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Abstract 

The meshing hypothesis of learning styles suggests that matching teaching and learning styles 
can promote learning experience. In this research, learning styles (psychological variable), 
gender diversity (surface level variable), learning modes (environmental variable), and 
learning time (learner effort variable) were integrated in a model in order to explore their 
pedagogical impacts on learner performance. The investigated learning environments adopted 
the traditional teaching approach of ‘one-size-fits-all’. Variables of 59 undergraduate students 
were measured using the Index of Learning Styles (ILS), an academic record, and a log file of 
Moodle system. Based on the proposed model, the identified hypotheses were quantitatively 
analysed. Surface level, environmental, and learner effort variables showed to have a 
significant effect on learner performance. However, the meshing hypothesis could not be 
proven. This suggests that other variables are more likely to influence achievement than 
learning styles.  

Keywords: Learning Styles, Gender Diversity, Learning Modes, Learner Effort, Learner 
Achievement   
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1. Introduction  

Many factors have been investigated to address issues that may face learners in different 
learning environments. These cover, for instance, background, demographic factors, prior 
knowledge, working memory capacity, information processing speed, goals, interests, and 
learning styles. According to literature, learning styles have widely been used to avoid a 
‘one-size-fits-all’ teaching approach (Akbulut & Cardak, 2012; Al-Azawei & Badii, 2014; 
Dorça, Lima, Fernandes, & Lopes, 2013; Felder & Brent, 2005). The assumption of this trait 
is that teaching all learners in a one way can negatively influence learning experience due to 
the obvious differences among learners. As such, educational settings have to be catered to 
individual styles. Contrary, Riener & Willingham (2010) argued that scientific evidence 
proved that learners are unequal in their abilities, talents, interests, and prior knowledge, but 
learning styles hypothesis has not been proven. Accordingly, the effectiveness of integrating 
learning styles in educational practice should precisely be explored. The investigation must 
treat learning styles as a possible one factor which may impact learning experience. Moreover, 
the failings of the ‘one-size-fits-all’ as applied in teaching delivery can be tackled if learning 
styles show to affect learning process. 

Although learning styles assumption occupied a considerable attention, many issues still 
surround it. One of these is that an obvious definition is unavailable. Felder (1996) defined 
learning styles as “characteristic strengths and preferences in the ways they take in and 
process information”. This, on the other side, overlaps the concept of cognitive styles 
(Al-Azawei & Badii, 2014). Other debate exists with regard to this trait are the overlap 
among terminologies, stability, and validity of available measurements (Coffield, Moseley, 
Hall, & Ecclestone, 2004; Zhang, 2013). Coffield et al. (2004) reviewed 71 learning style 
models to state that only thirteen models have shown a strong influence in the field of style 
due to their robust theoretical base, domination of use, and impacts on other models.  

Examples of such commonly used models are: Dunn and Dunn model (Dunn & Dunn, 1974), 
Kolb’s model (Kolb, 1981), and Felder and Silverman model (Felder & Silverman, 1988). In 
this research, the Felder and Silverman model was adopted. According to reported studies, this 
model was widely used, more specifically, in Technology Enhanced Learning (TEL) (Akbulut 
& Cardak, 2012; Al-Azawei & Badii, 2014; Graf, Viola, & Leo, 2007). Additionally, it was 
proposed for engineering students where our sample was chosen.  

Based on the meshing hypothesis of learning styles (Pashler & McDaniel, 2008), this study was 
motivated. It incorporated learning styles as a deep level variable, gender diversity as a surface 
level variable, environmental variable, and learner effort variable in the proposed model. The 
psychological trait was used as the central factor. The aims of this integration were to link the 
role of learning styles with learning modes to in-depth explore their pedagogical implications. 
Then, to compare the impacts of all integrated factors on educational practice.   
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2. Learning Modes 

2.1 Traditional learning mode 

Traditional learning represents the most dominant learning method that is applied in teaching 
delivery when learners and teachers are physically in a same place and time. Other synonyms 
to this category are classroom, physical classroom, and Face to Face (F2F) learning. The main 
features of F2F approach is the direct interaction between learners and teachers for clarifying 
unclear concepts, learners can easily collaborate with other peers to get better understanding, 
and verbal and social abilities of learners can be improved (Nussbaum et al., 2009). In contrast, 
it is usually impossible to adapt teaching approaches to cater for preferences of every student in 
large classes. As a consequence, learners are forced to learn by adapting to teachers styles. This 
could be a positive point because a teacher represents an expert in a particular subject. Contrary, 
they might struggle to adapt to a particular teaching approach. The restrictions of time, place 
and costs are other issues in this mode. This leads to developing other learning methods to 
overcome such drawbacks. 

2.2 Blended learning mode 

As with other new terminologies in the area of learning, ‘blended learning’ does not have an 
acceptable definition by all researchers. Simply, blended learning can be identified as the use 
of two or more learning modes provided that traditional learning is one of them. According to 
Garrison & Kanuka (2004), blended learning means “the thoughtful integration of classroom 
face-to-face learning experiences with online learning experiences”. Procter (2003) stated that 
an acceptable definition for blended learning can be provided by integrating the concepts of 
learning and teaching styles. Hence, it was defined as “the effective combination of different 
modes of delivery, models of teaching and styles of learning”. However, theoretically and 
practically using a form of distance or e-learning with F2F learning can be called blended 
learning irrespective of other constraints.  

Using this mode could represent the optimal way of learning delivery since it combines the 
advantages of different modes as well as overcoming the shortages of individual one. As such, 
most educational institutions around the world have used Learning Management Systems 
(LMSs) alongside traditional classes to enhance, for example, learning delivery, flexibility, 
availability, and manageability.  

 

3. Felder and Silverman Learning Styles Model (FSLSM) 

Even though the model ‘neither comprehensive nor original’ (Felder & Silverman, 1988), it 
was dominant in recent years, specifically, in Adaptive Educational Hypermedia Systems 
(AEHSs) (Akbulut & Cardak, 2012; Al-Azawei & Badii, 2014). The model was originally 
included five dimensions. In 2002, Felder excluded the inductive/ deductive and modified the 
visual/ auditory dimensions. The former was omitted because the dominant teaching approach 
in engineering settings is deductive. The latter, on the other hand, was modified because his 
perspective is that auditory comprises only spoken words or other sounds, whereas written 
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words cannot be included under this category. Felder mentioned that the viewpoint of 
psychologists is that human brain converts written words into their equivalent of spoken words. 
Thus, verbal can include spoken and written words, but not vice versa. The new version of the 
model includes the following dimensions: 

• Processing (active/ reflective): the main features of active learners are doing something, 
working in groups and more likely to be experimentalists. Reflective learners prefer to think 
about content and work alone. 

• Perception (sensing/ intuitive): the most distinguishing features of sensing learners are: 
preferring facts, following instructors’ approach of problem solving, and patient with details. 
In contrast, intuitive learners prefer complicated and abstract content and use their own 
approach in problem solving. 

• Input (visual/verbal): visual learners prefer pictorial learning materials such as images, 
animations, graphs, videos and charts. Verbal learners tend to prefer explanation by other peers 
or instructors and written texts. 

• Understanding (sequential/ global): the most preferences of sequential learners are 
learning step by step and without considering the whole picture, whilst global learners make 
leaps to understand the general picture and connect different concepts together. In order to 
explicitly diagnose learning styles in accordance with this model, the Index of Learning Styles 
(ILS) was proposed (Felder & Soloman, n.d.). 

3.1 The Index of Learning Styles (ILS) 

This questionnaire consists of 44 items, freely available, and self-assessment instrument 
(Felder & Soloman, n.d.). Each dimension is deduced by asking eleven questions. Learners 
should choose either (a) or (b) for each question. The (a) options are to infer the first pole, for 
example, active, whereas the (b) options are to identify another one. The scales are between 
+11 and -11 and only odd numbers are used. For instance, if a learner chooses an (a) option, the 
value is incremented by +1, whereas if a (b) option is chosen, the value is decremented by -1. 
Applying such scales facilitates the description of learner styles in more details and allows for 
diagnosing mild, moderate and strong preferences. The scores 1 and 3 mean that a user has a 
balanced or mild tendency, 5 and 7 represent a moderate style and the highest scores of 9 and 
11 indicate a very strong preference.  

3.2 Critique of the ILS 

The accuracy of identifying learning style dimensions underlies the reliability and validity of a 
psychometric instrument that was proposed to infer a model. Reliability means “a measure of 
how free the scale is from random error”, whereas validity refers to “how accurately a scale 
measures what it is intended to measure” (Pallant, 2013).  

Hawk & Shah (2007) stated that there is no adequate evidence to support the reliability and 
validity of the ILS. On the other hand, Zywno (2003) concluded that the four dimensions met 
the acceptable level of internal consistency reliability and the construct validity was proven. 
Felder & Spurlin (2005) showed that the ILS was validated in ten universities and four 
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countries based on English engineering population. Litzinger, Lee, Wise, & Felder (2007) 
measured the reliability and validity of the questionnaire by participation of 448 undergraduate 
and postgraduate students. They fill in the original version and a modified one. The results 
indicated that the original version generated acceptable levels of reliability. Further, factor 
analysis and the feedback of students supported its validity. This leads to the conclusion that 
changing the instrument even to enhance it seems ‘ill-advised’. In summary, reported literature 
showed that the ILS has widely been accepted irrespective of some critiques (Akbulut & 
Cardak, 2012; Al-Azawei & Badii, 2014). Figure 1 depicts this model and the scoring (1-11) 
that identifies learning styles of each dimension (adapted from Felder & Silverman (1988)). 

 

Figure 1. FSLSM and the Scores of ILS 

 

4. Theoretical Framework 

Studies have not produced conclusive evidence either for, or against, the possible impacts of 
learning styles on achievement. This indicates that further investigations are required to 
contribute providing evidence to inform our current state of knowledge. All learning style 
models were proposed to be used in the traditional learning. Psychologists suggest that 
instructors have firstly to identify learning styles of students. Then, teaching styles should be 
accommodated in accordance with learner preferences (Felder & Brent, 2005; Felder & 
Silverman, 1988). Empirical research focuses on distinguishing to which extent that learning 
styles affect learning outcome (Akbulut & Cardak, 2012). This is due to the absence of 
adequate evidence to support the pedagogical implications of learning styles (Mayer, 2011; 
Pashler & McDaniel, 2008). Hence, we linked learning styles with learning modes to explore 
the impacts of this trait on educational practice. Both investigated environments used a direct 
teaching approach. It means “a systematic way of planning, communicating, and delivering in 
the classroom” (Cagiltay, Yildirim, & Aksu, 2006). This approach suggests that all learners can 
learn in the same speed and way. Accordingly, learning styles was incorporated to understand 
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the differences of learner performance in such learning modes. Furthermore, to infer the 
complex correlation of other factors, surface level and learner effort factors were also 
integrated in the model.  

In spite of the history of learning styles research, the pedagogical impacts of this trait have to 
thoroughly be searched (Mayer, 2011). According to the best of authors’ knowledge, studies 
have not taken into account if the implications of learning styles link with a learning mode. 
Thus, this study contributes to reveal such relationship as well as comparing the pedagogical 
influences of several variables. Generally, the study concludes that learning styles did not seem 
to influence learning outcome whether in traditional or blended learning modes. Moreover, 
surface level, environmental, and learner effort variables showed to affect learner achievement. 
The effect of these variables was explained in accordance with subject matter, the social 
constructivist learning theory, and student engagement respectively.  

 

5. Learning Styles and Learner Performance 

A rigorous procedure has to be followed to examine the correlation between learning styles and 
learner performance. Participants should be divided into matching, mismatching and control 
groups. Then, all groups should perform a summative assessment to compare the results. This 
procedure was not followed in this research because it aims to explore the role of learning 
styles in non-adaptive learning environments where preferences of some learners were 
mismatched. Brown, Brailsford, Fisher, & Moore (2009) stated that most empirical studies did 
not consider the statistical significance of learning styles and there was a bias of choosing a 
sample. Such failings might reveal the reason that underlies producing inconsistent results.  

In the study that performed by Chamillard & Sward (2005), learning styles of 80 students were 
inferred using the ILS, LSI of Kolb and the Keirsey Temperament Sorter. A persistent synergy 
between learner achievement and learning styles was found. Zapalska & Brozik (2006) used 
VARK model to identify learning styles. Although the research concluded that performance 
can be improved if teaching and learning styles are matched, it did not show any statistical 
results and the sample size was quite small (25 undergraduate students).   

In contrast, the influence of learning styles, learning patterns, and demographic factors (age, 
gender, online learning experience, ethnic groups, and job status) on learner performance were 
tested by Lu, Yu, & Liu (2003). The statistical results showed that learning styles did not affect 
learner performance. Similarly, Brown (2007) examined the influence of two dimensions of 
FSLSM (visual/ verbal and sequential/ global) in two case studies. In the first one, the input 
dimension (visual/ verbal) of 109 students was deduced, whereas the understanding dimension 
(sequential/ global) of 82 students was identified in the second case study. Students were 
randomly partitioned into match, mismatch and neutral groups. The study was carefully 
designed and data were quantitatively analysed. The overall results did not show any 
significant relationship between learning style dimensions and learning outcome. This finding 
was supported by Campbell & Johnstone (2010). Kolb’s learning style model was adopted to 
deduce learners’ styles. A total of 74 undergraduate students in a programming course were 
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included in the experiment. ANOVA test was used to examine the identified hypotheses: “H0: 
Students of each KLSI group achieve the same results, H1: Students of each KLSI group 
achieve different results”. As a result, the null hypothesis was not rejected.  

 

6. Research Methodology 

6.1 Study sample 

A total of 59 students represented the subject of the study. This sample size is sufficient in 
order to conduct a quantitative analysis. According to Pallant (2013), 30 participants can be 
considered as an acceptable sample size in the quantitative method. Their age ranged from 18 
to 26 where the majority of them were from 18 to 20 (74.57%). Furthermore, females 
participated more than males (male=25 and female= 34). 

6.2 Contexts 

The first course was Fundamentals of Programming Language I (FPL I). This course was 
taught using a Face to Face learning. Before the end of the semester, students were requested to 
use Moodle. However, because of the time constraint and low experience of students in 
e-learning systems, they could not use it properly. This leads to solely relying on the traditional 
classes. In the second semester, Moodle was fully applied to support the traditional learning. 
Hence, students have studied the Fundamentals of Programming Language II (FPL II) in a 
blended learning environment.  

The courses were similar except that the first one was shorter because of a registration issue for 
the first semester and first year students which needs some time. The FPL II was delivered over 
a 14 week term. Both courses comprised two hours of lectures and two hours of laboratory 
work per week. All learning materials of the second course were uploaded as pdf or ppt files to 
the Moodle learning management system to improve discovery and retrieval. In order to 
enhance students’ social interaction, they were encouraged to use communication tools of 
Moodle such as forum and wiki. 

6.3 Data collection 

6.3.1 Research instrument 

All students consented to participate in the study. They were requested to fill in the 
questionnaire in the classroom and using announcement page of Moodle. The instrument 
consisted of two parts. While the first one identified demographic features of participants, the 
second part comprised the ILS. All questions were translated into Arabic language because 
undergraduate students in Iraq have a modest English ability. This can facilitate understanding 
of questions and saving participants time.  

6.3.2 Academic record 

The average of two written exams and one laboratory test as well as the weekly activities of 
learners in lectures were gathered to represent their performance in the first course. Same 
approach was used to assess student achievement in the second course except that two online 
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tests were used instead of written exams. 

6.3.3 Log file 

Lu et al. [22] assumed that the total number of hits can be used as an indicator about the time 
that students spent to learn a subject. Based on this assumption, the number of hits on the 
course site as recorded in the log file of Moodle was used to account the time that students 
spent to learn the educational materials. The frequency of visiting the course site was divided 
into four categories: infrequent (0-50), less frequent (51-100), frequent (101-200) and very 
frequent (201-400).  

6.4 Research model and hypotheses 

The dependent variable is learner performance. It means the extent to which a learner meets 
his/ her goals and ambitions. The proposed model suggests that, psychological, surface level, 
environmental, and learner effort variables affect learning outcome (Figure 2). Six hypotheses 
were developed according to the model dimensions.  

• Psychological variable: this represents the identified learning styles. It was dealt as the 
central variable in this analysis. Thus, we hypothesised that:  

H1a: There is a positive effect of learning styles based on the ILS on learner performance in a 
traditional learning environment.  

H1b: There is a positive effect of learning styles based on the ILS on learner performance in a 
blended learning environment.  

• Surface level variable: Vanderheyden & De Baets (2015) consider gender and age group 
as surface level variables that might affect learner satisfaction and performance. Based on their 
consideration, only gender was incorporated in our model. Other surface level variables such as 
ethnicity and age group were not taken into account because the sample was homogeneous that 
shared very similar characteristics.    

H2a: There is a positive effect of gender diversity on learner performance in a traditional 
learning environment.  

H2b: There is a positive effect of gender diversity on learner performance in a blended learning 
environment. 

• Environmental variable: this represents learning modes. It was assumed that a learning 
environment affects student performance. As such, their achievement may change or improve 
according to this factor.  

H3: There is a positive effect of learning modes on learner performance. 

• Learner effort variable: learning time may indicate the effort that students spend during the 
course. It is difficult to know the time that students spent to study, more specifically, in the 
traditional learning.  In online learning, the interaction with a system can give hints about the 
approximate time that they spent. Accordingly, the relationship between the total number of 
hits on the course site and learner performance was investigated.  
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H4: There is a positive effect of learning time on learner performance in a blended learning 
mode. 

6.5 Data analysis 

The software SPSS (Statistical Package for the Social Sciences) version 22 for windows 7 was 
used. The analysis techniques included the computing of mean (M), frequency, standard 
deviation (SD), and Pearson coefficient correlation as descriptive statistics and t-test, ANOVA, 
and MANOVA as inferential tests.  

Learning style scores, gender diversity, learning modes, and the total number of hits represent 
the independent variables, whereas student performance of in the academic year represent the 
dependent variable. The P-Value of (0.05) was adopted to examine the statistical significance 
among the identified factors. 

  

Figure 2. The proposed model 

7. Results 

The study aimed to thoroughly reveal the implications of different variables pertaining to 
student achievement. The distribution of the ILS scores indicated that the dominant styles of 
participants were active (N= 38, M=3.83, SD=2.4), sensing (N= 40, M=4.75, SD=2.83), visual 
(N= 42, M=5.1, SD=2.89), and sequential (N= 41, M=3.93, SD=3.1). This result is in 
agreement with the assumption of psychologists that engineering students are more likely to be 
active, sensing, visual, and sequential (Felder & Silverman, 1988; Felder & Spurlin, 2005). The 
normal distribution test of mean scores was conducted in both learning modes. As depicted in 
box plots (Figures 3 and 4) that the mean scores were approximately normally distributed for 
gender in both learning modes.  

Pearson’s coefficient correlation was applied to measure the correlation between gender and 
learner performance. In the traditional mode, a negative moderate correlation coefficient was 
found between mean scores and gender (r= -0.418, P= 0.001). This result to some extent is 
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similar to the correlation coefficient in the second course (r= -0.372, P= 0.004). With regard to 
the relationship between average of scores and the total number of hits, a positive moderate 
correlation coefficient was revealed (r= 0.386, P= 0.003). The correlation between gender 
diversity (surface level variable) and learning styles (deep level variable) was also measured 
using MANOVA test. Males significantly tended to adopt visual preferences than females as 
depicted in Table 1.  

Table 1. The relationship between gender and learning style (Male= 25, Female= 34) 

 Gender M SD MANOVA 

Active/ Reflective 
Male 3.58 2.24 F= 1.3, P=0.52 

Female 2.94 2.02 

Sensing/ Intuitive 
Male 3.58 2.16 F= 2.16, P=0.14 

Female 4.66 3.08 

Visual/ Verbal 
Male 4.92 2.53 F= 5.41, P=0.024 

Female 3.51 2.07 

Sequential/ Global 
Male 2.54 2.04 F=0.68, P=0.41 

Female 3.00 2.11 

Table 2 summurises the research findings. ANOVA test was used to examine the correlation 
between the psychological variable and performance (H1a and H1b). Moreover, 
independent-samples t-test was performed to compare performance according to gender 
differences (H2a and H2b). Paired-samples t-test was applied to explore the statistical 
significance of the environmental variable (H3). We also conducted ANOVA test to reveal the 
role of learner effort variable (H4).  

 

Figure 3. Gender and scores distribution in 
traditional learning mode 

Figure 4. Gender and scores distribution in 
blended learning mode 
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Table 2. The findings of the identified hypotheses 

Hypotheses Statistics  Finding

H1a: Learning styles in the 
traditional learning 
environment.  

FProcessing=3.117, P=0.083; FPerception=2.210, 
P=0.143; FInput=0.002, P=0.964; 
FUnderstanding=0.015, P=0.903 

Rejected

H1b: Learning styles in the 
blended learning 
environment. 

FProcessing= 8.144, P= 0.006; FPerception= 0.422, 
P= 0.519;  FInput= 1.227, P= 0.273; 
FUnderstanding= 1.54, P= 0.22 

Rejected

H2a: Gender diversity in the 
traditional learning 
environment.  

Male (25) M= 26.33, SD = 10.2 

Female (34) M= 19.4, SD = 4.912 

T (57)= 3.474, P= 0.001 

Retained

H2b: Gender diversity in the 
blended learning 
environment. 

Male (25): M= 31.583, SD = 11.1 

Female (34): M= 24.657, SD = 6.44 

T (57)= 3.025, P= 0.004 

Retained

H3: Learning modes and 
learner performance. 

Traditional: M= 22.22, SD = 8.217, Blended: 
M= 27.475, SD= 9.227, Paired-samples T-Test: 
T (58)= 5.39, P < 0.001 

Retained

H4: Learning time and learner 
performance. 

P (Welch Test) = 0.008,  

P (Brown-Forsythe Test) = 0.04 

Retained

  

Although the results of ANOVA test of H1a and H1b did not show a significant difference 
among learner performance and learning style groups, further analysis was conducted using 
t-test to reveal the differences of mean scores of each pole in the FSLSM. Overall results 
showed that reflective and intuitive learners did better than active and sensing students in both 
environments (Table 3). However, the differences were not significant except of processing 
dimension in the blended mode.   

Table 3. The differences in the mean scores according to learning styles dimensions 

Traditional Learning Mode Blended Learning Mode 
MActive= 21.3, SDActive= 7.9, MReflective= 23.8, 
SDReflective= 8.5, T (57) = 3.025, P=0.25. 

MActive= 25.3, SDActive= 7.8, MReflective= 31.2, 
SDReflective= 10.5, T (57) = 2.42, P=0.019. 

MSensing=20.9, SDSensing=7.49, MIntuitive=25, 
SDIntuitive=9.15, T (57) =1.82, P=0.073. 

MSensing=26.6, SDSensing=8.76, MIntuitive=29.21, 
SDIntuitive=10.15, T (57) =0.99, P=0.32. 

MVisual= 22.1, SDVisual=7.3, MVerbal= 22.3, 
SDVerbal= 10.3, T (57) =0.78, P=0.93. 

MVisual=26.7, SDVisual =9.3, MVerbal=29.3, 
SDVerbal=8.9, T (57) =0.99, P=0.32. 

MSequential= 22.2, SDSequential= 8.5, 
MGlobal=22.2, SDGlobal=7.6, T (57)=0.001, 
P=0.99. 

MSequential=26.5, SDSequential=8.6, MGlobal=29.6, 
SDGlobal=10.4, T (57) =1.18, P=0.24. 
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8. Discussion  

8.1 The psychological variable 

As previously discussed that convincing evidence either to confirm or to reject the possible 
implications of learning styles was not produced. In this investigation, learning styles did not 
seem to affect learner achievement in the traditional mode (H1a). In the blended environment, 
a consistent result was obtained, except of the processing dimension (H1b). A reflective learner 
who uses an analytical strategy achieved significantly higher than an active one (P=0.006). In 
the traditional learning, reflective learners also did better than active learners, but the 
difference was not significant (P=0.083). Generally, literature showed that reflective learners 
performed better than active in programming courses (Allert, 2003). This might be accounted 
to the nature of such courses that requires deep reflection on learning content. This finding is in 
agreement with the assumption of this dimension as explained by Felder & Silverman (1988). 
To precisely know how large the effect in this result is, the eta squared was calculated. It 
indicates a moderate effect of 0.09 as recommended by Pallant (2013). The finding may 
assume that learners can adjust their learning styles according to teaching approaches to 
contribute the studies that pointed out student performance is an independent from their styles 
(Brown, 2007; Campbell & Johnstone, 2010).  

8.2 The surface level variable 

Studies on gender diversity and learner performance in programming courses produced 
inconsistent results (Lau & Yuen, 2009). In the work that conducted by Pioro (2004), women 
did better than men in a programming course where their achievement was significantly higher 
in multiple-choices and programming problems measurements. Contrary, Lau & Yuen (2009) 
showed that there was no significant gender diversity in programming performance. 
Furthermore, the effect of gender on the preferred learning approach was also examined to 
indicate that men are more likely to use a non-linear approach than women (Cagiltay et al., 
2006).  

In this study, gender diversity indicated a strong influence on learner performance. Men did 
better than women in the traditional and blended learning modes. Although, this is in 
agreement with the conclusion of Pioro (2004) that gender differences affect learner 
performance, it contrasts his finding to show that men achieved higher scores. The 
cross-cultural differences should be taken into account to explain such inconsistent results. 
With regard to the relationship between gender and learning styles, the significant difference 
was only found in the input dimension. Females tended to prefer verbal presentation than visual 
one (P=0.024). Boyle, Neumann, Furedy, & Westbury (2010) stated that the achievement of 
women was significantly better than men in verbal tasks. This means that they prefer this type 
of presentation as revealed in this research. However, we did not find any differences in their 
performance according to visual/ verbal preferences.  

The study suggests that gender has to be considered to accommodate programming courses in 
accordance with individual differences. However, the subject matter should not be neglected 
because this variable might affect learner performance in some courses, whereas it may not 
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work in others. In order to help our academic understanding regarding the impact of gender 
diversity, we recommend examining this variable in different courses and cultures. 

8.3 The environmental variable 

As presented in Table 2, the paired-samples t-test showed that student achievement was 
influenced by learning modes (H3). They achieved significantly higher scores in the blended 
learning (Mean difference in the two scores was 5.25). Although such finding unlikely to occur 
by chance, the magnitude of the use of blended learning effect was calculated. The eta squared 
is equal 0.33. Pallant (2013) recommended that eta squared equal or greater than 0.14 
represents a large effect. Thus, we concluded that there was a large influence of using blended 
learning on learner performance. Solimeno, Mebane, Tomai, & Francescato (2008) examined 
the differences of learning modes on achievement in an online and face to face learning to state 
that there is no significant difference in overall learner performance. However, this study 
indicates that blended learning integrates the advantages of traditional and wed-based learning. 
This confirms studies that pointed out the positive implications of blended learning on learner 
performance and satisfaction (López-Pérez, Pérez-López, & Rodríguez-Ariza, 2011).  

The social constructivist learning theory highlights the significance of social interaction to 
construct knowledge. Using Moodle system as an assistant learning tool enhanced the 
interaction of ‘learner-learner’ and ‘learner-instructor’ because communication tools such as 
wiki and forum were activated in the course and students were encouraged to use them. 
Discussions and posts in the course site were readable by all participants. This obviously 
helped to clarify unclear concepts and/ or provide further explanations. Thus, students 
benefited from the physical classroom and out of the class interactions. 

8.4 The learner effort variable 

Pashler & McDaniel (2008) identified many factors which leaded to the widespread use and 
popularity of learning styles. From one perspective, learners think that they can learn 
effectively when instructional courses are designed according to their styles. Similarly, when 
students cannot succeed in some courses, they tend to make the responsibility on an 
educational system rather than on themselves or the effort that they spent. This research 
showed that learning effort positively influences learner performance (H4). High frequent 
learners achieved better grades than students who used the system rarely. This supports the 
finding of H3 that the use of blended learning can improve learning outcome. 

Unsurprisingly, students have to rely on their personal effort to meet their objectives and 
ambitions rather than blaming educational systems or their luck. In addition, the study 
encourages instructors to use effective learning technologies alongside the traditional method 
to engage their students and to enhance their learning ability.  

 

9. Implications and Limitations 

The added value of our study compared with literature is twofold. Firstly, the meshing 
hypothesis of learning styles was not supported in both learning modes. This contrasts the 
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assumption of psychologists that ignoring learner styles leads to low achievement (Felder & 
Brent, 2005; Litzinger et al., 2007). Although the styles and preferences of some learners were 
undoubtedly mismatched because the investigated environments adopted the direct teaching 
approach, this analysis suggests that learners can perform equally well in the traditional and 
blended learning irrespective of their styles. As such, it seems that educational institutions have 
to give attention to other variables in order to improve learning quality. Secondly, the study 
reveals the significant effect of gender diversity, environmental, and learner effort variables on 
learner performance to suggest that considering these variables are more beneficial than 
incorporating learning styles. Although using learning management systems alongside the 
traditional learning approach is still a new trend in some Arabic countries, our study 
encourages educational institutions to adopt such learning technologies to overcome the 
drawbacks of the traditional approach and to engage students.  

Some limitations in the study have to be pointed out. A first restriction is that the sample was 
homogeneous. Collecting data from a heterogeneous population, several classes, and 
universities is more reliable to interpret findings out of contextual variables. Another possible 
limitation is that the total number of hits on the course site and learning time are unnecessarily 
correlated because inefficient browsers may need more time exploring learning content. On the 
other hand, this is the optimal way that we had to measure this variable. Finally, the 
collaborative approach to infer learning styles is an intrusive process. In a case of 
unwillingness of participants to be involved in a study, they may arbitrarily answer the 
questions. This represents the main reason that why we adopted the voluntary approach. 

 

10. Conclusion 

Learning styles was dealt as the central variable to empirically provide evidence about the 
feasibility of incorporating them in educational practice. Gender diversity, learning modes, and 
learning time were also integrated in the model. We concentrate on the role of learning styles in 
different learning environments. The study suggests that learning styles did not correlate with 
learner achievement neither in traditional nor in blended learning modes. The comparison of 
the value of learning styles with other factors indicated that such variables have a stronger 
impact on learner performance than learning styles. Further research is needed to draw a 
general picture about the effectiveness of such variables. This can be achieved by recruiting 
heterogeneous and larger sample as well as replicating the study in different courses and 
universities. 
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