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Abstract— The use of Facebook, in higher education, has

become common place presumably due to a general
belief that the platform can promote information flows
between students and with staff as well as increasing a
sense of community engagement. This study sets out to
examine the academic use of Facebook groups using data
analysis in order to determine if there are educational
benefits and if Facebook group based learning strategies
can be evaluated quickly and relatively easily. The data
analysis involved utilising Social Network Analysis
(SNA) in examining two Facebook groups; one undergraduate ‘course’ based group with 135 members and one
under-graduate first year ‘module’ based group with 123
members. The SNA metrics included degree centrality,
betweeness centrality, clustering coefficient and
eigenvector centrality. The study also involved
conducting a survey and interviews drawn from users of
the Facebook groups to validate the utility of the SNA
metrics. Results from the validation phase of the data
analysis suggested that degree centrality is a useful guide
to positive attitudes towards information flows, whilst
betweenness centrality is useful for detecting a sense of
academic community. The validation outcomes also
suggest that high clustering coefficient scores were
associated with a lower perception of academic
community. The analysis of the data sets also found that
the ‘course’ based group had higher scores for degree
centrality and betweenness. This suggests that the
‘course’ based group provided a better experience of
information access and a sense of academic community.
Follow up interviews with respondents suggested that the
‘course’ based Facebook group may have had higher
scores because it included more real world acquaintances
than the ‘module’ based group.
Index Terms— Data Analysis; Social Network Analysis;

Social Media; Facebook; Education
I.

INTRODUCTION

In recent years there has been widespread Interest in
the educational use of social media [1]. In general terms
social media use by academics is regarded favourably for
promoting communication although with some

misgivings about the blurring of private and professional
information spaces [2]. Social media has, for example,
also been utilised for informal learning, in support of
more formal content delivery based learning [1, 3]. The
academic use of social media has been viewed favourably
for providing a means for information flow [4] and
collaboration [5] as well as a platform to support
academic community [6]. It has been suggested that
social media can enhance learning, by providing access to
information and a means to support collaboration largely
due to student familiarity with the software [7].
The academic use of social media has focused in
particular on Facebook as it is the most widely adopted
amongst students [8]. In similar terms to social media in
general it has been stated that Facebook in particular may
enable student to student communication as well as
student to staff [9]. Facebook has also been utilised as an
educational tool to promote student engagement [10, 11,
12]. Furthermore it has been argued that Facebook may
increase the sense of an academic ‘community of
practice’ [13]. In a similar vein Facebook was positively
received by students as a means of promoting community
[14]. However not all of the findings suggest favourable
outcomes from the adoption of Facebook, for example
Dyson et al [15] found that it did not increase
engagement in traditionally delivered fact to face lectures
when it was adopted to support students in preparing for
class.
If you favour the view that educational technology
should be a means of assisting students in improving their
academic performance, there is growing evidence that
Facebook use may be problematic. It has been reported
that educational affordances associated with Facebook
are not correlated with intensive Facebook use [16]. In a
pair of studies it was argued by Junco [17, 18] that
academic performance was negatively correlated with
Facebook use probably due to the fact that students’
concentration was diluted when multi-tasking between
academic work and Facebook [17]. Although the follow
up study suggested that the effect was limited to first year
under-graduates [18]. There has been other subsequent
studies that found that there was no linear relationship
between Facebook and Grade Point Average (GPA) albeit
based upon self-reporting in a survey [19]. Furthermore

there was a study that suggested that the negative impact
was not related to Facebook use per see rather it was to
gaming activities associated with the social media site
[20]. More recently the potentially negative aspects of
social media accessed on mobile devises has been
confirmed [21].
Broadly speaking there is consensus in the literature
that Social Media in general and Facebook in particular,
cannot be leveraged to improve academic performance.
On the other hand, there is support in the literature for the
belief that Social Media, including Facebook, can
facilitate the flow of academically useful information and
promote academic community. Findings such as these
suggest the possibility of both positive and negative
outcomes; we therefore pose the question ‘is it possible to
detect these outcomes by means of data analysis?’.
Social Network Analysis (SNA) provides a means of
examining social networks by providing metrics
concerning the underlying social graph. SNA takes
pairwise relationships and yields scores describing a
range of traffic and clustering connections. If SNA could
be used to indicate the usefulness of a Facebook group in
terms of information flow and community, it would
provide a relatively quick and straightforward way of
indicating the software usefulness to users.
This study examines two Facebook groups, one
oriented around a course the other around a single
module. A follow up survey was used to validate the
analysis and interviews were used to gain insight into
why the results might have occurred. Specifically, the
research question under examination is;
Are SNA measures useful to examine the health of
academic Facebook groups in terms of information
availability and the experience of community?
This paper is organized as follow; section 1 provides a
background and rationale for the study. Section II
contains a literature review in the areas of SNA, Social
Media and Education. Section III is the methodology
section containing an explanation of the SNA metrics
utilized and the validation process. Section IV contains a
description of the findings from the SNA analysis whilst
the second results section (V) contains an outline of how
the SNA results were validated. The VI and VII sections
contain a discussion and conclusions about the findings
of the study and their impact.
II.

SNA IN SOCIAL MEDIA & EDUCATION

Social Network Analysis (SNA) has had a long
tradition in providing a means to understand the structure
and information flows of social networks in both social
media and academic media. In terms of social media
based studies Willging [22] used degree centrality,
betweenness and clique scores in order to analyse a
discussion forum and was able to find central members,
bridges (betweenness) and social isolates. In addition
Willging [22] argued that SNA could uncover
relationships not revealed by other analytical methods.
SNA can provide graphic visualisation which can aid in
the understanding of computer use [23]. Furthermore it

was suggested that raw data such as number of posts was
likely to overlook structural characteristics of the social
graph [22].
Mislove et al [24] examined a number of social media
sites including Orkut, YouTube and Flikr using SNA. In
Mislove et al [24] it was argued that the use of SNA
would enable an in-depth analysis of such software and
afford information likely to be useful in the design of
social media systems. The study made use of the SNA
concepts of degree (in-degree and out-degree), link
symmetry and clustering coefficient. The results of the
study indicated that the social graphs were made up of
high levels of link symmetry and clusters of low degree
nodes connected to other clusters by high degree nodes
(bridges). In addition it was found that the graph
contained a large, densely connected core and was linked
together by about 10% of the nodes with the highest
degree [24].
In another study concerned with examining social
media by means of SNA, Catanese et al [25] analysed
Facebook. The study made use of degree distribution,
clustering coefficients and eigenvector centrality scores.
It was suggested in the paper that social media should be
studied as online interactions would increasingly mirror
real world communities and were rapidly becoming the
tools of choice for communication. The study found that
the higher the degree centrality the lower the clustering
coefficient scores. The finding is perhaps to be expected,
given the formula for cluster coefficient is the ratio of
number of actual links over number of possible links
between neighbouring nodes [25].
SNA has also been used extensively in educationally
related social media. It has been suggested that the
overall use of SNA in the study of e-learning has been
increasing in the last several years [26], for example
helping students understand social media [27]. SNA has
also been used to aid in the understanding of student
participation in social media learning interactions [28].
Other topics researched using SNA include the
evaluation of software tools [29, 30], the study of
interaction patterns in collaborative learning [31, 32] and
investigation of the roles of students and tutors [33, 34,
35]. Degree centrality and density measures have also
been used to measure participation in online discussions
[36]. SNA measures have been utilised in comparison
with student performance i.e. degree centrality and
betweenness co-related to performance. In a similar
study it was found that higher scores of degree centrality
and betweenness was associated with higher quality of
academic work [37].
The most popular measures in the published literature,
as analysed by Cela [26], were degree centrality and
betweenness and to a much lesser extent clustering
techniques. It is these three measures together with
eigenvector centrality that are used in this study and
discussed in the next section.

III.

METHODOLOGY - SNA METRICS

This section begins with a brief background on the
development of SNA. The metrics that are intrinsic to this
data analysis are also explained.
One of the first studies in SNA was carried out by
Moreno [38] on sociometrics and then later by Heider
[39] on triad equilibrium analysis. These ideas were
related to graph theory created by Konig in 1936 intended
as a formal tool for the study of social structures [40].
SNA involves analysing a graph and its component subgraphs with the purpose of examining connections
between individuals and groups. Graphs are sometimes
referred to as sociograms in the context of relationships
between people [41]. SNA provides a set of descriptive
procedures to determine how the graph behaves along
with methods to test the appropriateness of experimental
propositions [42]. In order to understand the resultant
graphs, the structure of ‘nodes’ and ‘edges’ in the graph
corresponding to entities and relationships respectively
are analysed. Features of the graph such as degree
centrality (closeness to centre by connections) density
(the number of connections in the graph) and the idea of
strong and weak ties are all concepts frequently used in
SNA studies of social media [43]. SNA methods have
also been validated against other methods such as
interviews [44]. Therefore, it can be argued that SNA
methods have the potential of providing an insight into
the structure of the social graph constructed by social
media.
Degree Centrality
Measuring the network location of a node is known as
centrality whilst the number of nodes linked to a given
node is known as the degree of the node. Figure 1
displays a ‘kite’ network showing a simple graph.

Or conceptually as; Degree centrality of node i = sum
of all edges of nodes connected to i
For example node H is connected to nodes G,F and I
and thus 𝐶𝐷 (𝐻) = 3.
B. Betweenness Centrality
Often times when social network analysis is applied to
social media interactions high degree is considered to be
a measure of connectedness, however it is worth noting
that whilst node D has the highest degree it is only
connected to nodes that are connected to one another.
Betweenness centrality in a graph refers to the number of
times a node falls on the shortest path in essence the
effect on the graph if the node is removed. Therefore,
although node D has the highest degree, node H is the
only connector for J and I therefore the betweenness
score for H is higher.
Betweenness centrality is
expressed mathematically as:
𝐶𝐵 (𝑣) = ∑𝑠≠𝑣≠𝑡∈𝑉

𝜎𝑠𝑡

.

(2)

Or conceptually as;
Betweenness centrality of node i = for all relevant
nodes; total shortest paths, fraction of shortest paths I,
sum over all pairs
For example, for node B;
𝐶𝐵 (𝐵) = ∑𝑠≠𝑣≠𝑡∈𝑉

A.

Fig. 1.

𝜎𝑠𝑡 (𝑣)

𝜎𝑠𝑡 (𝐵)
𝜎𝑠𝑡

1

 = (𝐴𝑎𝑛𝑑𝐸) .
2

(3)

To summarise, for each pair of nodes, first calculate
the shortest path between the nodes. Then for each pair
of nodes, determine the fraction of shortest paths that
pass through the node in question (here, node v) then sum
this fraction over all pairs of nodes. Finally, 𝜎𝑠𝑡 is the
total number of shortest paths from node s to
node t and 𝜎𝑠𝑡 (𝑣) is the number of those paths that pass
through v [45].
Figure 2 shows the same type of graph as figure 1, but
with node size denoting betweenness centrality score.
Thus node H has the highest score.

Basic graph with node size given by degree centrality

Figure 1 illustrates a basic graph with nodes A-J with a
variety of edges illustrating relationships between nodes.
The number of connected nodes refers to the degree: thus
node A has a degree of four. The size of each node is
relative to the degree of the node, and so node D is the
largest and node J the smallest. The basic graph in Figure
1 is useful for outlining some key concepts in SNA.
Directedness in a graph indicates a two-way connection
for example, node I is related to H and J whilst J is only
related to I.
Degree centrality is expressed
mathematically, where v is the vertices (or nodes), as;
𝐶D(𝑣) = deg(𝑣).

(1)

Fig. 2.

Basic graph with node size given by betweenness score

C. Clustering Coefficients
The SNA measure of clustering coefficients is based
upon the ratio of number of actual links over number of
possible links between neighbouring nodes.
This

measure is essentially a simple clique score which is
expressed mathematically as:
𝐶𝐶𝑣 =

ℷG (𝑣)
τ𝐺 (𝑣)

.

(4)

Where ℷ(𝑣) is the number of subgraphs of G with 3
edges and 3 nodes, one of which is 𝑣, whilst τ𝐺 (𝑣) is the
number of subgraphs with two edges and 3 nodes, one of
which is 𝑣.
For example, for node H;
𝐶𝐶𝑖 =

ℷG (𝐻)
τ𝐺 (𝐻)

1

= .
7

(5)

There are a number of variations on clustering
coefficient most notably from Opsahl & Panzarasa [46]
who proposed refining the measure using weightings
based upon the connections to each of the three nodes. In
other words, each of the nodes was not treated equally,
they were given a start score based on their connectivity
to other nodes.
A network structure for clustering coefficient is shown
in Figure 3. Node C (the largest) has the highest number
of triads as expressed by the coefficient formula.

Fig. 3.

Basic graph with node size given by clustering coefficient

D. Eigenvector Centrality
The concept of eigenvector centrality is essentially
concerned with the allocation of popularity scores based
upon scores from other nodes. There are a variety of
means of calculating an eigenvector centrality such as
assigning degree scores to each node and then calculating
a new score based upon sharing out the scores from the
adjacent nodes. In the case of the kite network node A
will start with a given degree score in a graph, then the
nodes connected to it will share that degree score,
somewhat like allocating pieces of pie.
Google’s
Pagerank algorithm is an example of an eigenvector
centrality score [47]. The logical assumption is that all
nodes must first have a score such as degree centrality.
It is worth noting that whenever one node is assigned
an eigenvector centrality score based on adjacent scores
the new node score affects all other adjacent scores.
Therefore, the process of calculating eigenvector
centrality scores for a graph usually undergoes a predetermined number of iterations. Furthermore, the
eigenvector
centrality
scores
usually
increase
exponentially and therefore some formulae, for example
Pagerank, uses a dampening factor.
Eigenvector centrality scores can have a number of
formulae that are computed using an adjacency matrix
(which is a means of assigning adjacent nodes values
based upon the edges connected to them). The most basic

adjacency matrix makes use of 0 or 1 to indicate the
absence or presence of an edge. However the values in
the adjacency matrix can be determined by any score
[42]. Table 1 shows an adjacency matrix for 3 nodes in
the simple kite diagram:
Table 1
network

Adjacency Matrix for nodes A,B and C from the kite

nodes/nodes

A

B

C

A

0

1

1

B

1

0

0

C

1

0

0

Although Eigenvector centrality scores can be
calculated in a number of ways, in general terms the
concept can be expressed mathematically as:
𝑥𝑖 =

1
ℷ

∑𝑁
𝑗=1 𝑎𝑖,𝑗 𝑥𝑗 .

(6)

Let 𝑥𝑖 denote the score for the 𝑖 𝑡ℎ node and let A =
( 𝑎𝑖,𝑗 ) be the adjacency matrix of the network.
Hence𝑎𝑖,𝑗 = 1, if the 𝑖 𝑡ℎ node is linked to the 𝑗𝑡ℎ node,
and 𝑎𝑖,𝑗 = 0 otherwise.
Constructing an adjacency matrix of the graph, shown
in table 1, and solving the eigenvector equation we find
the largest eigenvalue to be 3.9423. This gives the
corresponding absolute eigenvector [0.3035, 0.4502,
0.2838, 0.4624, 0.2238, 0.3531, 0.4321, 0.2139, 0.0580,
0.0147], where the ordering of the eigenvector
corresponds to the alphabetical ordering of the nodes.
Absolute eigenvector in this sense means that all entries
of the eigenvector found were negative, and so the values
in the eigenvector have been made positive to indicate the
relevant sizes of eigenvector centrality scores. The
diagram in Figure.5 shows the nodes size set to
eigenvector scores for the kite network.

Fig. 4.

Basic graph with node size given by Eigenvector centrality
score

E. SNA and Facebook Groups
SNA was carried out on the postings of two Facebook
groups. The first group, Data set A, was used by an
entire course n = 135. The second group, Data set B, by a
single first year module n=123. The data was collected
over a twelve-week time period.
The user data was extracted from the group via the
Facebook Application Program Interface (API) in line
with the relevant terms and conditions and the informed
consent of the users. The posters were arranged in one

column of data with commenters on the posts arranged in
a second column of data. The two column data set was
then imported into NodeXL which was used to calculate
the various SNA metrics and to produce graphs. NodeXL
is a plugin for MS Excel which expands the available tool
set and provides a means of graphing the data [48]. The
SNA measures used were: degree centrality, betweenness
centrality, clustering coefficient and eigenvector
centrality. The results of SNA are presented in the next
section.
IV.

RESULTS OF SNA

The results of SNA data analysis are as follows.
A. Degree Centrality
Degree centrality is a traffic measurement, sometimes
described as a popularity score, where users are nodes
and the interactions between users are the edges as
explained above.
Table 2

Degree Centrality Results

The figures 5 and 6 above shows a marked difference
in the overall amount of posting and the posting activity
of individual users. In reading the graph you should take
into account that the larger the node is the greater the
number of posts/comments (or higher total degree). The
graph for data set B as a whole is low density 0.0489
(high density would be everyone connected to everyone
else) whilst for data set B, the density is higher at 0.0761.
It is worth noting that ‘lurkers’, i.e. users who merely
view the postings, are not shown in this graph.
The graphs in Figure 5 and 6 provide a means of
visualising the frequency of posts, and the information
flows between users of the Facebook group.
B. Betweenness Centrality
The betweenness centrality metric provides a score
which shows the number of times a given node is on the
shortest path across the graph (see above fig 2). The
results for data sets A & B are given in the table 3 below
and illustrated in figures 7 & 8.
Table 3

Data set

Min

Max

Mean

A – course based

0

38

10.305

B – module based

0

34

4.604

The results in table 2 show for data set A, the range of
degree centrality scores were 0-38 whilst for data set B,
the range was 0-34. The data set B is in respect of a
Facebook group set up for discussions concerning an
individual module and it was found that the mean and
median number of posts is relatively low in comparison
to data set A set up for an entire course. In short the
averages were far higher for data set A than B. The
degree centrality results for data set A and B were used to
construct graphs as shown in Figure 5 and 6.

Fig. 5.

Data Set A (course) ‘degree centrality’ score indicated by
node size

Fig. 6.

Data Set B (module) ‘degree centrality’ score indicated by
node size

Betweenness Results

Data set

Min

Max

Mean

A – course based

0

222.85

87.059

B – module based

0

246.54

45.434

The table data shows that data set A has a much higher
mean and median than data set B. In the figures below
the larger the betweenness score the larger the node
shown as circles. In both graphs the tutor’s circle is in
the top right hand corner. In comparison to the tutor
other users have lower betweenness scores (shown as
smaller circles), this shows that most users commenting
on only a few users posts.

Fig. 7.

Data Set A (course) Betweenness score indicated by node
size (tutor top right)

Fig. 8.

Data Set B (module) Betweenness score indicated by node
size (tutor top right)

The graphs are illustrating that there are a lot of nodes
with low betweenness centrality scores, and in
comparison to the tutor’s node there is a large range in
the scores. These graphs indicate that the tutors did not
discriminate with whom they communicated with, and
they communicate relatively frequently. On the other
hand, student users are more discerning about the posts
that they choose to comment upon, and the comments on
their posts are from a relatively small number of fellow
students.
C. Clustering Coefficient
Clustering coefficient scores indicate the relationships
between triads of nodes. Clustering coefficient is a
basically a measure of ‘cliqueness’ or the propensity of
people to interact with a small group of people. It is
calculated by arranging connected nodes into triads. A
hit represents a triad where nodes are connected in a
triangle; a miss represents a triad with only two
connecting sides. Clustering coefficient is calculated as
hits divided by hits and misses. The results for data sets
A & B are given in table 4 below and illustrated in
figures 9 & 10.
Table 4

Clustering Coefficient Results

Data set

Min

Max

Mean

A – course based

0

1

.173

B – module based

0

1

.342

The graphs showing clustering coefficient scores for
each of the three data sets are shown in figures 9 and 10.
The higher the clustering coefficient scores the larger the
node.

Fig. 10.

Note firstly that Figures 9 and 10 show a marked
difference in cluster coefficient scores.
This is
particularly striking in comparison to the betweenness
graphs shown above.
However, these results are
consistent with the finding from the betweenness scores,
in so far as they indicate that students are selective about
the posts they choose to comment upon.
D. Eigenvector Centrality
The eigenvector centrality value is concerned with
popularity. It is a metric based upon first scoring nodes,
and then sharing out the scores amongst the nodes
connected on the graph. Therefore, a node scores more
highly by being linked to a ‘popular’ node than to a
‘loner’ node. The results of the Eigenvector centrality for
the two data sets are given in table 5.
Table 5

Fig. 9.

Data Set A (Course) clustering coefficient score indicated by
node size

Data Set B (Module) clustering co-efficient score indicated
by node size

Eigenvector centrality results

Data set

Min

Max

Mean

A – course based

0

0.840

0.080

B – module based

0

0.085

0.019

The results in table 5 show that data set 11 with the
smallest number of contributors has the lowest mean and
median Eigenvector centrality score. This result reflects
the fact that data-set 12 has a lower number of ‘popular’
nodes therefore the start values for the eigenvector
centrality scores were lower.
In summary there are interesting aspects to the results
for eigenvector centrality. The results show that there is a
wide range in eigenvector centrality scores and this bears
a relationship to the amount of posting, or degree
centrality.

V.

RESULTS OF SURVEY & INTERVIEWS

The sample group for the survey was made up of thirty
student volunteers, drawn equally from data set A & B.
The key findings are discussed below.
The survey was made up of seven statements with a 3
point Likert scale (disagree, neural, agree). The were
three statements concerning information flow shown in
table 6 and four concerning experience of academic
community shown in table 7. The key words from the
statements are used in the tables for brevity.
Table 6

Survey results of information oriented questions

Statement

Disagre

Neutral

8%

3%

Agree

e
Data Set A (Course)
Informative
General Know.

0%

19%

Specific Ans.

16%

29%

48%

3%

89%3
%

81%
55%

Data Set B (Module)
Informative
General Know.

20%

29%

Specific Ans.

26%

29%

49%3
%

51%
45%

In respect of data set A, the results from the survey
given in table 6 indicate that 89% of students ‘agreed’
that the group was informative. The result for the general
subject knowledge question was 81%. Whilst 55% of the
students ‘agreed’ that it was useful for specific answers to
questions. In respect of data set B there were lower
agreement scores in comparison with data set B, for
example 49% for informative as opposed to 89%.
Table 7

Survey results of community oriented questions

Statement

Disagree

Neutral

Agree

Welcoming

4%

26%

70%

Intimidating

55%

16%

29%

Entertaining

3%

13%

83%

New Friends

32%

44%

24%

Data Set A (course)

Data Set B (module)
Welcoming

36%

26%

38%%

Intimidating

39%

23%

38%

Entertaining

13%

27%

60%

New Friends

41%

39%

20%

In respect of data set A, the survey responses to the
community oriented statements given in table 7 indicated
that there was reluctance on the part of some users to post
to the group. Over a quarter of the respondents agreed
that the group was ‘intimidating’. Although over half of
the students disagreed that the group was intimidating as
shown in table 7. The results also indicated that a
majority of students found the group ‘welcoming’, ‘and
‘entertaining’. Around 30% ‘agreed’ that it was useful for
making friends. In respect of data set B, the scores were
lower for welcoming and entertaining that for data set A.
For example, 70% of respondents for data set A found the
group welcoming as opposed to 38% for data set B. The
scores were fairly close, between the two data sets, for

making ‘new friends’ with data set A returning a score of
24% and data set B with a score of 20%.
The following are summary points of the comparison
between the SNA findings and the survey results;
 Degree centrality higher scores varied with
information statement scores
 Betweenness centrality higher scores varied with
community statement scores
 Clustering Coefficient scores varied negatively
with community statement scores
 Eigenvector centrality higher score varied with
information statement scores.
Interviews were carried out with the six student
volunteers. The volunteers were equally divided between
data set A (course based) and B (module based. The
interviews were semi-structured with set questions and
free flowing discussion. The topics discussed during the
interviews included;
 The nature of the group
 Social aspects of the group
 Contributions to the group
 Informational aspects of the group
These topics of discussion yielded the following
findings;
 The group was used mainly for subject information
and occasionally for arranging social gatherings.
 The group was followed usually at least once a day
 Course groups were preferred to module groups as
there was more potential interest in the
course/subject area than for any single module
 Contributions in terms of postings were occasional
because participants felt that they didn’t have
anything to add or felt that they might sound stupid
 It was easier to post to groups, such as the course
based group, were participants had real world
acquaintances.
 The tutor’s input was appreciated as a source of
information
 The social discourse and opportunities to speak to
different year’s cohorts was welcome
 The information in the posting was considered
valuable
The interviews results suggest that students found the
Facebook groups useful for both general and specific
subject related questions and that course groups were
preferred to module groups. Students found it easier to
post to the course based Facebook group because they
knew more people in the real world than was the case
with the module based group.
VI.

DISCUSSION

A data analysis using Social Network Analysis (SNA)
was conducted on two data sets (course based A, module
based B) and validated against a follow up survey. The
survey questions validated these finding as respondents
from data set A scored more highly on information flow
and academic community related statements than those
from data set B. It was found in terms of degree
centrality scores that there was a greater amount of

information flow, whilst betweeness centrality scores
indicated a greater sense academic community in data set
A than B (see figures 5, 6, 7 and 8). In general terms the
findings by Barcyzk & Duncan [9] stating that student
communication can be enabled by a Facebook group and
the He [36] study suggesting that an academic
community can be facilitated using a Facebook group are
supported by the findings in this study.
In terms of the Clustering Coefficient scores the results
were higher for data set B than A. As explained above
the clustering coefficient measure is sometime known as
a clique score, and although cliques may help limited
number of users to communicate it appears that it doesn’t
help the overall sense of community within a group. It is
suggested that the lower clustering coefficient score for
data set A is essentially the inverse of the high
betweenness score. These findings lend support to the
assertion in Catanese et al [25] that higher degree
centrality scores tend to be accompanied by lower
clustering coefficient scores. Both SNA results for
betweeness centrality and Clustering Coefficient indicate,
when taken together, indicate that data set A users had a
better experience of academic community.
It was also found that the Eigenvector scores are
similar to degree scores as seen by comparing the
eigenvector centrality figures 11 and 12 with the degree
centrality figures 5 and 6.
It would appear that
Eigenvector centrality doesn’t tell us a great deal more
than degree centrality alone.
In summary higher degree centrality scores will
indicate higher information ratings. High betweenness
centrality will indicate higher community engagement;
whilst high Clustering Coefficient scores will indicate
lower community engagement.
Suggesting that an
analysis based upon these metrics could provide a useful
means of evaluating the effectiveness of a particular
learning strategy using Facebook groups.
The survey results, which were used to validate the
SNA metrics, indicated that both Facebook groups
provided access to information and academic community.
Furthermore, the survey respondents found the Facebook
groups to be informative. In particular, the users of the
groups, both course based and module based, found the
groups to be a better source of general subject knowledge
than specific answers to questions. Whilst a significant
minority of the groups users found the thought of
contributing to the group to be intimidating, the majority
found them to be entertaining.
It would appear that using SNA can provide insightful
measures into how an academic Facebook group is being
used, as suggested by Willging [22]. However, the
answer to the question ‘why’ a particular result has been
found, such as differences in academic community, was
addressed in the follow up interviews. It was suggested
by students through interviews that whilst the group was
used as a means of social interaction on occasion, it was
particularly valuable for general subject information. The
role of the tutor as a source of information was also
thought to be valuable. Interviewees suggested that they
often commented on the posts of a limited range of fellow

students, thought to be the cause of elevating the
clustering coefficient scores, mainly because it was
intimidating to comment on stranger’s posts when it was
unclear how they might react to a comment. Further
discussion revealed that interviewees who were
associated with the module Facebook group (data set B)
knew a more limited set of people in the module than
they would have done had they been associated with a
course based Facebook group.
VII.

CONCLUSION

This study involved a data analysis of the educational
use of two Facebook groups. The study validated degree
centrality and betweenness centrality as proxy scores for
information flow and academic community, respectively,
using data analysis in comparison to survey results. The
analysis of a ‘course’ based group versus a ‘module’
found higher degree centrality (information flow) and
betweenness centralisty (academic community) scores for
the former. The results from follow-up interviews
suggested that this finding may have been due to the fact
that students had more real world acquaintances in the
‘course’ based group than the ‘module’. The study has
the caveat that students from only one University were
examined therefore the methodology should be used in a
different institution to ensure that the findings are
generalizable. The impact of this study is that it
demonstrates the utility of a data analysis approach to
understanding teaching and learning interactions, and
furthermore that degree centrality and betweeness
centrality are potentially useful measures for a higher
education context.
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