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Abstract

A growing trend in post-secondary education is the supplementing of classroom
discourse with online discourse. This new discourse is often situated in social networking and
course management applications. There are several reasons for the move toward online discourse.
Wide availability of new hardware and software has played a role. Even more important is an
emerging consensus that our societal, economic, and individual futures depend on our capacity to
engage complex issues in a collaborative manner. However, this new technology and the
techniques they make possible have introduced new problems. Many instructors are finding it
more difficult to monitor, evaluate, and direct class discourse. Social network analysis and
content analysis can provide the means to understand the structure of online, digital discourse and
the content of digital documents.

Increasingly, post-secondary educators are supplementing classroom discourse with
online discourse situated in social networking applications and course management tools such as
WebCT, Blackboard, and Moodle. Professionals in many disciplines are using these applications
to facilitate and promote student collaboration while encouraging knowledge discovery and
improvement. Driving this change is an emerging consensus that our societal, economic, and
individual futures depend on our capacity to engage complex issues, challenges, and
opportunities in a collaborative manner.

To achieve this in the case of STEM education, we must do more than challenge students
to master the content of their chosen disciplines. We must help them develop the communication
and collaboration skills that will be increasingly important to modern professional and R&D
subcultures.

Paradoxically, the more students adopt these empowering practices and technologies, the
more difficult it is for instructors to monitor, evaluate, and direct class discourse. For instance,
monitoring an online discussion that generates 20 messages per week may require nothing more
than a few hours reading and reflection on the part of the instructor. But what happens when an
online discussion generates hundreds of messages per week? Under these circumstances, even
conscientious instructors are likely to miss the emergence of student leaders (or isolates) and
powerful new ideas and/or misconceptions. New strategies and supporting technologies are
needed that empower instructors to meet this challenge.

Part | of this paper reviews the literature relative to collaborative knowledge development
and improvement in online communities. Part Il presents a conceptual overview of social
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network analysis (SNA) and discusses the use of NetMiner, a powerful SNA technology, to study
the structure of online discourse such as that found in threaded discussions. Part 111 presents a
conceptual overview of content analysis (CA) and discusses the use of Leximancer, a versatile
text mining technology, to study the substance of digital documents. Part IV presents examples
of the use of both social network analysis and content analysis to understand the structure and
substance of digital communication in web-assisted courses.

Part I: Collaborative Knowledge Creation and Improvement in Online Communities

Community of Inquiry Model

Garrison (2006) emphasizes the importance of reflection and discourse in online learning,
scientific inquiry, and other collaborative pursuits. Common forms of online asynchronous
communication include email, blogs, and threaded discussion forums. In face-to-face
environments, verbal agility, spontaneity, and confidence may determine who speaks and who
listens. Online discourse, on the other hand, may be motivated and facilitated in ways that
promote thoughtful reflection and systematic discourse. Indeed, online asynchronous
communication may be more effective than face-to-face discourse at promoting collaboration,
discourse, and community among university students. For instance, asynchronous
communication may result in more “group-centered” interaction patterns while face-to-face
communication is frequently more “authority-centered” (Lobel, Neubauer, & Swedburg, 2005).

A learning theory that is situated in asynchronous learning environments is the
Community of Inquiry model (Arbaugh, 2007; Garrison, Anderson, & Archer, 2000). In this
model, teaching and learning occur in an environment characterized by cognitive presence, social
presence, and teaching presence (see Figure 1).
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Figure 1: Community of Inquiry Model

In the Community of Inquiry model, cognitive presence represents the extent to which the
participants are able to construct meaning through sustained communication. Social presence
represents the ability of learners to project their personal characteristics into the community of
inquiry, thereby presenting themselves as 'real people.' Teaching presence represents the design,
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facilitation, and direction of cognitive and social processes for the purpose of realizing learning
outcomes.

This model is consistent with a social constructivist view of learning (Lapadat, 2002)
since it posits that knowledge is not handed down by instructors, but is constructed by students
as they engage course content and one another in discourse. Inasynchronous learning networks
(ALNSs), informal conversations and other social behaviors can be used to create and maintain a
sense of community (Hoadley & Pea, 2002). These kinds of conversations contribute to the
social presence of the ALN. However, if the main purpose ofan ALN is to enhance cognitive
presence, mechanisms are needed to ensure that the social aspects of discourse do not detract
from or supplant the cognitive agenda. Research on ALNs has shown that there are problems
related to the quantity and quality of online interactions. These problems can undermine inquiry
goals (van Aalst, 2006).

With regard to quantity, Guzdial and Turns (2000) studied 35 online university courses
and reported an average of only 4.8 notes (messages) sent per student over 10 weeks. With
regard to quality, Hewitt (2003) found that students rarely revisited a note once they had read it
and they rarely returned to a discussion thread once they had read most of the notes in that
thread. Similarly, online discussions have been found to focus primarily on facts rather than
causal explanations (Hakkarainen, Lipponen & Jarveld, 2002; Lipponen, 2000). Because of
these and other findings, it may be helpful to rethink the purpose and nature of the work that
students do online, moving from a focus on discussion to an emphasis on a variety of
collaborative activities (van Aalst, 2006). Then too, this may imply that we should consider
shifting the emphasis of social psychology research to the question of how to enable groups to
achieve greater quality in problem solving (Witte, 2007).

Knowledge Creation and Improvement

A key concept in the development of new models of online learning is that of distributed
cognition (Karasavvidis, 2002). Rogers (2005) describes distributed cognition as a theory
involving the interactions between people, artifacts, and internal and external representations.
Pea (1993) argues that the concept of intelligence should not be thought of as a property of mind
alone and should include the artifacts and tools that we use to represent complex thoughts and to
alleviate tedious and burdensome cognitive tasks. In this context, collaborative knowledge
creation may be viewed as a process occurring in the distributed cognition of a team of human
collaborators and all of the representations, tools, and other technical aides used. The effect of
this frame of reference is to emphasize the importance of the manner in which ideas are shared,
refined, extended, and tested. Asan example, Pea (1993) argued that with the help of imaging
software, computers can be used to augment the skill of visualization and consequently
contribute to the understanding of complex relationships in ways that would be impossible
without them. In order to facilitate collaborative knowledge creation, strategies and tools are
needed that make clear at any time what has been learned, what is of current interest, and what
opportunities for inquiry remain. Strategies might include note development procedures that
summarize previous ideas and introduce new concepts, reuse of notes for new purposes, and
personalizing or annotating the emerging knowledge base.

In other words, a new conceptualization of online work is needed. In this new
conceptualization, discussion should not play the central role. Instead, emphasis would be on a
variety of activities intended to iteratively improve the quality and utility of ideas developed ina
learning community (van Aalst, 2006).
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For instance, in scientific inquiry a fundamental goal is to advance the frontier of
knowledge. This requires the creation and improvement of ideas new to the discipline.
Scardamalia and Bereiter (2003) call this type of inquiry ‘knowledge building.' There is growing
evidence that students in elementary school and above are capable of participating in knowledge
building in ways that develop their natural curiosity (Bereiter, 2002; Scardamalia, 2002). An
important question is whether students perceive the discourse in which they are engaged as a
method for producing new knowledge. In other words, do they treat ideas as objects of inquiry
that can be improved by scrutiny, debate, testing and modification (Bereiter, 2002)? If they do,
students may also recognize that disciplinary knowledge, such as the content of textbooks has
been produced through a similar process. Rather than seeing expert knowledge as certain and
complete, they may learn to see it as improvable. Such positions are consistent with the highest
stage of King and Kitchener’s Reflective Judgment Model, a model that describes the
development of critical thinking in adolescence and adulthood (King & Kitchener, 1994).
Collaborative Teams

Collaboration is critical because team cognitive properties and processes amount to more
than the sum of the properties and processes of the individuals that comprise that team (Hutchins,
1991; Hinsz, Tindale, & Vollrath, 1997; Levine, Resnick, & Higgins, 1993). Researchers have
suggested that the team itself may be considered a cognitive or information processing unit
(Hinsz et al., 1997), another expression of the concept of distributed cognition in which team
coordination and communication are critical aspects of team performance (Brannick & Prince,
1997). Witte (2007) identifies several strategies shown to improve team performance:

e The higher the quality of individual input regarding the subject matter at the beginning of the
group interaction, the higher the quality of the group performance (Grofman, 1978; Lorge &
Solomon, 1955; Sorkin, Hays, & West, 2001);

e The more individual inputs are independent of one another at the beginning of the group
interaction, the higher the quality of the group performance (Sorkinetal., 2001).

e The more the group increases individual independent inputs, the higher the quality of the
group performance (Hinszet al., 1997);

e The more comprehensible the individual input is for each group member, the higher the
quality of the group performance (Libby, Trotman, & Zimmer, 1987);

e The more high quality individual input influences the final group decision, the higher the
quality of the group performance (Littlepage, Schmidt, Whisler, & Frost, 1995).

Witte goes on to note that normative influences on group performance (e.g., “group
think;” “majority wins”) processes can manipulate and distort the integration of individual input
(Hinsz et al., 1997) and should therefore be reduced to a minimum. Consequently, collaborative
teams should strive to:

e maximize the informational influence on the group performance process;

e minimize the normative influence on the group performance process; and

e optimize the influence of individual input on the final group decision.

In this approach, the role of the facilitator is to ask leading questions such as "What
additional data would you need to explore that conjecture?” or "How could you justify that
conclusion?"” Facilitators may also provide information on general principles and practices of
interest to all ofthe teams. They should not “help” teams as they struggle with their respective
research hypotheses, designs, analyses, and document drafts. This suggestion is echoed by
Simonsen and Banfield (2006).
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In summary, the improvement of online discourse in collaborative settings should take

into account the following research findings:

e students given appropriate training are capable of collaborative inquiry;

e collaborative learning should motivate and facilitate team discourse focused on knowledge
development and improvement;

e knowledge development and improvement in collaborative teams is best served when
individual participants contribute their insights and expertise continuously;

e technology-based collaboration tools are needed that facilitate the reuse of information by
team members as knowledge emerges and evolves in team discourse;

e knowledge construction may be thought ofas occurring in a distributed knowledge,
information, and computing space encompassing the individual team members and all of the
information resources, modeling tools, and artifacts employed.

Part Il: Social Network Analysis and the Structure of Online Discourse

Inasynchronous learning networks (ALNS), information flows between students and
teachers in a variety of formats including email, chatrooms, threaded discussions and documents.
Researchers seeking to understand the dynamics of this exchange and its associated cognitive
and social outcomes often focus solely on either the structure or the content of the
communication. For instance, in the process of communicating with one another in asynchronous
threaded discussions, it has been found that students create implicit networks of relations with
one another (Aviv, Erlich, Ravid, & Geva, 2003). Typically, communication networks include
emergent structural features that appear and evolve over time with different individuals playing
different roles. These roles have been studied and described for years by researchers who have
specialized in social network analysis. For example, in responding to one another, it has been
found that some students play a role known as information broker. Those who play the role of
coordinator facilitate within their own study group. Those who are gatekeepers receive
communication from other groups and pass it along to their own group members.
Representatives pass on ideas to other groups, while itinerants act as facilitators between two or
more individuals of another group. Liaisons facilitate communication between individuals in two
groups.

By studying the connectivity structures of these networks, researchers using highly time-
intensive manual methods have probed the underlying mechanisms that establish and maintain
the networks, making possible the development of theories that explain their emergence
(Contractor, N. S., Wasserman, S., & Faust, K., 2006; Monge, P. R. and Contractor, N. S., 2003).
Social network analysis (SNA) has provided both a visual and a mathematical context for
analyzing the structure of asynchronous online communication (Wasserman & Faust, 1994).
New hardware and software tools have great potential for accelerating the process of
understanding social networks in online discourse. In fact, social network analysis and these new
tools are now being used to analyze online collaborative learning communities (Aviv, Erlich, &
Ravid, 2005) and to correlate network structures with knowledge construction (Aviv, Erlich,
Ravid, & Geva, 2003).
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Table 1: Fictional Response Data

Network relations may be represented using a student response relation matrix, illustrated
using the fictional data seen in Table 1. Inthis table, cell (i,j) indicates how many times the i-th
(row) learner responded to postings by the j-th (column) learner during asynchronous
communications. For example, learner 3 responded 6 times to the postings of learner 1. Notice
that this matrix is not symmetrical. That is, not all learners engage one another in the same ways.
Data of this sort may be obtained directly from server logs and/or compiled reports generated by
discussion forum software.

Graphical representations of this sort of data may be obtained using SNA software, such
as NetMiner (Cryam, 2007). Figure 2 shows how NetMiner visualizes the data presented in Table
1. In this visualization, gender is coded by shape (ie- circles for males and triangles for females),
assigned discussion groups are coded by color (e, group 1 in red and group 2 in blue), and age is
coded by size (older students appear as larger shapes). This visualization shows that three female
students (blue triangles # 8, 9, and 10) participated in the male discussion group (red) rather than
their assigned female group. It also shows that some students communicated with 6 or more of
their peers (e.g., #1, 3, 4, 6, 7, 9), while every student communicated with at least 4 peers. [Insert
Figure 2 about here]

In addition to response data, student attribute data may also be incorporated in analyses.
Table 2 shows the gender, group assignment, examination score, project score, and age of the
same 15 fictional students seen in Table 1. This data may be analyzed using well-established and
traditional statistical methods. Inthe case of many social network analysis tools, these analyses
may be conducted within the same data management and analysis environment used to create the
visualization seen in Figure 2. For instance, NetMiner (Cryam, 2007) may be used to test the null
hypothesis that examination performance is unrelated to gender. The output of that analysis is
seen in Table 3 and the result provides no evidence for the rejection of a null hypothesis (p > .05).
These and other data visualization and analysis features make NetMiner a powerful tool for
investigating the structure of online discourse.
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Figure 2: Structure of Student Discourse

Gender |Groups  |BExam Project Are
1 1.0 1.0 75.0 1.0 20.0
2 1.0 1.0 a0.0 1.0 24.0
3 1.0 1.0 92.0 1.0 1.0
4 1.0 1.0 a0.0 1.0 a0.0
] 1.0 1.0 78.0 1.0 44.0
5] 1.0 1.0 a0.0 1.0 42.0
7 1.0 1.0 ar.0 1.0 ar.o
a 2.0 1.0 78.0 2.0 8.0
£] 2.0 2.0 F0.0 1.0 a0.0
10 2.0 2.0 a5.0 1.0 52.0
11 2.0 2.0 99.0 1.0 49.0
12 2.0 2.0 100.0 1.0 40.0
13 2.0 2.0 ar.0 1.0 44.0
14 2.0 2.0 a0.0 2.0 a4.0
15 2.0 2.0 68.0 1.0 G0.0

Table 2: Fictional Attribute Data

The authors of this paper have prepared a Website that is a demonstration of a few of the
extremely basic capabilities of NetMiner. This site can be found at
http ://www.scs.unr.edu/~maddux/socdis. The site can be accessed by using the password "social.”
The site contains sample analyses and explanations as well as links to some hypothetical data
derived from student email.
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Statistics: ANOVA - Vector

AnALYSIS DATA OVERWIEW

TITLE

ATTRIBUTE VARIABLES

# OF NODES
TRANSFORM HISTORY

CiDocuments and SettingsidthomasHDesktoptCleh Datalsampledatal xls

Categorical Vector | Gender
Continuaus Yector : Exam

14

C =\Documents and Settings\dthomas Desktopcleh Datasampledatal xls

RESULT OF AWOWAWECTOR
Source of variation Sum of Squares dr. Mean Square
Between groups 20119 1 201149
Within groups 2,795,214 13 211.84
Totals 2775.333 14

Mormal Test

Eta-Sqguare F ratio 1]

0.007 0.095 0.763

Table 3: NetMiner Analysis of Attribute Data

Part I11: Content Analysis and the Substance of Digital Discourse and Docume nts
While it is important to understand how information flows between students and teachers,

it is even more important that instructors understand what is being communicated. Content
analysis (also called discourse analysis in some contexts) provides methodologies for studying
the substance of communication. Thanks to technological advancements, today’s scholars have
access to vast quantities of textual information such as articles, books, web pages, and blogs. For
the most part, these data are unstructured rather than structured (an example of unstructured data
is that found in journal articles in contrast to structured data, an example of which is that found
in databases). Structured data is generally analyzed using data mining and statistical methods
familiar to many scholars. Unstructured data, on the other hand, must be treated using text
mining and content analysis methods unfamiliar to many scholars. Figure 3 contrasts these
approaches to data retrieval and analysis.
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Figure 3: Structured vs. Unstructured Data

The exponential growth of unstructured data resources and the need to analyze these
resources on a practical time scale in an unbiased manner has motivated the development of a

variety of text-mining methodologies and technologies. Text-mining today is a computer assisted

methodology that extracts knowledge from large amounts of information (Feldman & Sanger,

2007; Weiss, Indurkhya, Zhang, & Damerau, 2005). For example, Sa (2009) used Leximancer, a

computerized text mining tool, to analyze the content of a body of mathematics education
literature consisting of 1,202 abstracts from 7 professional journals (See Figure 4).
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Figure 4: Content Analysis of Mathematics Education Literature

The steps in this process are illustrated in Figure 5. After uploading the raw data,
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Leximancer transformed the text into a carefully structured, intermediate data format.
Knowledge discovery algorithms were then applied to this representation of the data (Feldman &
Sanger, 2007), resulting in a table of word frequencies and a matrix of their relative co-
occurrence. Next, frequently occurring words were identified as seeds and co-occurring seeds
were aggregated into concepts. Finally, a clustering algorithm was used to produce a concept
map, which was then edited and interpreted by the researcher. In this approach, the resulting
concept map is a result of both automated and expert analysis.

An advantage of automated processes such as this is that they provide perfect coder
reliability in the application of coding rules to text. According to Weber (1990, p. 41),
algorithmically derived analysis offers “high coder reliability ... freeing the investigator to
concentrate on other aspects of inquiry, such as validity, interpretation, and explanation.™

Data

Collection
Purpose &

Scope

------------------

Browsing
: Functionality :

@ S ) Task Mining | “e.oecicieeeninns ;
- E‘" Preprocessing Processed Discovery
¥ -"ﬁé Document Algorithms
Collection J W S’ iicinenesnsnm,
Refinement :
: Techniques

.
-----------------

T

Researcher Text Mining Software Researcher

Figure 5: Content Analysis Process

The resulting concept map provides three sources of information about the content of the
document set: (a) the main concepts contained within the text and their relative importance; (b)
the strengths of links between concepts (how often they co-occur); and (c) the similarities in the
context in which they occur. These findings may be used to compare documents (e.g., to find
documents similar to a given document), to characterize communication patterns or practices
(e.g., to determine if there are gender-based differences in the content of student
communication), and to construct an overview ofa large body of information. In this concept
map:

« the brightness of a concept is related to its frequency (i.e. the brighter the concept, the more
often it appears in the text);

o the brightness of links relate to how often the two connected concepts co-occur closely
within the text;

e nearness in the map indicates that two concepts appear in similar conceptual contexts (i.e.
they co-occur with similar other concepts).

Figure 6 identifies the three main themes spanning the document set: (a) students; (b)
research, and (c) education. Figure 7 overlays the concepts associated with these themes and
tags associated with the publications represented in the document set. Note the relative proximity
of the concept research and the tag representing the Journal for Research in Mathematics
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Education (TG_3 JRME_TG) and the relative separation from the tag representing the
practitioner-oriented journal Mathematics Teaching in the Middle School (TG_6_MTMS_TG).
Figures 8 and 9 provide insights into the co-occurrence of the concept research with many other
concepts in the document set. Leximancer provides direct links via the book icons in Figure 9 to
these co-occurrences in the original text (See Figure 10). These links provide context for detailed
analysis of these occurrences by the researcher.
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Figure 6: Main Themes

To be published in the Journal of Educational Technology Systems, Volume 38, Number 3.



Structure & Substance

TG_1G|:|_TG
__...d-"-_ _-""-\-»..H

//”" ""-\\\ educs'ation\
L=y

i TG_4_{I;;1:I§E HRIE | thEZ'l'!.f edu-{a'rt onal
edusgiion (& !

={Hnogls
r/ Eurrgulum teV|n$U Lprnent n'hture

=l '5|‘5|5 f)e
chifdr aﬁﬁﬂﬂj IGS wesort

mathematics b XL\
\ @ W% la-?:IE;S :‘\"‘-\—EXELpres‘/
jo;“{n cla{ﬁjmm

athein atic a
rafegies thirking

3

_ . .,f
reazoning ﬁm;;ﬁanﬁmn
flt :

". activities number

\ a-ﬁE%E"f-bEE activity /

TE_ 5 T“%Fh
o |V

Te_a_re:ws_m
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Related Entities (and locations). (Count: 54)
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Figure 9: Partial List of Concepts Co-occurring with research
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Figure 10: Links to Use of the concept research inthe Original Text

These and other Leximancer features may be used to identify main ideas and clusters of
ideas within large document sets and to point the researcher to all occurrences of a concept or
phrase. Applied to online student discourse, this capability may be used to identify critical
concepts and misconceptions and to associate these with individual students or teams of students.
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Part IV: Examples of SNA and CA of Student Discourse and Documents

Thomas, Li, Knott, & Li(2008) used SNA to analyze the structure of over 1500 messages
spanning three undergraduate, web-assisted mathematics content courses for preservice
elementary and secondary teachers. In these courses, students were assigned to small
collaborative groups the first day of class. Every 3 weeks, each group submitted a lengthy
homework report to the instructor. The content of these homework reports and the content of the
course examinations were closely aligned. Homework reports were developed in each group’s
WebCT discussion forum and graded periodically by the instructor. Homework items with errors
and/or omissions received no credit. In other words, group member had to read, edit, and revise
each others’ work or suffer the consequences. This practice also motivated students to work
closely with teammates rather than with members of other groups. Accepting and assuming this
responsibility was not easy for many students. In time, the burden of the consequences overcame
students’ reluctance and every team developed an authentic collaboration. The authors call this
sort of collaboration forced.

In each course, some students participated frequently, while others were relatively silent.

Some students played facilitating roles, while others contributed little. These and other structural
aspects of student discourse were strongly related to individual student achieve ment on course
examinations (for example, an r? statistic of 0.55 was calculated between measures of student
participation in the network and measures of their achievement on course examinations). In
other words, without examining what students actually said to each other, the structure of their
discourse strongly suggested which students were succeeding and which were struggling. Figure
11 illustrates the structure of student communication in the three courses. In this figure, male
students are represented with small icons and female students with large icons.
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LModern Geometry

Figure 11: Structure of Student Communication in Three Mathematics Courses

Ina follow-up study involving another section of Mathematics for Elementary Teachers
I, Li (2009) removed the forcing mechanisms used in the first study. In this approach, which the
authors call unforced, online student discourse focused on topical discussions rather than graded
homework reports. These discussions had a much smaller relationship to their grades than the
homework reports in the prior course. Finally, while students were seated as collaborative groups
during class, they were free to read and respond to all postings in the online discussion forum.
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Figure 12 strongly suggests that the structure of student communication was independent of
group membership (dotted rectangles). A statistical analysis confirmed that the structure of
student discourse under these conditions was not related to student achievement on course
examinations, even though a cursory examination of the data suggest a tendency to that effect.
These two studies suggest that while the structure of online discourse may be associated with
student achievement in some circumstances, the strength of that relationship depends strongly on
the purpose and structure of the learning tasks and related motivational factors.

Figure 12: Communication Between Participants

Li’s study (2009) also investigated the content of student communication. His
methodology included both a traditional hand-scored, rubric-based approach to data analysis and
a machine-scored approach using Leximancer software. The rubric-based approach relied on the
judgment of a team of mathematics educators to rate the mathematical merit of individual
postings. Leximancer was used to create an overall perspective of student discourse. The
research questions addressed and principal findings in this analysis follow.

e How consistent is the level of discourse for individual students?

Figures 13, 14, and 15 show the percentage of high, medium, and low level messages
posted by students during the first third, middle third, and final third of the course. Clearly,
students did not post consistently at any level.
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Figure 13: Percentage of High Level Messages by Individual
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Figure 14: Percentage of Middle Level Messages by Individual
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Figure 15: Percentage of Low Level Messages by Individual
e How consistent is the level of discourse over time from topic to topic?

As shown in Figure 16, the level of student discourse from topic to topic increased over
time as fewer low and medium level messages were posted relative to high level messages.
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Figure 16: Change of the Percentage of High/Medium/Low Level Messages Over Topics

o How are role centrality and concept centrality related in student discourse?
Using social network analysis, Li (2009) identified the central player(s) ineach topical
discussion (for example, the student(s) with the highest role centrality). Using content analysis,
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he identified the key concepts in each discussion such as concept centrality. As shown in Table
4, the student(s) with the highest role centrality were the same students who contributed the ideas
with the highest content centrality.

Topics | Central Player(s) | Contributors of Central Concepts
1&2 S1 S1
3&5 S1 & S18 S1 & S18
4 S14 S14
6&7 S9 S9

Table 4: Central Players in the Network vs. Central Concept Contributors

A similar but slightly weaker relationship was found relative to students whose role
centrality was secondary to that of the students identified in Table 5.

Topics Secondary Player(s) Contributors of Central Concepts
1&2 S3, S4, S8, S14, S3, S4, S8, S6, S16
3&5 S3, S8, S9, S12, S3, S6, S8
4 S10 S3, S1, S6, S10, S18
6&7 S8, S14, S16 S1, S8, S14, S16

Table 5: Secondary Players in the Network vs. Central Concept Contributors

These findings suggest a strong relationship between the leadership roles that students
play in a network and the quality of their contributions to student discourse. A necessary caution
is that this analysis does not deal with the causality of this relationship, though further content
analysis may shed light on that issue.

Discussion

The capacity of instructors to improve online discourse is dependent on their
understanding of its evolving structure and content. Social network analysis and content analysis
provide methodological and technological means for identifying and characterizing evolving
structural and substantive aspects of student communication. Highly refined techniques have
been worked out by researchers over the years using time-intensive manual methodologies.
Recent advancements in hardware and software have automated many of these techniques and
made them accessible to researchers in other domains. Timely information of this sort might be
used by instructors to reassign struggling or discontented individuals to different online groups,
to reconfigure groups and/or tasks to optimize emerging capabilities, and to forma leadership
team consisting of individuals from each student group. Use of social network analysis and
content analysis to study online communication in web-based courses is in its infancy.
Nevertheless, new research methodologies and technologies crafted to meet the challenges of
online learning are beginning to emerge that will empower both researchers and students.

Among the findings discussed in this paper, the following seem instructive when
designing and delivering web-assisted and web-based courses in which student discourse is used
to promote knowledge discovery and improvement.
e Ifstudents are to develop authentic, productive collaborations, strong incentives are needed;
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e Ifstudents are to develop and improve knowledge, challenging, structured tasks are needed;

e When strong incentives and challenging, structured tasks are provided, strong associations
are possible between the structure of student discourse and student achievement;

e Role centrality (e.g., who is leading) and content centrality (e.g., what is being said) are
related. That is, student leaders are often the strongest contributors of high-quality content.

There is another, less obvious advantage to the mixed approach advocated in this paper.
Over the years, the philosophical/methodological gulf between proponents of quantitative and
gualitative research methodologies has widened to the point that meaningful dialogue between
these “camps” is rare. For instance, “qualitative” researchers interested in teaching and learning
in online environments have relied heavily on rubric-based, hand-coding procedures and
gualitative interpretive practices to analyze online discourse. While this approach has produced a
large body of work, much of it is unsatisfying to “quantitative” researchers. Likewise, many
“qualitative” researchers find quantitative studies unsatisfying. We believe that technology-
based social network analysis and content analysis, both of which have solid statistical
foundations, may provide ‘“common ground” on which quantitative and qualitative researchers
may, once again wrestle with important questions and ideas without surrendering the strengths of
their research methodologies.

Assuming that a suitable forum emerges for exploring mixed methods of content and
structural analysis of online, asynchronous, student discourse, opportunities for collaborative
research may arise naturally among the growing, nationwide community of faculty interested in
improving teaching and learning in web-assisted and web-based courses. |fthat happens, it
seems likely that many research questions normally associated with traditional instruction may
be extended to web-based and web-assisted instruction. For instance,

e To whatextent do web-based learning environments advantage/disadvantage students whose
learning styles, language skills, and personalities interact with web-based instructional
modalities?

e What skills and dispositions do teachers and students need to succeed in web-based,
collaborative learning environments?

e How do instructors use content and structural analysis of online student discourse to assess
student progress and to inform instructional decisions?

e In what sort of courses might this sort of analysis be most useful? Least useful? Why?

From the perspective of the authors, these investigations will do more than extend the
scope of educational research; they add a new and distinctive “flavor” to what we do as scholars.
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