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Presenter
Presentation Notes
Dr. Jevadi and I are happy to be here today to share this presentation with you.
This project was based on our recognition that networked online learning—or computer supported collaborative learning— is important in creating successful teaching-learning experiences.  
We have individually been involved in studies examining various aspects of online learning.  In the past we examined content of discussions or student questionnaires using content analysis or other traditional statistical analyses to examine the quality of posts or to identify associations or mediating or moderating factors.  
The approaches we previously used did not allow us to fully examine the dynamics of participant interactions in online discussions.
We could not identify patterns of interactions or understand students’ connections with one another.  
For this study we used Social Network Analysis (SNA) to examine participation and interactions in discussions:  To identify who’s participating with who? how actively?  And what are the patterns within discussions and patterns across several discussions?
Using SNA we explored the discussion interactions within one fully online graduate level nursing course during the summer of 2015.  
Dr. Jevadi and I co-taught this course during the summer; it was the first time teaching it for both of us.


—Goal, Background, and Purpose
—Methods and Datasets

— Network Diagrams and Network
Measures

— Hypothesis testing: dyadic, node-
level, and mixed dyadic/nodal

— Limitations, insights, and conclusions
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Presenter
Presentation Notes
During our presentation I will begin by sharing the goal and background for this study, the methods we used, and the fundamental structural networks identified in the teams.  
Dr. Jevadi will share the results of our results related to program membership and our interpretations.
As we wrap it up we will summarize the limitations, some insights, and our conclusions.


Goal

Examine patterns of student-to-student
interactions on online discussions (comprised
of students in 3 graduate nursing programs)
to provide insight on design of effective:

> Facilitation mechanisms
> Student teams
» Evaluation mechanisms
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Presenter
Presentation Notes
I will read the slide as is.


Background (1)

e Effective online discussions are interactive*
* Influence of group characteristics
Familiarity influences information sharing/integration 2
Communication clusters often are based on comfort 3
* Importance of communication dynamics 34
* Communication networks and healthcare outcomes>
+ associations between outcomes and density
+ associations between outcomes and centrality

— relationships between clustering and outcomes
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Presenter
Presentation Notes
ELAHE, I pulled from the IRB submission to add some information and references.  

From the literature we know that
Effective online discussions are interactive.
         interaction is important as students share—and begin to integrate or synthesize—ideas  
            In discussions their integration begins as students start referring to & using ideas proposed by peers and …
                      elaborate, respond to, or propose alternative ideas to peer posts.
We also know, however, that the characteristics of group members influence communication and cognitive processes that evolve as a group works together.
First, groups comprised of familiar members were more effective in sharing information while team members who were not familiar with each other were more effective at integrating information.  (Gruenfeld, 1996).  
Second, people naturally tend to cluster together with members with whom they feel most comfortable (Cunningham)
Potential problem:   This can tend to minimize exposure to new or alternate points of view      
3.   Understanding communication dynamics is important to:
      a.    Creating effective teams
      b.    Implement effective practices in communication systems and learning situations
      c.    Disseminate knowledge quicker and more effectively into actual practice.
4. Communication networks have important implications for healthcare outcomes
      a.    Better health care outcomes are positively associated with BOTH communication networks that possess
            greater density (cohesion) AND higher centrality in communication
      b.    Negative associations exist between health care outcomes and clustering (more clustering = poorer outcomes)
              SO…….in general teams need to avoid clustering….


Background (2)

* The need for evidence

—Few social network analyses (SNA) of online
discussion

Impact of scaffolding on AOD interactions ®©

Associations between network structures and
social construction of knowledge ’

— One study of interactions in AOD in health care @

— Very rare studies of SNA in nursing or nursing
education °
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Presentation Notes
5.  There remains a need for evidence to help instructors design the most effective discussions.
There have been very few studies using social network analyses of online discussions that inform this discussion.
	One examined the impact of scaffolding on network structures in AOD’s
 	The other examined associations between network structures and the social construction of knowledge.
Further, systematic research reviews conducted in 2014 and 2015 further support the need for studies on this topic.
SRR of interactions in  AOD in higher education identified 1 study in health care field & 1 using social network analysis (SNA)8 
           Rare studies of SNA in nursing and even rarer in nursing education 9



Background (3) — an Example Study

Waters & Gasson (2012) 3

Independent Variables:

Level of instructions (general vs. structured),

# posts by instructor

Level of instructor moderation ((low vs. high)
Dependent Variables:

Number of messages and participants in threads

Maximum depth of threads

Behavioral measures :

Peer-to-peer versus broadcast messages

Student-student vs student-instructor interactions.
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Presentation Notes
Independent Variables: 
Level of instructions  (general vs. structured), 
# posts by instructor & instructor moderation (low/hi)
, and level of moderation by the instructor (low vs. high) as it relates to structure of the interactions network  in  online course discussions. 
Dependent Variables: 
     Number of messages  and participants in threads 
     Maximum depth of threads
     Behavioral measures include distinguishing between peer-to-peer versus broadcast messages and between student-student and student-instructor interactions. 


Purposes

1. Describe network structures across the
teams’ discussions during weeks 2, 3, and 4.

2. Examine the influence of student’s
membership in a specific nursing program
on (1) each student’s network
characteristics, and on (2) student’s
commenting interactions.
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Presentation Notes
By describing the activity and relationships between the members of the teams engaged in these online discussions, we were hoping to gain insight into effective asynchronous online discussion designs.
   FIRST we examined the fundamental discussion network structures
   SECONDLY  we then determined whether there were correlations between a student’s program membership (as an MSN, DNP, or PhD student) with the network status or with the discussion interaction matrices.


Program Membership and
Interactions in Online Discussions

Group A Group B

PhD

PhD
2

3

Instructors purposefully assigned team
membership
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Presentation Notes
--20 students were enrolled in our Introduction to Nursing Informatics course.  
--The course is a required core course in 3 graduate programs:  Doctor of Nursing Practice (DNP), PhD, and MSN – with specialty in Nursing Systems Administration programs.  
--The course is designed to provide an “Overview of nursing informatics theory, practice, policy, and research trends emphasizing knowledgeable use to support advanced nursing practice and research.” 	
--Upfront we knew we wanted to encourage interactions between the nurses enrolled in the various programs.  
--We purposefully divided them into Group A and B, with 10 students in each group.


ISCUSSION

Student-to-
Student
Interaction
Matrices
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Presenter
Presentation Notes
Each student participated in discussion teams and was required to submit an initial and at least two responsive posts.
We coded the program membership of each student ---Master’s Nursing Systems Administration, DNP, or PhD
Initially 6 matrices were created, one for each team’s discussion during weeks 2, 3, and 4 of a 12-week summer session.
We recorded the number of times a team member posted a response to another team member’s initial post.
These data sets were analyzed using social network analysis program, Ucinet for Windows: Software for Social Network Analysis,  to:
Describe the structural measures for each team.
Examine influences of program membership.


Social Network Analysis

Sociogram depicting responses to peer(s)
initial posts in one team discussion
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Presentation Notes
The analyses we performed allowed us to examine the networks within asynchronous online discussion responsive posts.
Each circle at the perimeter of this sociogram represents a student in the team.  
The arrows that depict only one response are small and it is a little difficult to see the arrows on the end of the lines.  
The darker lines indicate more times that interactions occurred.


Structural Measures - Density

Density
1.50) 1.34 1.24
1.16 1.12 ‘1.11
DISC 2 DISC 3 DISC4

©®-Group A -@-Group B

Density Definition:
Extent to which participants are concentrated (cohesion)
# relationships actually observed/total # possible relationships
Values shown are normalized measures
Density Findings:
Over the three discussions density decreased in both teams

Higher density values are generally desirable
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Presentation Notes
ELAHE, do you know what the possible range of values could be for this ‘normalized’ measure of density?  Need to add to slide yet. *********I cannot find why the “new” measure of density is greater than ONE. I cannot find the formula for it on the software resources. The instructions says the old definition which is supposed to be in [0,1]

Density is the extent to which participants are concentrated.  This is thought of as how cohesive the team is.
While this is based upon the # of relationships that were observed divided by the number of possible relationships, the values shown are normalized.
Over the course of the three discussions the density decreased in both teams.  
As an indication of team cohesiveness, however, it is generally desirable to identify greater density within online discussions.



Structural Measures - Centrality

In-degree Centrality

0.18 0.14 0.22
0.15 —$0.12
0.09
DISC 2 DISC 3 DISC 4

©®-Group A -@-Group B

Centrality Definition:
Indicates members positions of power, popularity & prestige
Value shown is for team as whole (possible range 0-1)
Centrality Findings: Overall remained low, which is desirable;
No indication of a high degree of centralized power or any

disproportionate attention to a subgroup
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Presentation Notes
If there is a high degree of centrality this indicates fewer people are getting responses, while a low value indicates many team members are receiving responses.  
Across the three discussions measures of centrality remained low overall, indicating the team members shared power in the discussion.


Structural Measures - Reciprocity

Reciprocity
0.
0.5 @— 0.6
0.3 4
DISC 2 DISC 3 DISC 4

©®-Group A -@-Group B

Reciprocity Definition:

Extent to which directed relationships are bi-directional (%)
More stable networks have mostly null or reciprocal ties

Reciprocity Findings:

Values in both teams remained moderately high overall

Higher values are not desirable (given our design with no requirement to respond
to posts on own thread). Preferable that students engage in meaningful
discussion versus only responding to ‘those who respond to me’.
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Overall, in both teams the reciprocity values remained high overall.
The desirable reciprocity attribute is debatable.  Many theorists, however, believe that a network with an overall tendency for no relationships (or connections) or reciprocal (two-way) relationships are more stable or “equal” than those networks that have asymmetrical connections.  
These theorists believe that asymmetrical connections may indicate that a hierarchical relationship exists between members of the communication network.
When high values persist, would want to encourage students to pay particular attention to responses of most value, although would continue to encourage netiquette in acknowledging contributions of all team members.  
Do not want to encourage students to only engage with those who posted on their initial thread.


Structural Measure-Clustering Coefficient

Clustering Coefficient

71.00_“ 0.86 .
- 0.500— ;;;\‘0.55—
. ————$-008

DISC 2 DISC 3 DISC4

©-Group A -®-Group B
Clustering Coefficient Definition:
Identifies cohesive subgroups in a network (possible range 0-1)
Creativity is promoted with a lower coefficient
Clustering Coefficient Findings:
Desirable decrease noted in both teams
One team was consistently higher
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Although one team was consistently higher, the clustering coefficient for both teams decreased from the 2nd through 4th discussions.
These decreases were desirable.  
A high value would indicate a subgroup within the team network are commenting only on each others’ posts.  
When creativity is a goal,  a high coefficient is not desirable.  
If this value increases, would want to intervene—inviting team members not in the ‘subgroup’ to comment on an issue.


Node-level Analyses (1)

Question: Is there a correlation between the
student’s program membership and network

status? L .
Bonacich’s Reciprocit
Power P y
\ J \ J
4 ) 4 N
Degree Clustering
Centrality Student’s Coefficient
. ) Program L )

(MSN, DNP,
or PhD)
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Node-level Analyses (2)

Degree Centrality

The extent to which a
node receives (in-degree)
and posts (out-degree)
comments.
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Bonacich’s Power

Do | tend to receive
comments from students
who themselves receive
many comments?

Takes into account not
only the number of
connections but how
well/weak those
connections are
connected



Cluster Coefficient
Analysis of Variance - Discussion 2 & 4 in Group B

Program Program Bonacich’s Power
sl 1
= DNP Discussion2  Discussion 4
s12 MSN 512 0 s11 1.13 1.13
s13 MSN s13 0 s12 1.2 0.7
sl4 PhD sl4 2 s13 0.62 1.02
s15 DNP s15 1 sl4 0.86 0.36
s16 DNP 516 1 s15 1.04 0.78
e S 17 1 sl16 1.16 1.14
S
3 517 1.18 1.43
s18 MSN s18 0 518 0.88 0.7
s19 PhD s19 2 519 0.32 0.63
s20 DNP s20 1 s20 1.22 15
ANALYSIS OF VARIANCE
Source DF 550 F-statistic significance
Treatment 2 448844, 61 4. 8197 0.0456
Error 7 325942.7
Total 9 F7ATEY .33
uar‘efEta—Squar‘e: 0.579
AMALYSIS OF VARIANCE
source DF 550 F-statistic significance
Treatment 2 515339, 28 0.4484 0.0218
Erraor 7 279709, 27
Total 2! 795048, 55

O1S 5> R-5quare/Eta-square: 0.648
O\ LLJAJAINULID J1AL L
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Node-level Analyses (3)

Reciprocity

The extent to which
comments are
reciprocated
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Clustering Coefficient

The extent to which
commentators on a
focal student
comment on each
other’s posts.



Cluster Coefficient
Analysis of Variance - Discussion 2 Group B

Program Program . . .
ogra ogra Clustering Coefficient
s11 DNP s11 1
512 MSN 512 o su 0.6
s13 MSN s13 o 22 B
s13 0.83
sl4 PhD sl4 2
15 ONP X X s14 0.53
- S5 515 0.67
sl16 DNP s16 1 516 0.62
s18 MSN s18 0 s18 0.6
s19 PhD s19 2 s19 0
s20 DNP s20 1 s20 0.7
AMNALYSIS OF VARIANCE
Source DF 550 F-Statistic significance
Treatment 2 0.25 4,5433 0.0218
Error 7 0.19
Total Q 0.44

R-5Square/Eta-square: 0.565
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Dyadic Correlations

Question: Are there correlations between discussion matrices
and the program membership matrices when compared at
dyadic level?

Measure: Jaccard’s similiarity coefficient for two binary vectors
- total number of times that an element is 1 in both vectors (/11)

- total number of times an element is O in one vector and 1 in
the other (]01,]10)

J11,
Jo1+ J10t+J11

Jaccard coefficient is then calculated as follow:
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Presentation Notes
Include ALL – highlight the significant --- a box for interpretation


Jaccard Coefficient between Program

Membership Matrix and Discussion
Matrices — Group A

Coefficient
Discussion 2 0.37
Discussion 3 0.28
Discussion 4 0.12

Jaccard Coefficient between Program
Membership Matrix and Discussion
Matrices — Group B

Coefficient
Discussion 2 0.33
Discussion 3 0.38 (p=.05)
Discussion 4 0.32

ILLINOIS STATE
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0.4
0.3
0.2
0.1

0

Jaccard Coefficient Trend

Discussion 1 Discussion 2 Discussion 3

e Group A =Group B



Mixed Dyadic-Nodal:
differences in group tie density

Structural blockmodel

Constant Homophily blockmodel
Variable homophily blockmodel

Homophily:
— Tendency of within-group connections:

— Students within the same group comment on
each other’s posts.
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Mixed Dyadic-Nodal: Structural Blockmodel

Density Table for Discussion 3 in Group B
MSN DNP PHD

MSN 0.67 ) 0.33
DNP 0.67 0.85 ) 0.1

PHD 0.33 0.4 1
Model fit: Adj R-Sgr: 0.19 ; significance: 0.015

 MSN students have a low probability (0.33) of being tied to
one another.

 MSN students have a high probability (0.67) of being
connected to DNP students.

 DNP students show strong (0.85) tendencies toward within-
group ties.
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Mixed Dyadic-Nodal: Structural Blockmodel

Discussion 2 in Group A

Discussion 2 in Group B

MSN DNP PHD MSN DNP PHD
MSN 0 0.5 0.67 MSN 0.5 0.6 0.17
DNP 0.6 0.35 0.33 DNP 0.67 0.8 0.3
PHD 0.17 0.53 17 PHD 0.33 0.3 0.5

Model fit: Adj R-Sqr: 0.028 ; significance: 0.4

Model fit: Adj R-Sqr: 0.1 ; significance: 0.17

Discussion 3 in Group A

Discussion 3 in Group B

MSN DNP PHD MSN DNP PHD
MSN 0 0.4 0.33 MSN 0.33 0.67 0.33
DNP 0.5 0.35 0.4 DNP 0.67 0.85 0.1
PHD 0.33 0.4 0.33 PHD 0.33 0.4 1

Model fit: Adj R-Sqr: -0.059; significance: 0.98

Model fit: Adj R-Sqr: 0.19 ; significance: 0.015

Discussion 4 in Group A

Discussion 3 in Group B

MSN DNP PHD MSN DNP PHD
MSN 0 0.3 0.33 MSN 0.17 0.4 0.17
DNP 0.4 0.2 0.4 DNP 0.4 0.8 0.3
PHD 0.33 0.47 0 PHD 0.17 0.3 0

Model fit: Adj R-Sqr: 0.004 ; significance: 0.52

Model fit: Adj R-Sqr: 0.15 ; significance: 0.11
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Mixed Dyadic-Nodal: constant homophily model

Constant homophily: all groups may have a preference for within-
group ties, but that the strength of the preference is the same
within all groups.

Regression Coefficients

Coefficient Significance

Intercept 0.47 0.98
In-group @ 0.037
Model fit: Adj R-Sqr: significance

e Thereis a 47% chance that students from different programs
commented on each others’ posts

* |f the students come from the same group, this probability is 28%
higher, or is 75 %

e The block model of group differences accounts for only 5.9% of pair
wise ties. But this is not a completely random result ( p= 0.06).
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Mixed Dyadic-Nodal: constant homophily model

Regression Coefficients — Disc 2 A

Coefficient Significance
Intercept 0.47 0.1
In-group -0.18 0.1

Regression Coefficients — Disc 2 B

Coefficient Significance
Intercept 0.45 0.98
In-group 0.26 0.05

Model fit: Adj R-Sqgr: 0.029 ; significance: 0.15

Model fit: Adj R-Sqr: 0.059 ; significance: 0.06

Regression Coefficients — Disc 3 A

Coefficient Significance
Intercept 0.4 0.35
In-group -0.08 0.35

Regression Coefficients — Disc 3 B

Coefficient Significance
Intercept 0.47 0.98
In-group 0.28 0.037

Model fit: Adj R-Sgr: 0.006 ; significance: 0.6

Model fit: Adj R-Sqgr: 0.069 ; significance: 0.06

Regression Coefficients — Disc 4 A

Coefficient Significance
Intercept 0.39 0.05
In-group -0.24 0.05

Regression Coefficients — Disc4 B

Coefficient Significance
Intercept 0.32 0.989
In-group 0.28 0.024

Model fit: Adj R-Sgr: 0.06 ; significance: 0.08
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Model fit: Adj R-Sqr: 0.072 ; significance: 0.06



Mixed Dyadic-Nodal: variable homophily model

Constant homophily: tests the model that each diagonal cell
(commenting within MSN, within DNP, and within PHD groups)
differ from commenting behavior between groups.

Regression Coefficients

Coefficient Significance
Intercept 0.47 0.98
MSN -0.13 0.36

DNP (038 L0.01)
PHD 0.53) (0.02)

Model fit: Adj R-Sgr: 0.111 ; significance: 0.05

*  The probability that any two student comment on each other is 47%.

*  The probability that any two MSN students comment on each other’s post is lower.

*  The probability that DNP student is 38% and significantly higher.

*  The probability that PHD students comment on each other is also significantly higher.
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Mixed

Node-level

4 N 4 N
Correlation between
— In-degree EEIE T el = Structural block model
and program
membership
\ S \, V.
4 N 4 N
— Bonacich’s power == Constant homophily
\ S \ V.
4 N f N
— Reciprocity == Variable homophily
\ S \ S
4 N
= Clustering coefficient
\ S
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Insights (1)
» Facilitation mechanisms

» Student teams
» Evaluation mechanisms

M 4 7
Density Centrality Reciprocity
Clustering Dyadic Within-group

Coefficient Correlations homphily

N A e e

ILLINOIS STATE
UNIVERSITY

llinois’ first public university




Insights (2)

* To facilitate more accurate coding, may help to ask students
to clarify intended recipient

* Inclusion of both SNA and content analysis would provide a

fuller, holistic examination of the performance of networked
learning communities.

* |Instructors can capitalize on use of online discussions, a
common experience in students’ education, by:

— Manipulation to maximize synthesis of knowledge

— Use as an opportunity to educate about ways to become
more effective team members

ILLINOIS STATE
UNIVERSITY

llinois’ first public university



Presenter
Presentation Notes
ELAHE, 
I don’t know that we need a separate ‘insights’ and ‘conclusions’ slide.  I trust that you will make the best decision about this. ************ does my new slide answer the questions?
Comment about second bullet:  
Including both SNA and content analysis in future studies would provide a fuller, more holistic study of discussions and how well the teams are performing in networked learning communities (allowing examination of patterns plus quality of interactions)  
3.   Either for the ‘insights’ or ‘conclusions’ slide, we should revisit our goal:  
“Examine patterns of student-to-student interactions on online discussions (comprised of students across 3 different types and levels of nursing programs) to provide insight on design of effective: 
Facilitation mechanisms
Student teams
Evaluation mechanisms”



Limitations

Included only the early course discussions

Potential differences between discussion
topics over the 3 weeks

Challenges ensuring reliability of coding

— Several instances where the intended
recipient(s) lacked clarity

Social network analysis quantifies amount
and types of interactions, but not quality of
interactions
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--Only included the discussions that occurred in first few weeks
        These results are exploratory in nature and not intended to represent changes across a semester.
--Potential differences between discussion topics
    While our review of the topics selected confirmed that each discussion topic would enable:
                full interaction between all students enrolled and 
                allow students to draw from a broad variety of resources and required or supplemental readings
                 to discuss multiple aspects—related factors, perspectives, implications or consequences…..
       We acknowledge the students may have different perceptions, especially in these early weeks of the course.
--Challenges  ensuring reliability of coding 
Some lack of clarity about intended recipient(s); 
In several instances, it became clear after reviewing the content that just because a response was posted within a student’s thread that the response was intended for other specific peers, too.   Sometimes it was for two or three peers—or the whole team.
--Social network analysis quantifies amount and types of interactions, but not quality of content in the interactions
         While we desired to look at the interaction amount/types to gain a fuller picture of the overall performance of networked learning communities , 
       …. We still need to recall that this is just PART of the picture and considerations needed to have the fullest insight into the types of teams, facilitation mechanisms, and evaluation mechanisms that will help us understand how to design and facilitate the types of discussions which are most likely to result in EFFECTIVE online discussions.
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