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Abstract—Even though the effectiveness of e-collaboration has
been empirically confirmed, some researchers and educators
still find it a challenge in leading to meaningful learning
outcomes. The main goal of this study is to explore the
relationship between e-collaborative learning experience and
students learning outcomes with moderating and mediating
effects of social, teaching and cognitive presences. The study
intends to investigate whether e-collaborative learning
experience with social, teaching and cognitive presences as the
mediator and moderator constructs are predictors of students
learning outcomes. The Community of Inquiry (Col) survey
instrument, collaborative learning questionnaire and pre-test-
post-test questions were used to collect data through an
experimental research design involving 60 students. The results
show that the constructs of the hypothesized model are reliable
and valid. The results from structural equation modeling also
demonstrated that e-collaborative learning experience strongly
predict learning outcomes indirectly through the mediating
and moderating effects of the three presences.
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I. INTRODUCTION

E-collaboration is defined as the collaboration among
groups of students engaged in a common task using
electronic technologies [1-3]. As opposed to e-learning
solutions, which are designed to provide environment for
personal or individual learning, e-collaboration aims at
supporting group interactivities where collaborators become
more engaged in knowledge creation and sharing, it also
improve the quality of online pedagogy [4, 5].

Carefully structured collaborative learning can is
an important step in changing the passive and impersonal
character of many Higher Educational Institutions (HEIs).
More importantly e-collaboration can help in knowledge
construction, information sharing and to work on group
project anytime anywhere [6].

Despite the popularity of the Community of Inquiry
(Col) Model in leading to successful educational
experiences, researchers over the years have started
questioning the lack of empirical evidence to prove that the
Col constructs of social presence, teaching presence and
cognitive presence will result in deep and meaningful
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learning outcomes [7-10]. More importantly, “the reliance
of prior Col studies on students’ self-reports of learning
may suggest a potential and important research limitation”
[10].

The goal of this study is therefore to investigate the
impact of e-collaborative learning experience on learning
outcomes with the mediating and moderating effect of
teaching, cognitive and social presences. Therefore the
study intends to investigate whether collaborative learning
experience with the interdependences of the three presences
as the mediator and moderator constructs are predictors of
students learning outcomes.

II. LITERATURE REVIEW

A. Deep and Meaningful Learning

Meaningful and deep learning are related concepts. Deep
learning refers to “the critical examination of new facts and
the effort to make numerous connections with existing
knowledge structures” [7].

Meaningful learning is the conception that the new
knowledge to acquire is related with previous knowledge. It
emphasizes relating new information to information already
known by the learner. Meaningful learning is associated
with problem-based and discovery learning approaches
where the learners are expected to formulate relationship
between new and existing concepts.

According to Fyrenius, et al. [11], there are three related
prerequisites to meaningful learning: pre-understanding,
relevant context, and activities. This study involve the use of
problem-based, discovery and brainstorming approaches
after which learning was measured using post-test and
students perceive e-collaborative teaching and learning.

B. Social Presence

Social presence is the ability of participants in the Col to be
able to identify with the community of learners or study
partners, their ability to project and present their personal
characteristics into the online community as real person and
not as faceless contributors. It also include the degree to
which sense of belonging is felt among those participants,
the ability of participants to thrust the environment,
communicate purposefully and develop interpersonal
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relationships [12]. The three main indicators of social
presence are affective expression, open communication, and
group cohesion. Research has shown that social presence
cannot by itself lead to the development of critical discourse
likewise “it is difficult for such discourse to develop without
it” [13, 14]. On the other hand, some researchers sees
“social presence as a mediating variable between teaching
presence and cognitive presence” [13] [12].

C. Teaching Presence

Teaching presence consists of two main activities; the
design of the course content and the facilitation of learning
processes [15, 16]. Teaching presence can be carried out by
any participant in a Col; nevertheless, in an educational
environment, this can be the sole responsibility of the
teachers or instructors. The first of these activities, the
design of the course contents involve the selection, design,
organization and development of teaching and learning
materials and assessments criteria.

The second activity, the facilitation of learning
processes, can be shared by both the teacher and the
students in a Col. This will involve some elements of
students-teacher or students-students interactions. It is
believed that teaching presence is a means to an end to
support and enhance social and cognitive presence for the
purpose of realizing educational outcomes. Thus, the roles
of the instructor in online learning environment are
collectively referred to as teaching presence [7].

D. Cognitive Presence

Cognitive presence is the extent and the ability to which the
participants or students within a community of inquiry are
able to construct meaning and confirm it through sustained
communication. It consists of four elements: the triggering
event, exploration, integration and resolution [15-17].

It has been envisage that learning environments that
exhibit high degrees of all three elements will lead to higher
order learning for students. Will the findings from this study
support this argument or not?

E. E-collaborative Learning Experience
An e-collaboration environment should be effective enough
to support knowledge construction within the community of
inquiry. In this study it is characterized by the following six
elements efficiency, attractiveness, simple navigation,
consistency, visibility and controllability

F. Learning Outcomes

The main purpose for learning is to acquire meaningful
knowledge and skills so as to be able to apply what has been
learnt. However, knowledge cannot be directly measured,
but only through the performance and action resulting from
learning can be observed and measured [18]. [19]
categorized learning outcomes into three categories: 1)
psychomotor learning outcomes (e.g. accuracy, efficiency,
and response magnitude); 2) cognitive learning outcomes
(knowledge, performance achievement, comprehension,

analysis and application); and 3) affective learning
outcomes (e.g. students perceived attitude, satisfaction,
appreciation for the learning environment). This study
focuses on the cognitive measure of learning outcome by
utilizing performance achievement — a direct measure of
learning outcome to measure students learning.

G. Application of Above Constructs in the Study

The above mentioned constructs as described in sub-
sections A-F, forms the key elements upon which data were
collected for this study. Thus, important variables were
deduced for each element to test the relationships among the
observed and latent variables.

III. METHODOLOGY

A. Participants

The total participants were sixty (N=60) undergraduate
students enrolled in Introduction to Business Information
Systems (IBIS) course for May-August 2014 semester at
University Teknologi PETRONAS (UTP).

B. Sampling Method

For the purpose of adopting a particular course in per-
semester basis and to be able to have adequate number of
participants, the sample for this study was not randomly
selected; rather participants were drawn from students
enrolled in a course after the researcher seek permission
from the lecturer to conduct the study in the class. It was
therefore a convenience sampling method.

C. Instrumentation

The four instruments used to collect data for this study
are: the Col Survey instrument, the collaborative learning
experience questionnaire, and the pre-test and post-test
questions. The collaborative learning experience construct
was adapted from [20-22] and consisted of six variables (i.e.
attractiveness, simple navigation, consistency, visibility,
controllability and efficiency) and it consisted of 24
questions. The Col survey instrument was adapted from
[23] and consisted of 34 questions categorized under three
main elements (i.e. perceived teaching, social and cognitive
presences). The two questionnaires were scored using five-
point likert scale ranging from °‘l=strongly disagree’ to
‘S=strongly agree’. Finally, the learning outcome construct
was measured using one variable (i.e. the post-test score)
and it consisted of 20 questions.

D. Experimentation and Data Collection

Fig. 1 demonstrated the experimental research design and
data collection processes for this study. After course
selection and getting approval from the lecturer of the
course to use the class for experimenting with TELERECS
e-collaboration environment [24], the instructor then
randomly assigned the classes into two major groups: the
control and the experimental groups of participants. The
control group is the group using the conventional methods
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of in-class collaboration. The experimental group is the
group using the ‘TELERECS’ e-collaboration environment.
Both groups were involved in the pre-test and post-test
activities. However, only the experimental group was
involved in the two surveys

Comparison

| Experimental Groups | ~]Event]
Pre-test ‘

1. Community of Inquiry Survey
2. Effective for Teamwork Survey

Comparison Comparison

Control Groups | ————————"—— | Post-test

t Comparison

Figure 1: Experimentation and Data Collection Method

E. Data Analysis

Descriptive analysis was conducted on the data to find
the mean and standard deviation scores of the constructs.
Secondly, factor loadings, construct reliability and validity
were conducted on data. Finally, structural equation
modeling analyses were conducted on data to investigate
how collaborative learning experience influence learning
outcomes directly or indirectly through the mediation and
moderation of the interdependence of presences (teaching
presence, cognitive presence and learning presence). The
goal is that if collaborative learning experience is to be used
to support meaningful learning, then the relevant constructs
and their relationship need to be examined. The
hypothesized relationships model among the constructs is
shown in Fig. 2. SmartPLS statistical tool was used to
conduct the path analysis. The data was then interpreted
with an alpha level of 0.05 for all significance tests in the
study. The path analysis was used to test hypothesis Hol.

Hoyl: the interdependencies of teaching, social and cognitive
presences will negatively mediate the relationships between
E-collaborative learning experience and learning outcomes.
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= Perceheed Teaching Presence
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Figure 2: Hypothesized Relationship Model
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The hypothesized model in Fig. 2 was analyzed using
SmartPLS structural equation modeling tool. Factor
loadings were conducted in SmartPLS for all constructs in
the model to assess their loadings on their respective latent
constructs. Factor loadings that were less than 0.5 as
recommended by Hulland [25] were then excluded from the
model. This is to ensure that the constituents of the model
load sufficiently on other factors. The outputs of the factor
analysis are presented in Table II.

IV. RESULTS

A. Descriptive Statistics of Sample

The descriptive analysis of the data as illustrated in Table I
shows that 60 students participated in the surveys. In
addition, Table I also shows that the mean for all the
constructs were greater than 4 out of the maximum of 5.
While the standard deviations of the constructs ranges from
0.28 for teaching presence to 0.49 for collaborative learning
experience. The closer the Standard Deviation is to 0, the
more reliable the Mean is. Therefore, the values of the
standard deviations in this study imply that most of the
values are positioned very close to the mean. This also
indicated that there is very little volatility in the sample.

TABLE 1. DESCRIPTIVE STATISTICS OF STUDIED

CONSTRUCTS

Mean Std. Dev. N
Post-Test-Scores 4.09 358 60
Teaching Presence 4.11 .280 60
Social Presence 4.11 .380 60
Cognitive Presence 4.10 335 60
Collaborative Learning 4.07 487 60
Experience

B. Constructs Reliability and Factor Loadings

The results of the reliability coefficient were highly
significant as shown in Table II. The results of both
Cronbah’s and composite reliabilities exceed the minimum
threshold of > 0.6, which suggested that there is a higher
level of internal consistency reliability among all the latent
constructs.

The main reason for performing factor analysis on data
is “to summarize data so that relationships and patterns can
be easily interpreted and understood. It is normally used to
regroup variables into a limited set of clusters based on
shared variance. Hence, it helps to isolate constructs and
concepts” [26]. Loadings can range from -1 to 1. The
outputs of the factor analysis are presented in Table II.
According to Hulland [25] the higher the loading the higher
is the shared variance between the construct. The factor
loadings in Table II range from 0.5-1 which demonstrated
that the factors strongly affect their corresponding latent
constructs.
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TABLE II: FACTOR LOADINGS, CRONBACH’S ALPHA, AND

COMPOSITE RELIABILITY
Latent Indicators Factor Cronbach’s | Composite
Variable Loadings Alpha Reliability
Teaching Al 0.5
Presence (TP) | A10 0.8
All 0.6
Al2 0.6
Al3 0.7 0.7 08
AS 0.5
A6 0.6
A9 0.5
Social B2 0.6
Presence (SP) | B4 0.6
B5 0.7
B6 0.7 0.8 0.8
B7 0.8
B8 0.6
B9 0.6
Cognitive Cl 0.6
Presence (CP) | C11 0.5
C2 0.5
C3 0.5
C4 0.7 0.8 0.8
C5 0.6
C6 0.6
C7 0.7
C8 0.7
Collaborative | BU2 0.7
Learning BU3 0.8
Experience BU4 0.7
(Collab) CUl 0.6
Cu2 0.6
CU3 0.6
Cu4 0.6
EU1 0.6 0.9 0.9
EU2 0.5
EU3 0.5
EU4 0.7
FU1 0.7
FU2 0.8
FU3 0.7
FU4 0.8
Learning
Outcomes POSTTEST | 1.0 1.0 1.0
(LO)

C. Constructs Validity

According to Golafshani [27] validity is used to determine
whether the means of measurement are accurate, whether
the research truly measures what it is intended to measure
and how truthful the research results are. Therefore, this
research employed construct validity to investigate whether
the two sets of research instruments are designed to measure
the right constructs. Both convergent and discriminant
validities of the constructs in the model are validated. The
results are discussed below:

1) Convergent Validity Result

Convergent validity also known as composite reliability is
the “degree of agreement in two or more measures of the
same construct” [28]. Two measures of convergent
reliability are Composite Reliability (CR) and Cronbach’s
Alpha (a)). In PLS, the recommended benchmark is that the
value of CR > 7 and the recommended threshold for a. > 0.6.
In addition, the convergent validity was also confirmed
using Fornell and Larcker [29] recommendation which
suggested that convergent validity is established, if the value
of average variance-extracted (AVE) is greater than or equal
to 0.5. The results from this study as shown in Table III
demonstrated that the values of AVE are greater than or
equal to the threshold of 0.5. This implies that the scale of
the constructs possessed convergent validity.

TABLE III: LATENT VARIABLE CORRELATIONS AND AVE

Construct 1 2 3 AVE R? Q?
(=0.5) | (=0.19) | (=0)

1. E-

collaborative 1.0 1.00 NA NA

learning

experience

2. Learning

Outcomes 03 |10 1.00 | 0.50 0.42

3. Presences

0.5 0.7 1.0 0.79 0.21 0.14

2) Discriminant Validity Result

In a PLS context, the discriminant validity is confirmed if
"the diagonal elements are significantly higher than the oft-
diagonal values in the corresponding rows and columns. The
diagonal elements are the square root of the AVE score for
each construct" [25, 28, 30]. The results from this study as
shown in Table III agreed to these conditions. The results
demonstrated that discriminant validity is well established.

D. Structural Equation Model Results

Fig. 3 illustrates the results of the structural equation
model for Hypothesized Relationship Model in Fig. 2.

9

om0
I
084
w7
Presences \
045 059
Collab  —1.00 | ——H 10— Lo
005
CoLLAB @ Learning Qutcomes

Moderating Effect
1

Figure 3: Structural Equation Modeling Results
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The results in Fig. 3 show the standardized path
coefficients/regression weight (B) that is the numbers on the
arrow, which illustrate whether the relationships between
the constructs are positive or negative and whether they are
statistically significant. In addition, the results also show the
values for the endogenous latent variable/squared multiple
correlations (R?) in the blue circles, which illustrate “the
amount of variance of the dependent constructs that can be
explained by the independent constructs” [18].
Furthermore, Figure 3 also shows the values of the factor
loadings for the computed constructs on the arrow to the
yellow rectangles. These values ranges from 1.00 for both
Collab and Learning outcome (LO); 0.93 for SP, 0.90 for
CP and 0.84 for TP. The factor loading provide evidence for
convergent validity since many of the constructs load was
greater than the benchmark of 0.5 [25].

Both R? and path coefficient can be used to determine
the effect of the control constructs on predictors. The
results as depicted in Fig. 3 show the values of the
coefficient of determination, R? in the blue circles. The
main purpose of the R? is to help determine the overall
impact of the effect. The rule of thumb according to Chin
[31], Chin, et al. [32] suggested that R?> value of 0.67
indicate substantial model fit, R?> value of 0.33 indicate
moderate model fit, while value of 0.19 indicate weak
model fit. Looking at Fig. 3, the value of R? is 0.50 for the
learning outcome endogenous latent variable. This implies
that the two latent constructs (COLLAB and Presences)
moderately explain 50% of the variance in Learning
Outcomes. COLLAB also explain 21% of the variance of
Presences.

In addition, the numbers on the arrow to the blue circles
in Fig. 3 indicate the values of the path coefficients (). The
main purpose of path coefficient is to help determine the
direction of the effect (i.e. either positive or negative). They
also “explain how strong the effect of one variable is on
another variable” [33]. Thus, Fig. 3 shows that Presences
has the strongest effect on Learning Outcomes (0.69),
followed by COLLAB (0.02). The hypothesized paths
between COLLAB and Presences, and between Presence
and Learning Outcomes are also statistically significant. On
the other hand, the hypothesized path between COLLAB
and Learning Outcomes is not statistically significant
because the standardized path coefficient (0.02) is less than
the normal threshold of 0.1. These results imply that
Presences is moderately strong predictor of Learning
Outcomes, but collaboration environment alone does not
strongly predict Learning Outcomes directly, a strong
predictive result can only be achieved through the mediating
and moderating effects of presences.

A bootstrapping using 1000 sub-sample was run to
assess the statistical significance of each path coefficient.
“Using a two-tailed t-test with a significance level of 5%,
the path coefficient will be significant if the T-statistics is
larger than 1.96” [33]. The results of the bootstrapping as
shown in Table 5 demonstrated that the relationship
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between E-collaborative learning experience and Learning
Outcomes is positive with B = 0.02, t=0.18, and p = 0.86
indicating that E-collaborative learning experience has
direct positive insignificant relationship with Learning
Outcomes since the value of T statistics is less than the
threshold of > 1.96. This result implies that the
Collaborative learning experience is directly proportional to
learning outcome with a coefficient of 0.02. This clearly
shows that a 100 point of e-collaborative learning
experience will result in 02 points changes in learning
outcomes.

Contrary to the above results, the relationship between
E-collaborative learning experience and Presence was
significant with B = 0.45, t = 4.12, and p = 0.00 indicating
that e-collaborative learning experience has direct positive
and significant relationship with Presence. This means that
100 points changes in e-collaborative learning experience
will result in 45 points changes in presence.

Finally, there is also significant positive relationship
between Presences and Learning Outcomes with f = 0.69, t
= 8.66, and p = 0.00. This indicates that Presences has direct
positive and significant influence on Learning Outcomes.
This result implies that the Presences is directly proportional
to learning outcome with a coefficient of 0.69. This clearly
shows that a 100 point of Presences will result in 69 points
change in Learning Outcomes.

Table IV. COEFFICIENT (B) AND BOOTSTRAPPING RESULTS

Path in the Path Coefficient T Statistics 2 P Value
Model ((8))
Collab ->LO | 0.02 0.18 0.00 0.86
Collab -> 0.45 4.12 0.26 0.00
Presences
Presence -> 0.69 8.66 0.65 0.00
LO

In addition, the effect size (f2) as illustrated in
Table IV, which assesses the magnitude or strength of the
relationship between latent constructs was also examined.
The value of {2 illustrates “how much an exogenous latent
variable contributes to an endogenous latent variable’s R?
value” [33]. The 2 help to assess the overall contribution of
a research study. According to Cohen [34], the {2 value of
0.02 indicate small effect, value of 0.15 indicate medium
effect, while value of 0.35 indicate large effects. The results
from this study as illustrated in Table IV demonstrated that
the value of f2 between Collab and learning Outcomes is
0.00, which indicate little effect; between Collab and
Presences is 0.26, which indicate a medium effect; and
between Presences and Learning Outcomes is 0.65, which
indicate a large effect.

CONCLUSION

The results from the study show that there is a higher level
of internal consistency reliability among all the studied
constructs. Secondly, the results have also demonstrated that
both convergent and discriminant validities of the constructs
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that constitute the hypothesized model are well established.
Finally, the structural equations results have demonstrated
that collaborative learning experience strongly predict
learning outcomes indirectly through the mediating and
moderating effects of the three presences. The results of the
structural equation model therefore lead to the rejection of
the null hypothesis Hol, which stated that teaching, social
and cognitive presences will negatively mediate the
relationships between E-collaborative learning experience
and learning outcomes.
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