of the direct effects on learning performance, gen-
der was included as a moderating factor influencing such direct relationships. 
The findings reveal that gender differences could moderate the relationship of 
perceived usefulness of conceptual learning suggestion on learning performance 
(H1a) and intention to use on learning performance (H4a). The students received 
learning suggestions provided the personalized e-learning system as conceptual 
learning guidance. Female and male students could gain knowledge and construct 
understanding in the different way. That is to say, one may process and interpret 
information from visual-guided suggestion better than the other one. Therefore, 
this finding affects their learning performance inevitably. In addition, the differ-
ent genders could moderate the relationship between the intention to use the sys-
tem and the learning performance. Both findings would shift a significant concern 
when developing the online personalized learning system. Specifically, the learn-
ing suggestions shall be designed and presented differently, while other factors 
need to be investigated in order to tackle the effect of intention to use the system 
(e.g., gender-based learning activities or experiences). These findings are aligned 
with several studies.

In recent studies of effect, Chyung (2007) showed that different genders per-
ceived the conceptual learning guidance in online-learning systems differently, 
such that it influences the learning result. Moreover, Tosuntaş et  al. (2015) 
revealed that in online-learning systems, female students tend to show more inten-
tion to use the system than male students, which results in better learning per-
formance. However, the hypothesis of gender moderating the effect of perceived 
material related to learning preference on learning performance was rejected 
(H2a), which was in agreement with the results of several studies (Yukselturk and 
Bulut 2009). This could imply that our developed system could be beneficial for 
all genders in terms of the perceived material related to learning preference, even-
tually reducing the learning gaps between the different learning preferences of the 
students.
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Conclusions

In this study, a personalized e-learning system was developed by taking students’ 
to-be enhanced concepts and learning preferences into account. An examination was 
conducted to investigate the value of the personalized e-learning system. In addition, 
a conceptual model with hypotheses was proposed based on the literature for investi-
gating the factors that could affect the students’ learning performance.

The findings from this empirical study serve to offer valuable contributions to the 
field of online-learning systems with personalized learning support. Importantly, it 
could support enhancements in developing personalized learning support systems 
by considering the mastery learning approach to promote students’ learning perfor-
mance. In addition, this research also provides a great contribution to the existing 
literature. First, this study has contributed to theoretically better understanding the 
factors of personalized learning features that could influence the learning success in 
such systems. Second, the findings of the main study revealed that gender difference 
issue has a particular effect on the learning performance. Therefore, it is necessary to 
consider this issue when developing a personalized learning environment in order to 
enable the learning system to be more potent in meeting with specific requirements, 
learning behavior, and learning experience of females and males. Consequently, the 
system might provide and present proper learning activities with the inclusion of pos-
itive perception and acceptance of the system resulting in a well-learned performance.

However, this study has some limitations. Firstly, the results could not be general-
ized to other subjects since the participants of this study were limited; also, the nature 
of other subjects might be different. Secondly, the sampling method used in this study 
was based on class-based groups of students, and thus freedom of group participa-
tion in the experiment was limited. Based on these limitations, therefore, we suggest 
some guidelines for future studies. There should be more implementation in other 
subjects to investigate the results that might be affected by the differences in courses. 
Other human factors, e.g., computer experience, could be considered as moderating 
effects that could influence the effects on learning performance. Moreover, percep-
tional effects on learning motivation should also be studied.
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See Table 6.
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