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This article reports on efforts to gain greater insight into the operation of LIS e-learning
communities, by applying automated text-mining techniques to text-based communi-
cation to identify, describe and evaluate underlying social networks within such com-
munities. More specifically, the article presents a new, content-based method for
automated discovery of social networks from threaded discussions called name net-
works. This new method has been incorporated into an online tool called Internet
Community Text Analyzer (ICTA) and is available at http://textanalytics.net. The pro-
posed method is evaluated in the context of six online classes. The results suggest that
the name network method is a viable alternative to costly and time-consuming collec-
tion of social network data using surveys. The study also demonstrates how name net-
works can be used to evaluate online classes.
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The Use of Social Network
Analysis in E-Learning
Assessment

ocial Network Analysis (SNA) is

method often used to study social in-
teractions and collaborative learning of
online groups. Examples of studies that
relied on SNA to evaluate individual
learning based on the position of individ-
uals in a network and group cohesion
based on general properties of a network
include Cho, Gay, Davidson, and
Ingraffea (2007), Reyes and Tchounikine
(2005), and Willging (2005). From the
social network perspective, individual
behavior is defined by others. To under-
stand individual behavior, we need to
“describe patterns of relationships be-
tween actors, analyze the structure of
these patterns, and seek to uncover their
effect on individual behavior” (Nurmela,
Lehtinen, & Palonen, 1999, p. 434). In
any social network, there are nodes,
which represent group members, and

edges (often referred to as ties), which
connect people by means of various types
of relations. The strength of the relations
is usually conveyed by a weight assigned
to each ftie.

An established way to collect informa-
tion about social networks within com-
munities is to survey group members.
However, this is very time consuming
and prone to a high rate of non-responses
(Dillman, 2000). As a result, many re-
searchers are developing cheaper, more
objective, and automated methods for
collecting social network data. Some au-
tomated methods include using move-
ment tracking devices (e.g., Matsuo et
al., 2006), log analysis (e.g., Nurmela et
al., 1999), and co-citation analysis (e.g.,
White, Wellman, & Nazer, 2004).

The automated method most com-
monly used to collect information on so-
cial networks in online communities is to
gather ‘who replies to whom’ data, which
counts the number of messages ex-
changed between individuals from their
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recorded interactions. A comparatively
high number of messages exchanges is
usually interpreted as representing a
strong tie. This method is often used to
analyze e-mail exchanges. In online com-
munities that use threaded discussions,
researchers usually rely on information
in the headers of posts about the chain of
people who previously posted to the
thread (referred to as a reference chain)
to gather ‘who replies to whom’ data. In
the past, researchers generally assumed
that the reference chain would reveal the
addressee(s). More specifically, it was
usually assumed that a poster was reply-
ing to the previous post in the reference
chain. (For the remainder of this discus-
sion, I will refer to any social network
that is built using information in the ref-
erence chain as a chain network.) Unfor-
tunately, in highly argumentative and
collaborative communities such as online
classes, this assumption does not always
prove true. A previous poster is not al-
ways an addressee of the post and vice
versa. A poster may address or reference
other posters from earlier in the thread,
from another thread, or even from other
channels of communication (e.g., emails,
chats, face to face meetings, etc). So,
while the use of reference chains pro-
vides a mechanism to approximate ‘who
replies to whom’ data for threaded dis-
cussions, the approximation is not very
accurate and is likely to cause an
undercounting of possible connections.
To overcome the inherent flaws associ-
ated with gathering ‘who replies to
whom’ data from threaded discussions,
this article proposes a new approach
called name networks for inferring social
networks based on the actual content of
posts. The next section will briefly de-
scribe the procedure for building name
networks.

Building Name Networks

To build name networks, all mentions
of personal names in the posts are re-

trieved and used as nodes. Ties between
the nodes are identified by connecting
each poster to all names found in his or
her posts. Finally, to disambiguate name
aliases, the algorithm adopts a simple but
effective approach that relies on associat-
ing names in the posts with e-mail ad-
dresses in the corresponding post
headers. For a more detailed description
of the method, see Gruzd and
Haythornthwaite (2008b).

Personal names were chosen as the
main input into building name networks
because they have been shown to be good
indicators of social ties. Linguistically
speaking, the use of personal names per-
forms two main communicative func-
tions as identified by Leech (1999): (1)
addressee-identifying and attention-get-
ting, and (2) social bond-maintaining.
The first function is self-explanatory.
When calling someone by his or her
name, a person identifies that person
among others to talk to, and at the same
time tries to get that person’s attention.
The main purpose of the social
bond-maintaining function is to maintain
and reinforce social relationships. For
example, when a person uses formal
names and titles, it may be to indicate
subordination in the relationships. Con-
versely, a person may use informal names
or nicknames to show the same social sta-
tus or emphasize friendship. In sum, by
focusing on personal names, the name
network method can quickly identify ad-
dressees of each message and thus auto-
matically discover ‘who talks to whom’
in many-to-many types of online commu-
nication, such as threaded discussions
and chats. Furthermore, the social
bond-maintaining function of personal
names suggests that the ties discovered
between people will not just reflect
communication patterns, but also likely
reflect the social relationships between
people.

To evaluate this method of represent-
ing social networks, and identify what
exactly might be gained from its use, so-
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cial networks derived using the name net-
work method were compared to those
derived through other means, specifi-
cally chain (reply-to) networks and stu-
dents’ self-reported (perceived) social
networks. For the purpose of this re-
search, chain networks were built by con-
necting a sender to the most recent poster
in the thread, while self-reported social
networks were built based on the data
collected through an online
questionnaire.

Data Collection and Self-Reported
Networks

The dataset for this study consists of
bulletin board posts and students’ re-
sponses to an online questionnaire from
six different graduate level online classes
at the Graduate School of Library and In-
formation Science, University of Illinois
at Urbana-Champaign. Each class en-
rolled between 15 and 28 students. The
data was collected in Spring 2008 as part
of alarger study on online learning in col-
laboration with Professor Caroline
Haythornthwaite. Prior to the beginning
of the data collection, Institutional Re-
view Board permission was obtained for
the use of human subjects. All students’
names were made anonymous to protect
their privacy.

Instructors of the classes primarily re-
lied on Moodle (an open source course
management system) to make announce-
ments, distribute class materials and fa-
cilitate weekly discussions using online
bulletin boards. Once a week, students
met synchronously using online software
developed by the institution. During
these live sessions, the instructors deliv-
ered lectures using a live audio feed. Dur-
ing the lecture, students could ask
questions or answer instructor’s ques-
tions by typing in the chat room. During
some live sessions, the instructor divided
students into separate chat rooms for
small group discussions.

Students’ self-reported social net-

works were collected through an online
questionnaire administered at the end of
the semester. The first group of questions
asked students to indicate the frequency
of their associations with each classmate
on a scale from 1 to 5 (with [5] indicating
a more frequent association) with respect
to three different relations: learning
something new about the subject matter
from another student, working together,
and friendship. The second group of
questions asked students to nominate 5 to
8 prominent students that best fit the fol-
lowing four criteria: “influential in one’s
learning,” “important in promoting dis-
cussion,” “help with understanding a
topic or assignment,” and “made class
fun.” The response rate for the question-
naire was 63% (a total of 81 responses).
Each question was designed to discover
one of the many possible social relations
(e.g., learn, work, help, etc) that might
exist between the students.

A self-reported network was then built
using the following procedure. First, a tie
was established between each respondent
and his or her nominees. For the ques-
tions from the first group, only nomina-
tions with an association level of 3 or
higher were considered. The next step
was to assign weights to each tie. The
weights were assigned based on how
many times each nominee was selected
by the same respondent. To better reflect
actual social relationships between stu-
dents, the procedure removed all ‘weak’
ties with a weight of less than 3. Since the
procedure only kept so-called ‘strong’
ties, it was very likely that they would be
symmetric. To help restore some missing
due to the non-respondents, the resulting
network was symmetrized.

The open source software application
phpESP (http://phpesp.sourceforge.net)
was used to conduct the survey. A Social
Network Analysis tool, ORA v.1.9.5.2.6
(http://www.casos.cs.cmu.edu/projects/
ora), was used to store and manipulate the
network data. Internet Community Text
Analyzer (ICTA) (http://textanalytics.
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net) described in  Gruzd and
Haythornthwaite (2008a) was used to au-
tomatically build name and chain net-
works.

Name Networks versus Chain
Networks

To better understand differences be-
tween name and chain networks, this sec-
tion compares all connections that make
up each tie from the name network with
those from the chain network. More spe-
cifically, the comparison determines how
many connections discovered by the
name network method are not discovered
by the chain network method and vice
versa.

Connections Missed by the Chain
Network

Chain networks are built based on the
information in the reference chain; as a
result, they will fail to connect a poster to
poster’s addressee when the addressee’s
e-mail address is not yet in the reference
chain. This situation can arise in one of
two ways: (1) when it is a first post in a
new thread, or (2) when an addressee has
not posted anything to an existing thread.
Since all of the names extracted for build-
ing name networks were manually in-
spected for accuracy, it is fair to use these
names as actual addressees of posts or
people who are somehow connected to
the poster. Using an automated script, the
number of instances was counted for each
of the two situations described above.
The counts revealed some unexpected re-
sults (See Table 1). On average, the chain
network method misses about 33% of the
potentially important connections as
compared to the name network method.
Of the missed connections, about 70%
(or 23% of the total count) came from
thread starter posts (Column A), and
about 30% (or 10% of the total count)
came from subsequent messages in a par-

ticular thread (Column B). What stands
out about this finding is that the majority
of missed addressees (70%) were found
in the thread starting messages. This dis-
covery is especially interesting given that
most previous research on interactivity in
online discussions usually relied on ‘re-
ply’ messages to estimate class
interactivity (e.g., Bonnett et al., 2000).
However, these findings suggest that
thread starting posts should not be ig-
nored and can also be very interactive in
nature. This is because many of these
types of posts tend to include references
to discussions that occurred among the
community members in different threads.
Since the name network method is capa-
ble of capturing connections to other
group members even in the thread start-
ing messages, the method also may be a
good model for studies on group
interactivity. Future research is needed to
confirm this observation.

Another 7% of connections that were
missed by the chain network method
(Column D) were connections that oc-
curred when an actual addressee or a ‘ref-
erence’ person was the author of a
previous post in the thread, but not the
most recent one. This happened because
the chain network method connects a
message sender to the most recent poster
in the thread. Generally speaking, it is
easy to revise the chain network method
to include these 7% of missed connec-
tions. The revised method would connect
a poster to all previous posters or to two
most recent posters in the thread. How-
ever, this will likely also introduce more
false-positive connections; thus, ad-
versely affecting the overall accuracy of
the chain network method. This conclu-
sion comes from examining the relation-
ship between an actual addressee and his
or her position in the reference chain (see
Table 1). Specifically, when examining
all cases where an addressee is in the ref-
erence chain (Columns C and D in Table
1),1n 90% of those cases, the addressee is
the most recent poster in the reference
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chain (Column C). Thus, it would be cor-
rect only 10% or less of the time to con-
sider a person in the reference chain who
is not the most recent poster as an ad-
dressee of a post.

To determine the exact nature of con-
nections that were missed by the chain
network, all posts that correspond to col-
umns A and B in Table 1 were examined
for all six classes.

Situation 1: First Post of a Thread

The semi-automated content analysis
of posts using ICTA revealed that among
the most commonly used names in the
first post of a new thread was the instruc-
tor’s name. Specifically, instructor’s
name was used to

* Ask the instructor about something
(e.g., “[Instructor’s name] if you see
this posting would you please clarify
forus”),

* Ask peers to clarify something that the
instructor said during the lectures (e.g.,
“I remember [Instructor’s name]
asking us to email her with topics [. . .]
I wonder if that is in replacement of
our bb question?”), or

* Share information with classmates
obtained from the instructor through
some other personal communication
such as e-mail. (e.g., “I just got a reply
from [Instructor’s name], and she said
that [...]”)

This type of post is very important in
the context of learning, because “stu-
dent-instructor” ties derived from such
messages can be used to identify students
who repeatedly ask for the instructor’s
help. For example, a high weight for a tie
between a student and the instructor may
suggest that a student is uncertain about
something in the class and may need ex-
tra attention. However, if many students
are connected to the instructor through
this type of message, it may indicate that
lectures or other class materials are un-

clear to not just one student, and the in-
structor may need to reconsider either the
materials or the delivery method

Another common category of messages
was when an instructor mentioned a stu-
dent. These were usually announcements
from the instructor containing names of
students responsible for leading a class
discussion. For example, “Dan, [. . .]
since you have studied [Topic], would
you get our discussion going on the forum
for this week?” Sometimes an instructor
would also mention a student praising his
or her work in the class. This suggests
that if there is a tie from an instructor to a
student, it is very likely that the student is
doing well in the class. Identifying reli-
able and successful students in a class is
an important task, especially when for-
mal grading information is unavailable.
For example, an instructor can use such
information to assign students into more
effective groups, in which at least one
student is doing above average work in
the class.

Another common type of message in
this category was when an instructor
listed groups with their individual mem-
bers for smaller group discussions. After
examining these posts, I concluded that
the ties derived from them do not neces-
sarily reflect relationships between the
instructor and a student. Instead, these
posts can be used to automatically iden-
tify students who were assigned to work
together, thus potentially creating
“work” ties. “Work” ties are especially
important for studying online groups
since they are often precursors of even
closer ties between online participants
(See, for example, Haythornthwaite,
2002). Several students confirmed in the
comment section of the online survey that
they viewed moving into smaller groups
during live sessions as a good way to get
to know their peers.

The last category of messages was
when a student mentioned other stu-
dent(s). In these cases, the poster often
took a leadership role in a group, for ex-
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ample, by summarizing other group
members’ posts or assigning roles for a
project as demonstrated in the following
excerpt:

“Some quick poking around shows that
Steve and myself are here in Champaign,
[. . .] and Nicole is in Chicago. [. . .]
does anyone have a strong desire to be
our contact person to the administra-
tors”

This type of message is useful in identi-
fying active group members and group
leaders when studying collaborative
learning. However, group members may
perceive too many messages of this type
from the same person negatively. For ex-
ample, in a related study, when analyzing
a large collection of Usenet newsgroup
messages, Fiore, Tiernan, and Smith
(2002) found that online participates who
dominated the conversations were often
viewed unfavorably. Nevertheless, a
more detailed analysis is needed to study
the influence of this type of message in
the online learning environment.

Situation 2: Subsequent Post in a Thread

The detailed examination of this type
of message revealed three main types of
references or connections:

* A reference to an event or interaction
that happened outside the bulleting
board (e.g., “Dan and I have been
corresponding via e-mail and he
reminded me that we should be having
discussion here”). This type of
message is likely to connect people
who work together. It is also
suggestive of stronger personal ties.
According to the idea of media
multiplexity, stronger ties tend to
communicate using more
communication channels (See, for
example, Haythornthwaite (2001) and
Haythornthwaite and Wellman (1998).

* A reference to someone as part of a
group when providing feedback to the

whole group, or posting on behalf of
the whole group and signing the names
of all group members (e.g., “Angela
and Natasha, I couldn’t wait to see
your site. I knew it was going to [be]
awesome!”). This is another type of
message that will likely indicate
“work”-related ties.

A reference to somebody who pre-
sented or posted something a while ago or
using a different communication channel
(e.g., “[...] it made me think of the fac-
eted catalogs’ display that Susan
posted”). These posts are likely to iden-
tify “learning” ties. They show that a
poster was not just commenting on the
previous post, but rather on something
that was said a while ago, thus the poster
was following the class discussion, and a
student mentioned in the post made a sig-
nificant contribution to the discussion
that resonated with the current poster. All
these activities can be categorized as evi-
dence of learning.

In sum, the name network is shown to
be well adept at detecting three of the so-
cial relations that are considered by many
researchers to be crucial in shared knowl-
edge construction and community build-
ing: ‘help,” ‘work,” and ‘learning.’

Connections Missed by the Name
Network

The previous section summarized
common types of connections that were
missed by the chain network. However,
because on average only 25% of all posts
include personal names, it is important to
also determine what types of connections
were missed by the name network. For
this analysis, a small sample was selected
from one of the bulletin boards in Class
#1. This sample set consisted of 71 posts,
of which 43 did not mention any personal
names. The manual content analysis of
these 43 posts revealed that the majority
(31 posts, 72%) did not address any par-
ticular person in the class, but rather ad-
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dressed the class as a whole. Usually,
these messages expressed the opinion of
the author about a matter under discus-
sion and/or attempted to summarize what
had been said in the forum, without refer-
ence to any particular person or post. In
some cases, a student posted a link that he
or she believed to be relevant to the class
discussion topic. The results described
above suggest that it is possible to ignore
messages without names since these mes-
sages, for the most part, do not address
any particular person in the class. An al-
ternative is to develop a hybrid approach
using the chain network and the name
network to complement each other. This
issue will be the subject of a future study.
Further research might also explore how
the balance between these more general
posts and the name-using posts affect
perceptions of how the class functions.

Name Networks and Chain
Networks versus Self-Reported
Networks

The final part of the study was to com-
pare name and chain networks with
self-reported networks to determine
which (if any) is a better approximation
of self-reported (perceived) social net-
works. It is presumed that observed so-
cial networks, such as chain networks,
more accurately reflect relations between
group members as compared to self-re-
ported networks, and thus provide a
better representation of what is really go-
ing on in an online community. Butin the
context of studying collaborative learn-
ing in online learning environments, it
may be important to identify and under-
stand perceived social networks. What
one student deems important another
may value only marginally. Previously,
the only reliable way to collect perceived
data has been through resource-demand-
ing surveys. An automated method that
mimics perceived social networks would,
therefore, be a methodological
breakthrough.

For this analysis, pair wise compari-
sons of the three types of networks were
conducted using statistical network mod-
els and specifically Exponential Random
Graph models or just p* models (Robins,
in press). To build p* models, XPNET
software was used (Wang, Robins, &
Pattison, 2006). There are a few impor-
tant reasons why p* models were selected
to conduct this comparison. First, param-
eters estimated by p* model are easy to
interpret and compare across different
pairs of networks. Second, the p* model
is the only statistical model that is capa-
ble of modeling different network struc-
tures as well as the individual
characteristics of the group members
(Snijders, 2008).

Using p* models, for each class I esti-
mated the parameter Edge AB for a pair of
the chain network and self-reported net-
work first, and then for a pair of the name
network and self-reported network. The
parameter EdgeAB indicates the likeli-
hood of two networks sharing ties not by
chance alone. The results are shown in
Table 2. The model was converged
(t—statistics < 0.1 for all estimated param-
eters) and found to be significant (the
goodness of fit for EdgeAB was less than
0.1 and between 1 and 3 for all other pa-
rameters) for all classes, except the case
of a pair of the name and self-reported
networks for Class #6.

The results show that for four out of the
six classes, name networks were consis-
tently more likely to share ties with the
self-reported networks than with the
chain networks. This supported my gen-
eral expectation that the name networks
would be more reflective of students’
perceived relationships. However, for
two smaller classes, Class #5 and Class
#6, the name networks were less likely to
match the self-reported networks. (For
Class #6, the model was not significant.)
This was a very puzzling but intriguing
result. It led to a separate investigation
that is currently underway. Early results
from this investigation suggest that there
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Table 2: EdgeAB—the Likelihood of Two Networks to
Share Ties Not by Chance Alone.

Chain* & Self-Reported Networks

Name* & Self-Reported Networks

Estimated Parameter

Estimated Parameter

Class EdgeAB t-Statistics EdgeAB t-Statistics
Class #1 0.81 0.075 1.73 -0.085
Class #2 0.99 0.044 1.52 0.031
Class #3 1.17 -0.057 1.31 0.001
Class #4 0.61 -0.007 1.11 0.064
Class #5 1.03 -0.004 0.96 -0.071
Class #6 1.33 0.053 0.82 Not significant

*Because self-reported networks likely include only strong ties (Bernard et al. 1981), all weak ties (with weights less than
2) were removed from all chain and name networks (except those for Class #4 due to its low network density). Following
the requirements of XPNET, both chain and name networks were then binarized, a process where all weights of existing
ties were setfo 1. Finally, all networks were symmetrized using the following procedure: if there is a connection between
one student to another, then it was assumed that for strong ties there is also a connection in the opposite direction.

might be some additional steps that can
be taken to further improve the name
network method.

First, in addition to connecting a poster
with all people who are mentioned in the
body of his or her post, the name network
method should also connect any two peo-
ple whose names co-occur in close prox-
imity in the same message. This is because
students who work together on the same
projects are often mentioned together in
the same messages. As a proof of the con-
cept, the name network for Class #5 was
rebuilt using co-occurrence of names in
the text as an additional indicator of per-
sonal ties. This time the likelihood of shar-
ing ties between the name network and
self-reported network increased from 0.96
to 1.50 (t-statistics = 0.067), which is
higher than the corresponding value from
the chain network (1.03).

Second, the ‘name network’ method
should also analyze any other communi-
cation media used in a class to better re-
flect self-reported social networks. This
observation is in line with the previous
research on media multiplexity, which
asserts that people with stronger ties
tend to use more types of media to com-
municate with each other than those with
weaker ties (Haythornthwaite, 2001).

Conclusion

For the cases studied, the name net-
work provided on average 40% more in-
formation about social ties in a group as
compared to the chain network. This ad-
ditional information is available mostly
because the name network can account
for instances when a poster addresses or
references somebody who has not previ-
ously posted to a particular thread.

Furthermore, there is evidence that the
name network provides a better reflec-
tion of self-reported ties than the chain
network. This is primarily because the
name network is well adept at detecting
three of the social relations that are con-
sidered by many researchers to be crucial
in shared knowledge construction and
community building: ‘learning,” ‘work,’
and ‘help.’ For example, ‘learning’ rela-
tions were often discovered by the name
network method in posts that referred to
someone else who had presented or
posted something earlier. By referencing
ideas or comments from earlier posts, the
poster demonstrated that he or she was
following the class discussion and learn-
ing with and from others. ‘Work’ rela-
tions were commonly revealed by the
name network method through posts that
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referred to an interaction that happened
outside the bulletin board, or posts that
mention members of the same study
group in the same context. Finally, ‘help’
relations were often discovered in posts
from students asking for the instructor’s
help, or posts that a mention classmate’s
name in the context of words like “thank
you,” “help,” or “assistance,” indicating
that a student helped another student.
These characteristics of the name net-
work make the method a useful diagnos-
tic tool for educators to evaluate and
improve teaching models from the stu-
dent’s perspective. Some specific exam-
ples of how ties in the name network can
be interpreted and used in the assessment
of e-learning are listed below.

(1) To identify students who might
need extra attention from the instructor,
we can look for students with more con-
nections (abnormally higher tie weight)
to the instructor. Or if many different stu-
dents are connected to the instructor over
a short span of time, this may indicate
that lectures or other class materials were
unclear. This can serve as a signal to the
instructor to either cover the materials
again, adjust the materials, or change the
delivery method.

(2) To find students who are doing well
in the class and may be good candidates
to provide help to their peers and aid in
the learning process of their fellow stu-
dents, we can look for students who have
connections going from the instructor to
them. On the surface, it might not be ob-
vious such connections may be used to
identify potential student-helpers. How-
ever, when you couple the direction of
the connection with the knowledge that
most instructors tend to reprimand bad
students in private and praise good stu-
dents in public (over the bulletin board),
such as complementing a student for
some good work in the class, then it be-
comes clear that such connections are
good identifiers of successful students in
a class.

(3) To identify students who tend to or

would likely to work together on projects,
we can look for strong ‘student’ to ‘stu-
dent’ ties. If two students are connected
in the name network, it usually means
that they are either already working to-
gether, or tend to positively view each
other’s posts and/or class presentations.
The instructor can use this information to
find students who share similar interests
and to group them together for more suc-
cessful group projects.

(4) To find active group members who
often take a leadership role in a group,
we can look for nodes that have many
connections to other students, especially
those connections that were derived from
posts mentioning more than one student.
These types of nodes tend to be initiated
by students who have taken the initiative
to organize their fellow students to com-
plete a particular task or objective. The
instructor can use this information about
potential group leaders to select a contact
person in a group or find a person who
would be good in leading a class discus-
sion or organizing other class-related ac-
tivities.

In conclusion, the name network
method as proposed and evaluated in this
work provides one more option for un-
derstanding and extracting social net-
works from online discussion boards, and
it is a viable alternative to costly and
time-consuming collection of users’ data
on self-reported networks.
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