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ABSTRACT

Examining the Effects of Discussion Strategies and Learner Interactions on Performance

in Online Introductory Mathematics Courses: An Application of Learning Analytics

by

Ji Eun Lee, Doctor of Philosophy
Utah State University, 2019
Major Professor: Mimi Recker, Ph.D.
Department: Instructional Technology and Learning Sciences

Asynchronous online discussion is one of the most widely used instructional
methods in online learning environments. Previous studies have shown that the use of
online discussions helped in improving not only learners’ engagement but also an
achievement. Thus, it can be used as one possible solution for improving student success
in online mathematics courses. However, while many previous studies have demonstrated
the effectiveness of using online discussions, the effective use of online discussions has
been seldom studied in mathematics learning contexts.

This dissertation study explored: 1) instructors’ use of discussion strategies that
enhance meaningful learner interactions in online discussions and student performance,
and 2) learners’ interaction patterns in online discussions that lead to better student
performance in online introductory mathematics courses. In particular, the study used a
data-driven approach by applying a set of data mining techniques, such as a semi-

automated content analysis, Classification and Regression Tree (CART) analysis,
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Hierarchical Linear Modeling (HLM), to a large-scale dataset automatically collected by
the Canvas Learning Management System (LMS) for five consecutive years at a public
university in the U.S., which included 2,869 students enrolled in 72 courses.

First, the results of the CART analysis revealed that the courses that posted more
open-ended prompts, evaluated students’ discussion messages posted by students, used
focused discussion settings (i.e., allowing a single response and replies to that response),
and provided more elaborated feedback had higher students final grades than those which
did not. Second, the Kruskal Wallis H-tests showed the instructors’ use of discussion
strategies (discussion structures) influenced the quantity (volume of discussion), the
breadth (distribution of participation throughout the discussion), and the quality of learner
interactions (levels of knowledge construction) in online discussions. Lastly, the results
of the two-level HLM analysis revealed that the students’ messages related to allocentric
elaboration (i.e., taking other peers’ contributions in argumentive or evaluative ways) and
application (i.e., application of new knowledge) showed the highest predictive value for
their course performance.

The findings from this study suggest that it is important to provide opportunities
for learners to freely discuss course content, rather than creating a discussion task related
to producing a correct answer, in introductory mathematics courses. Other findings
reported in the study can also serve as guidance for instructors or instructional designers

on how to design better online mathematics courses.

(127 pages)



PUBLIC ABSTRACT

Examining the Effects of Discussion Strategies and Learner Interactions on Performance

in Online Introductory Mathematics Courses: An Application of Learning Analytics

Ji Eun Lee

This dissertation study explored: 1) instructors’ use of discussion strategies that
enhance meaningful learner interactions in online discussions and student performance,
and 2) learners’ interaction patterns in online discussions that lead to better student
performance in online introductory mathematics courses. In particular, the study applied
a set of data mining techniques to a large-scale dataset automatically collected by the
Canvas Learning Management System (LMS) for five consecutive years at a public
university in the U.S., which included 2,869 students enrolled in 72 courses.

First, the study found that the courses that posted more open-ended prompts,
evaluated students’ discussion messages posted by students, used focused discussion
settings (i.e., allowing a single response and replies to that response), and provided more
elaborated feedback had higher students final grades than those which did not. Second,
the results showed the instructors’ use of discussion strategies (discussion structures)
influenced the quantity (volume of discussion), the breadth (distribution of participation
throughout the discussion), and the quality of learner interactions (levels of knowledge
construction) in online discussions. Lastly, the results also revealed that the students’
messages related to allocentric elaboration (i.e., taking other peers’ contributions in

argumentive or evaluative ways) and application (i.e., application of new knowledge)
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showed the highest predictive value for their course performance.

The findings from this study suggest that it is important to provide opportunities
for learners to freely discuss course content, rather than creating a discussion task related
to producing a correct answer, in introductory mathematics courses. Other findings
reported in the study can also serve as guidance for instructors or instructional designers

on how to design better online mathematics courses.
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GLOSSARY

Asynchronous Online Discussion (AOD) — an online text-based learning activity in which
students are engaged in discussing a particular topic by interacting with an
instructor or other peers (Darabi et al., 2013).

Classification and Regression Tree (CART) — one of the decision tree algorithms. It
progressively segments samples into subgroups by identifying which variables
(and in what order) best predict the outcome variable (Lemon et al., 2003)

Knowledge Discovery in Databases (KDD) Process — “the nontrivial process of
identifying valid, novel, potentially useful, and ultimately understandable patterns
in data” (Fayyad, Piatetsky-Shapiro, & Smyth, 1996, p. 30).

Learner Interactions - defined as communication between one learner and other learners
or instructors in collaborative or cooperative learning settings (Anderson, 2008;
Moore, 1989).

Learning Analytics — “the measurement, collection, analysis, and reporting of data about
learners and their contexts, for purposes of understanding and optimizing learning
and the environments in which it occurs” (Siemens & Baker, 2012, p. 252).

LightSIDE — a text mining tool developed by researchers at Carnegie Mellon University
for natural language processing (NLP). Based on the training data hand-coded by
a human, the tool develops a classification model using machine learning
algorithms (Mayfield, Adamson, & Rosé, 2013).



CHAPTER1

INTRODUCTION

Problem Statement

Mathematical skill is one of the core competencies for the 21% century (Dede,
2010; Partnership for 21st Century Learning, 2015). It is not only a foundation for all
Science, Technology, Engineering, and Math (STEM) disciplines but also helps learners
solve complex problems and make important connections to other fields (Chen &
Soldner, 2013). A recent study found that mathematical ability also influences career

success and accomplishments (Lubinski, Benbow, & Kell, 2014).

Challenges in College Mathematics

“Mathematics courses are the most significant barrier to degree completion”™
(Saxe & Braddy, 2015, p.28).

“The main impediment to graduation: freshman math” (Hacker, 2012).

Despite the importance of math skills, high failure rates in college math courses
have become a growing concern in the United States (King, Mcintosh, & Bell-ellwanger,
2017). One report found that approximately 50% of U.S. college students do not pass
college algebra courses with a grade of C or above (Saxe & Braddy, 2015). The negative
experiences in math courses also affect degree completion. The result of a nation-wide
study indicated that negative experiences in math courses, such as poor performance or

withdrawal, were associated with not just leaving STEM majors, but also led to a higher



probability of dropping out of college (Chen & Soldner, 2013).

More seriously, while the number of students taking online courses is rapidly
increasing, online math courses showed even worse results, with a 20% higher
failure/withdrawal rates (62%) compared to face-to-face counterparts (43%) (Jaggars,

Edgecombe, & Stacey, 2013).

Possible Solution

In online learning environments, one of the widely used instructional methods to
enhance learners’engagement, presence, and achievement is asynchronous online
discussions, a type of Computer-Supported Collaborative Learning (CSCL) (De Wever,
Schellens, Valcke, & Van Keer, 2006; Hew, Cheung, & Ng, 2010; Ke & Xie, 2009;
Wang, 2008). Asynchronous online discussions provide learners opportunities to
construct ideas carefully, reflect on their thinking, as well as to share ideas and
experiences with an instructor or other peers (Chen, Chiu, & Wang, 2012; Groth, 2008;
Xie & Ke, 2011). Many previous studies have shown that using asynchronous online
discussions had significant effects on increasing students’ achievement (Bernard et al.,
2009; Pettijohn, Terry, & Pettijohn, 2007), critical thinking skills (Maurino, 2007), and
engagement (Salter & Conneely, 2015). In addition, for instructors, the use of
asynchronous online discussions provides opportunities to monitor students’ learning
progress (Groth, 2008).

In mathematics education, it is also important to involve learning activities that
develop students’ mathematical thinking and communication skills to increase their

mathematical understanding and success. The “Curriculum guide to majors in the



mathematical sciences” introduced by the Mathematical Association of America noted
that “major programs should include activities designed to promote students’ progress in
learning to communicate mathematical ideas clearly and coherently both verbally and in
writing to audiences of varying mathematical sophistication” (Schumacher, Siegel, &
Zorn, 2015, p.10). A number of studies have also demonstrated that the use of online
discussions have helped in decreasing math anxiety (Liu, 2008), the creation of correct
and new ideas (Chen et al., 2012), and achievement outcomes (Sowell, 2009; Thomas, Li,
Knott, & Li, 2008; Tunstall & Bossé, 2015).

However, the use of online discussions does not always lead to productive
interactions or knowledge construction. Many studies reported that students often
exhibited low participation rates and low levels of critical thinking or knowledge
construction in online discussions (Ertmer, Sadaf, & Ertmer, 2011; Hew et al., 2010;
Maurino, 2007; Stegmann, Wecker, Weinberger, & Fischer, 2012). Pratt and Back (2009)
noted that “simply providing such environments is not necessarily enough to change
students’ mathematical practices, and that educators need to think carefully about the
structures, tools and social rules that operate within them” (p. 129).

Indeed, several empirical studies have revealed that learners exhibited a higher
level of engagement or performed better in effectively designed and structured online
discussions (Borokhovski, Tamim, Bernard, Abrami, & Sokolovskaya, 2012; Darabi,
Liang, Suryavanshi, & Yurekli, 2013; Salter & Conneely, 2015). Thus, it is important to
offer well-designed and domain-specific support to engage learners in meaningful
activities and discourse (Vogel, Kollar, Ufer, Reichersdorfer, Reiss, & Fischer, 2016).

Nonetheless, instructors seldom strategically implement online discussions that



are purposefully designed or structured (Darabi et al., 2013). In addition, in terms of
research, several gaps were identified. First, although there have been numerous studies
in CSCL, most of the studies tended to focus on students’ behaviors or interactions, rather
than instructor involvement (Maurino, 2007). Little research has investigated what design
strategies, such as the design of activities or discussion tasks, lead to meaningful student
interactions (Ke & Xie, 2009). Second, the effective use of online asynchronous
discussions has seldom been studied in mathematics learning contexts although the
implementation of online discussions has been less successful in mathematics learning
contexts compared to other academic disciplines (Maurino, 2007; Nason & Woodruff,

2004),

Research Purpose and Questions

To address these challenges in research and practice, the aim of this study is
twofold. The first is to explore what are the effective discussion strategies that enhance
meaningful learner interactions in online discussions and achievement outcomes in online
introductory mathematics courses. The second is to investigate learner behaviors and
interaction patterns that lead to better learning outcomes. In particular, by using a data-
driven approach and applying a set of data mining techniques, this study analyses large-
scale data automatically collected by a Learning Management System (LMS) for five
consecutive years at a university located in the western U.S.

The specific research questions are as follow:

For online introductory mathematics courses:



Research Question 1: What online discussion strategies are associated with
positive student performance?

Research Question 2: To what extent do different structures designed into online
discussions impact the kinds of learner interactions in online discussions?

Research Question 3: What types of learner interactions in online discussions are

associated with positive student performance?

Dissertation Outline

This dissertation is structured as follows: Chapter II reviews the literature
regarding the use of asynchronous online discussions in mathematics learning contexts,
instructors’ use of online discussion strategies, and learner interactions in online
discussions. Chapter III describes the research methodology, including research context
and sample, research design and procedures, measurement, data preprocessing process,
and data analysis methods. Chapter IV reports the results corresponding to the three
research questions: 1) instructors’ use of online discussion strategies and course
performance, 2) instructors’ use of online discussion strategies and learner interactions in
online discussions, and 3) learner interactions in online discussions and course
performance. Lastly, Chapter V discusses the findings of the study and concludes with
the contribution and implications of the work as well as limitations and recommendations

for future research.



CHAPTER 11

REVIEW OF LITERATURE

Theoretical Framework Underlying the Research Purpose

To examine the relationship between instructors’ use of discussion strategies,
learner interactions in online discussions, and learning outcomes, a research model was
created based on Biggs’s 3P model (Biggs, 1991). The 3P model explains the relationship

between three phases, presage, process, and product (See Figure 1).

Presage Process Product

Student Characteristics

Students’ Approaches to

Teaching C Learning
eaching Context (Learner Interactions) RQ3
(Instructors’ strategies) .
Participatory behaviors Learning Outcomes

RQ2

Discussion Design Online speaking behaviors .
. . . +  Online listening behaviors Course Performance (Final grades)
Discussion Grouping

+  Types of discussion settings Quality of Students’
* Types of discussion tasks Int :
eractions
. . RQ1

Knowledge construction
Social interaction

Monitoring & Facilitation

Instructor participation *  Self-regulated/directed
Types of Feedback / processes
Assessment

Use of grades

Figure 1. The research model adopted from Biggs’ Presage-Process-Product (3P) model

The presage phase includes student characteristics such as prior knowledge,
abilities, motivation, and teaching context, such as curriculum, course design, teaching

methods, assessment. The process phase refers to students’ approaches to learning; in



other words, the way students interpret the teaching contexts in compliance with their
preconceptions, motivation, and the nature of learning tasks. The product phase refers to
learning outcomes, final grades, as well as affective outcomes such as satisfaction.

The 3P model assumes that the four factors, student characteristics, teaching
context, students’ approaches to learning, and learning outcomes are interrelated and
affect each other. Among the four factors, this proposed study focuses on the relationship
between teaching context (instructors’ use of discussion strategies), students’ approaches
to learning (learner interactions in online discussions) and learning outcomes (course

performance).

Review of Relevant Empirical Studies

In this section, the existing literature on three topics was reviewed; 1) use of
asynchronous online discussions in mathematics learning, 2) instructors’ use of online
discussion strategies, 3) learner interactions in online discussions. The researcher
searched five databases: Education Source, ERIC via EBSCOhost, Professional
Development Collection, PsycINFO via EBSCOhost, and Google scholar. Five criteria
are considered for inclusion: the studies were published in the past ten years, published in
peer-reviewed scholarly journals, conducted in higher education contexts, written in
English, and had full text available. However, for some topics, doctoral dissertations,
articles published in conference proceedings, and articles published after the year 2000

were also included due to the limited number of studies available.



Use of Asynchronous Online Discussions in Mathematics Learning

An asynchronous online discussion refers to an online text-based learning activity
in which students are engaged in discussing a particular topic by interacting with an
instructor or other peers (Darabi et al., 2013).

Although there is limited research investigating the use of online discussion in
mathematics learning contexts (Loncar, Barrett, & Liu, 2014; Ozyurt & Ozyurt, 2011), a
few studies found that the use of online discussion had positive influences on learning
gains (Tunstall & Bossé, 2015), critical thinking skills (Seo, 2014), creation of correct,
new ideas (Chen et al., 2012), and decreasing students’ anxiety (Liu, 2008) in
mathematics learning contexts.

Specifically, one study (Tunstall & Bossé, 2015) found that using online
discussion with a design-based on problem-based learning (PBL) instructional approach
led to statistically significant gains in students” mathematics performance. The study
compared the students’ learning gains in two different sections of college algebra
courses, face-to-face, and online sections. The face-to-face section was a traditional
lecture-based course, whereas the students in the online section were engaged in
problem-based learning activities, such as discussing the application of mathematics
content they had learned. The result indicated that the students in the online section
showed significant learning gains in their quantitative literacy and reasoning
performance, while the students in the face-to-face section did not.

Liu (2008)’s study showed that using online discussions had a significant positive
impact on reducing pre-service teachers’ anxiety toward teaching mathematics in

introductory mathematics classes. The pre-service teachers participated in the online



discussion for eight weeks and discussed anxiety towards teaching mathematics. The
instructor provided open-ended question prompts; for example, “Why do you think might
be some of the reasons why some of us are anxious about our future teaching of
mathematics?” (p. 622). The study compared the participants’ level of anxiety before and
after the discussion, and the results indicated that their level of anxiety significantly
reduced at the post-measurement.

However, one study (Emig, 2009) found that the use of online discussion did not
have significant impacts on learning outcomes. Similar to Liu (2008)’s study, the students
in the intervention group discussed their math anxiety and personal experiences regarding
studying college algebra on the online discussion boards. While the interview data
revealed that the students perceived that online discussions helped reduce their anxiety,
the quantitative results indicated there were no statistically significant differences in the
students’ math anxiety, course performance, and course retention between the
intervention group and the control group.

Moreover, many studies reported challenges in using online discussions in math
courses, such as students’ superficial knowledge contributions and lack of group
knowledge construction. For instance, Thomas et al. (2008) explored students’ interaction
patterns on online discussion boards in undergraduate mathematics courses. The
researchers found that the students only focused on the discussion topics that directly
affected their final grades, such as creating homework reports, whereas they neglected
other topics that were not related to final grades. Similarly, Groth and Burgess (2009)
also reported that the results of a content analysis revealed that most of the discussion

messages posted by the participants lacked mathematical contents or knowledge.
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Some researchers pointed out the reasons why it is more challenging to facilitate
meaningful discourse or group knowledge constructions in mathematics learning contexts
(Groth & Burgess, 2009; Nason & Woodruff, 2004). From a pedagogical point of view, it
is difficult for instructors to create a discussion task that motivates learners as most
textbook problems focus on numbers, operations, or producing a correct answer. Another
reason is the difficulty in using external representational tools, such as symbols,

diagrams, charts, and graphs, in online text-based discussion environments.

Instructors’ Use of Online Discussion Strategies

This section is organized into three parts: 1) discussion design, 2) discussion
facilitation and monitoring, and 3) discussion assessment.

Discussion Design

Discussion grouping. An instructor can design an online discussion forum as a
whole-class discussion or as a small group discussion. While the whole-class discussion
has an advantage of providing students an opportunity to interact with all students in a
class, some studies found that students were more active or preferred discussions with a
small group (Hew et al., 2010; Lee & Martin, 2017; Schellens & Valcke, 2006). For
instance, one study (Jahng, Nielsen, & Chan, 2010) compared students’ communication
patterns in small group and whole-group activities. The results indicated that some
inactive students in a whole-group discussion setting appeared to be more active in a
small group setting. Moallem (2003) noted that the small group discussion makes
students feel a greater need to participate in the discussion. Also, it makes it easier for

instructors to monitor students’ contribution as well as team progress. The studies
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reported that an appropriate size for a discussion group was approximately ten students
per group (Hew et al., 2010; Schellens & Valcke, 2006).

Type of question prompts (or discussion tasks). In asynchronous online
discussions, question prompts play a significant role in facilitating students’ interactions
and higher-order thinking (Choi, Land, & Turgeon, 2008; Ertmer et al., 2011). Thus, it is
important for instructors to create effective question prompts or discussion tasks that are
suitable for their learning objectives and contexts (Wang, 2014).

Several studies have explored how different types of questions prompts are
associated with student interactions or learning outcomes. For instance, Darabi et al.
(2013) conducted a meta-analysis study to investigate effective discussion tasks that led
to better learning outcomes. The discussion tasks were coded either as application tasks
(e.g., asking students to apply a learned rule to a situation) or as elaboration tasks (e.g.,
justification or substantiation of the topic). The results indicated that application tasks
had a much larger effect on performance than elaboration tasks.

Other studies found that each type of question prompts was associated with
different outcome variables, such as the quantity of interactions or higher-order thinking,
although the findings were contradictory. Specifically, Ertmer et al. (2011) examined
how question prompt types influenced the quantity of students’ interactions and higher-
order thinking in ten different online learning courses. The results showed that opened-
ended question types, for example, brainstorming questions (i.e., students are asked to
freely interpret or discover the material), were associated with the quantity of interactions
(e.q., the number of posts and replies), while lower-level divergent questions were

effective in facilitating higher-order thinking. Similarly, Poscente and Fahy (2003) also
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found that open-ended questions (or horizontal questions), which did not have correct
answers to the problem, were positively associated with subsequent student interactions.
However, in contrast to these findings, the result of Bradley, Thom, Hayes, and Hay
(2008)’s study indicated that brainstorming questions were influential in promoting
higher-order thinking, while limited-focal questions influenced the quantity of interaction
(e.g., word count).

Facilitation and Monitoring

Instructor participation. The studies of the instructor’s participation in online
discussions tended to show mixed results.

Some studies found that instructor participation played an important role in online
discussions (Lee & Martin, 2017; Xie, Debacker, & Ferguson, 2006). For instance, one
study (Lee & Martin, 2017) showed that students preferred having the instructor facilitate
the online discussions to having a peer as a discussion facilitator. Student reports
indicated that they wanted the instructor to provide answers to discussion task-related or
content-related questions.

In contrast, a number of studies showed that instructor participation has little or
even negative effects on students’ learning. Findings of a meta-analysis study (Bernard et
al., 2009) indicated that teacher-student interaction had lower effects on achievement
outcomes than student-student and student-content interactions. In addition, one study
(Mazzolini & Maddison, 2007) found that instructor participation (the number of
instructors’ posts) negatively influenced the quantity of student interactions, for example,
the number of students’ posts and the average length of their messages.

Other studies showed that the effects of instructor participation varied depending
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on the types of instructor participation. For instance, Hoey (2017) found that overall
instructor participation (the frequency of the instructor’s posts) had no significant effect
on student performance. However, when instructor participation was classified into seven
types (instructional, encouraging, questioning, conversational, acknowledging,
evaluative, operational), the results indicated that instructional posts improved students’
perceptions of their learning, and conversational posts were positively associated with
students’ perceptions of the instructor, course quality, and academic achievement.

Similarly, another study (Belcher, Hall, Kelley, & Pressey, 2015) also found that
certain types of instructor participation, such as instructor messages directly related to the
student’s subject, complimenting the student’s post, summarizing the student’s post, had
significant positive correlations with student performance, although the correlation
strengths were low.

Feedback. It is widely agreed that providing timely and meaningful feedback to
students is essential to improve the quality of online learning (DeNoyelles, Zydney, &
Chen, 2014; Hattie & Timperley, 2007; Woods & Bliss, 2016). Feedback provided by
instructors can be divided into three types: elaborated feedback (e.g., providing an
explanation), feedback on the correctness of the answer, and feedback providing the
correct answer only (Van Der Kleij, Feskens, & Eggen, 2015). Among these three types
of feedback, findings of a meta-analysis study indicated that elaborated feedback had the
largest positive effect sizes on learning outcomes, followed by providing the correct
answer, and feedback regarding the correctness of the answer (Van Der Kleij et al.,
2015). The results also revealed that the effect sizes of elaborated feedback were larger

for mathematics learning, compared to other subjects, such as social sciences, science,
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and languages. Note that this framework was used in this study.

However, although elaborated feedback was more effective than other types of
feedback, one study (Nandi, Hamilton, & Harland, 2012) found that an instructor tended
to provide simple feedback more often than elaborated feedback. Specifically, the study
explored the types of feedback provided by the instructor in an online discussion in a
programming course. The result indicated that 50% of messages posted by the instructor
were direct answers to questions, while none of the messages were related to facilitating
the discussion.

Assessment

It has been argued that the assessment of students’ discussion messages is
important for facilitating students’ interactions and improving the quality of online
learning (Andresen, 2009; Lee, 2014; Woods & Bliss, 2016).

Pettijohn et al. (2007) compared the effects of two different conditions,
discussion as a required activity and as a voluntary activity, on students’ achievement in
psychology courses. The result indicated that the students performed significantly better
when student participation was mandatory and graded, compared to when participation
was optional. Another study (Gilbert & Dabbagh, 2005) also found that assessing
students’ discussion posts promoted students’ deep understanding of course content as
well as enhance the overall quality of online discussion.

Hura (2010) examined students’ perspective on how discussion posts should be
graded. Before the students started their online discussions, most of the students (70%)
answered that discussions should be graded for their quality of content or contribution,

while few students (18%) answered that the discussions should be graded for
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participation only. However, after the students completed the discussion activities, many

students changed their perspectives on grading discussions: a majority of the students

(62.5%) answered that discussions should be graded for participation only. The students

noted that they wanted to freely discuss what they learned and share ideas, rather than to

be restricted by a grading or evaluation rubric.

Table 1 summarizes the findings of prior studies reviewed in the study.

Table 1

Findings of the Studies of Instructors’ Use of Online Discussion Strategies

Discussion strategies

Findings

Discussion
design

Discussion grouping

Students are more active in or prefer
discussions with a small group (Hew &
Cheung, 2010; Jahng, Nielsen, & Chan, 2010;
Lee & Martin, 2017; Schellens & Valcke,
2006)

Type of question prompts
(or discussion tasks)

Mixed findings across the studies. In general,
open-ended question types were associated
with an increased quantity of interactions
(Ertmer et al., 2011; Poscente & Fahy, 2003)

Facilitation and
Monitoring

Instructor participation

Mixed findings across the studies. The effects

of instructor participation varied depending on
the types of instructor participation (Belcher et
al., 2015; Hoey, 2017)

Feedback

Elaborated feedback is more effective than
other types of feedback (Van Der Kleij et al.,
2015).

Assessment

Use of grades

Students performed significantly better when
student participation was mandatory and
graded (Gilbert & Dabbagh, 2005; Pettijohn,
Terry, & Pettijohn, 2007)

Learner Interactions in Online Discussions

The review of the literature found extensive studies on how students engage in

online discussions and can be roughly categorized into two areas:
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e Quantitative aspects of learner interactions in online discussions (i.e.,
participatory behaviors): how participation behaviors (e.g., number of posts,
number of views) are associated with outcome variables (e.g., Bainbridge et al.,
2015; Dennen, 2008; Hung, Rice, & Saba, 2012; Macfadyen & Dawson, 2012;
Warnock, Bingham, Driscoll, Fromal, & Rouse, 2012; Waters, 2012; Yukselturk

& Top, 2013)

e Qualitative aspects of learner interactions in online discussions

1) How the content of online discussions relates to students’ learning
outcomes (e.g., Celik, 2013; Hou, 2011; Jahng et al., 2010; Nandi et al.,

2012; Wang, 2008; Xie & Ke, 2011; Yeh, 2010),

2) Exploring interaction patterns between learners or messages (for example,
social network analysis, sequential pattern analysis) (e.g., Calvani, Fini,

Molino, & Ranieri, 2010; Hou, Chang, & Sung, 2008; Jahng et al., 2010).

The previous literature related to asynchronous online discussions tended to focus
on the quantity of interactions, such as the number of messages posted by each student,
the words in a message, rather than on the qualitative aspects of interactions (Yang,
Richardson, French, & Lehman, 2011). However, purely quantitative data is not
sufficient to assess the quality of students’ learning processes or group knowledge
constructions (Lucas, Gunawardena, & Moreira, 2014). Thus, in this study, both the
quantity (students’ participatory behaviors) and the quality of learner interactions in

online discussions, in particular, discussion content, are examined.
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Quantitative Aspects of Learner Interactions in Online Discussions
(Participatory behaviors)

Most studies of students’ participatory behaviors have relied primarily on
students’ posting activities, whereas students’ non-posting activities, such as checking for
new messages, reading other students’ posts, or reflecting on others’ comments, have
been neglected in the literature (Xie, 2013). However, some studies found that students
spent considerable time on non-posting (or lurking) behaviors, often more time than
posting activities (Dennen, 2008; Wise, Marbouti, Hsiao, & Hausknecht, 2012).

For this reason, some researchers argued that students’ non-posting activities
deserve more research attention. Dennen (2008) noted since turn-taking and listening
activities are significant in face-to-face dialogue, these non-posting activities should also
be examined as an important part of online discussions. Similarly, Wise and colleagues
(Wise, Speer, Marbouti, & Hsiao, 2013; Wise, Zhao, & Hausknecht, 2014) cautioned
against creating a false dichotomy between students as “producers” vs. “consumers” of
content in online discussions. They proposed a framework for examining engagement in
online discussions by not just focusing on how students speak online but also on the more
covert act of how they listen online. They also argued that these online listening and
online speaking behaviors should be measured in terms of not just quantity, but also
regarding breadth (i.e., how evenly student behaviors are distributed throughout the
discussion) and intensity (i.e., how often student engages and re-engages multiple times
(e.q., by re-reading) in a specific thread). This framework was used in this dissertation
study.

Nonetheless, relatively fewer studies have empirically explored both students’
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posting and non-posting behaviors in online discussions and how these are related to
student learning (Dennen, 2008; Wise et al., 2012). For instance, Dennen (2008) asked
students to rate on a survey of how their participation behaviors related to learning in
blended education courses. Results showed learning by “reading classmates’ messages”
received the highest scores, followed by “by reading teachers’ messages,” “by writing
messages,” and “by reviewing threads after the discussion ended.”

Recently, with the emergence of learning analytics research, there have been
attempts to examine the relationship between students’ discussion behaviors and other
variables using students’ clickstream data collected by online learning environments
(Bainbridge et al., 2015; Macfadyen & Dawson, 2012; Xie, 2013). For instance,
Mactadyen and Dawson (2012) looked at associations between students’ discussion
behaviors and students’ final grades in 388 online courses. The result of the correlation
analysis revealed the “number of discussion messages read” had the highest significant
correlation with students’ final grades, followed by the “number of discussion replies
posted,” and the “number of discussion messages posted.” However, these studies simply
used the frequency of discussion posts or views and did not consider the breadth or
intensity of students’ discussion behaviors. Another study (Bainbridge et al., 2015)
explored how students’ online behaviors, including the “number of discussion posts” and
“number of discussion messages read” influenced students’ at academic risk status (grade
B- or below). The results showed that increases in both variables significantly predicted a
decrease in “at academic risk” status, while the number of discussion posts had larger
predictor importance than the number of discussion messages read.

In sum, although the vast majority of the work in the area has focused on
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students’ posting activities, a few empirical studies showed that students’ online listening
behaviors (non-posting activities), as well as online speaking behaviors (posting
activities), are important factors contributing to students’ learning.

Quialitative Aspects of Learner Interactions in Online Discussions
(Discussion content)

Discussion messages are products of students’ learning and collaboration, and
content analyses can help reveal underlying information not exposed on the surface of the
transcripts (De Wever et al., 2006). Thus, analyzing students’ discussion contents can
help understand students’ learning processes and further provide information for
improving instructions and learning environments (Lucas et al., 2014).

In CSCL research, the most widely cited analytical frameworks are: 1) Henri
(1992)’s cognitive framework, 2) the Interaction Analysis Model (Gunawardena, Lowe,
& Anderson, 1997), and 3) the cognitive presence model (Garrison, Anderson, & Archer,
2001). Henri (1992)’s framework has been cited 2,039 times, the Interaction Analysis
Model has been cited 1,955 times, and the cognitive presence model has been cited 367
times as of June 2019, according to Google scholar. The dimensions of the three
frameworks are summarized in Table 2. While Henri’s model focuses more on students’
cognitive aspects, the Interaction Analysis Model focuses on examining the process of
the social construction of knowledge and collaborative learning (De Wever et al., 2006).

Although these frameworks have been widely cited in CSCL research, there have
been some critiques. First, the frameworks tended to focus on higher-level thinking skills,
although most of the students tend to not often exhibit higher-level thinking skills in their

discussion messages (Maurino, 2007; Yang et al., 2011).
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Table 2

The Analytical Frameworks of Content Analysis Used in CSCL Research

Theoretical . .
Framework Dimensions
background
Cognitive Cognitive and - Participative
framework metacognitive - Social
(Henri, 1992) knowledge - Interactive
- Cognitive: surface processing, in-depth processing
- Metacognitive: evaluation, planning, regulation, self-
awareness
Interaction Social Phase 1. Sharing and comparing information

Analysis Model

constructivism

Phase 2. The discovery and exploration of dissonance
among ideas, concepts or statements

Phase 3. Negotiation of meaning/co-construction of
knowledge

Phase 4. Testing and modification of proposed synthesis
or co-construction

Phase 5. Agreement statements/application of newly
constructed meaning

Critical thinking
and cognitive
presence model
(Garrison et al.,
2001)

Community of
Inquiry

1. Triggering events
2. Exploration
3. Integration
4. Resolution

Yang et al. (2011)

Cognitive and
metacognitive
knowledge

-Knowledge: Factual knowledge, Conceptual knowledge,
Procedural knowledge
-Cognitive skills

Online Interaction
Model (Ke & Xie,

2009)

Social
constructivism

- Social interaction (S)
- Knowledge construction (K)
e K1: Sharing information
e K2: Egocentric elaboration
e Ka3: Allocentric elaboration
o K4: Application
- Regulation of learning
e Reflection
e Coordination
e Technical issues

For instance, one review found that most of the students’ messages were ranked in
Phase 1, sharing and comparing information, and few messages went beyond this phase
in the studies using the Interaction Analysis Model (Lucas et al., 2014). Second, most of

the frameworks used in CSCL research tends to focus on students’ cognitive skills, rather
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than social interactions (Fu, van Aalst, & Chan, 2016; Ke & Xie, 2009). Lastly, the
boundaries between phases in the frameworks are unclear. Some researchers argued that
more explicit boundaries and definitions of each phase are necessary (Ke & Xie, 2009;
Lucas et al., 2014).

To address these shortcomings of the frameworks, some recent studies developed
new frameworks to analyze students’ discussion contents. For instance, Yang et al.
(2011) developed a content analysis model to assess students’ cognitive learning that
involves low levels of cognitive skills. Another study (Ke & Xie, 2009) developed the
Online Interaction Model that encompasses both learners’ cognitive aspects and social
interactions by integrating Henri’s and Gunawardena et al.'s analytical frameworks (See
Table 2). The framework developed by Ke and Xie (2009) was used in this study.

In mathematics learning contexts, a limited number of studies examined what

types of discussion messages related to positive learning outcomes (See Table 3).

Table 3

The Analytical Frameworks of Content Analysis Used in Mathematics Learning Contexts

Study Dimensions
Offenholley (2007) Soliciting post, Response, Explanation, Evaluation,
No math content
Thomas et al. (2008) -Messages contained genuine mathematical content

-Messages focused on group responsibilities
-All other messages

Chen et al. (2012) Knowledge content
- correct & new idea, wrong & new idea,
the new idea with unknown validity, repetition, justification,
no mathematics content
Social metacognition
- agreement, disagreement, incorrect evaluation, correct
evaluation, question, command

Vogel et al., (2016) -Constructive activities
-Dialectic transactivity
-Dialogic transactivity
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The studies revealed that students’ messages that were both interactive
(responding to other peers) and evaluative were positively associated with learning
outcomes. For instance, Vogel et al. (2016) investigated how different types of
collaborative learning activities were associated with freshman students’ argumentation
skills. The students’ discussion messages were categorized into one of the three
categories, constructive activities (i.e., self-construction without taking the other peers’
contributions), dialogic transactivity (i.e., taking the other peers’ contributions without
critiques or integrations), and dialectic transactivity (i.e., taking the other peers’
contributions in an argumentative way, with critiques or integration). The results
indicated that messages related to dialectic transactivity were positively associated with
students’ argumentation skills.

Another study (Chen et al., 2012) examined what types of students’ discussion
messages increased the likelihood of the creation of correct, new ideas in the following
messages. The results showed that messages coded to “justifications” (e.g., using data or
warrant to support a new idea), “correct evaluations” (e.g., agree with the previous
message or disagree with the wrong idea), and “asking questions” categories increased
the likelihood of students’ creation of correct, new ideas in the following messages.

However, as shown in Table 3, the studies conducted in mathematics learning
contexts also tended to focus on only cognitive aspects of students’ learning, excluding
other dimensions such as social interactions. In addition, these studies did not use
frameworks used in other CSCL research, which makes it difficult to link or compare the

results with other CSCL studies.
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Summary of the Literature Review

First, with regard to the use of asynchronous discussion in mathematics learning
contexts, some studies demonstrated that the use of online discussions positively
influenced students’ learning in mathematics learning contexts, although there is still a
lack of empirical evidence. In addition, pedagogical and technical challenges remain to
be addressed.

In terms of the use of instructors’ discussion strategies, the prior studies have
shown that purposefully structured online discussions or a domain-specific discussion
task promoted learner interactions in online discussions and learning outcomes. However,
the studies yielded mixed results depending on the learning contexts. Thus, further
studies are needed to better understand the effective discussion strategies that enhance
meaningful learner interactions in online discussions and achievement outcomes in
mathematics learning contexts.

Lastly, in terms of the quantity of students’ interactions, the studies showed that
both online speaking and listening behaviors significantly predicted learning outcomes
(Bainbridge et al., 2015; Macfadyen & Dawson, 2012). Regarding the quality of learner
interactions in online discussions, the studies revealed that students’ interactive and
evaluative activities were positively associated with learning outcomes in mathematics
learning contexts.

However, the vast majority of the work has focused on students’ posting
behaviors (online speaking behaviors), whereas scant attention has been paid to non-

posting behaviors (online listening behaviors). In addition, the studies analyzed the



quality of learner interactions in online discussions in mathematics learning contexts
tended to focus only on cognitive aspects and ignored other dimensions, such as social

interactions.
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CHAPTER III

METHODOLOGY

Methodological Approach: Learning Analytics

The study used a data-driven approach by applying “learning analytics”
techniques. Learning analytics refers to “the measurement, collection, analysis, and
reporting of data about learners and their contexts, for purposes of understanding and
optimizing learning and the environments in which it occurs” (Siemens & Baker, 2012,
p.252). Based upon the definition of learning analytics, this study aimed to understand
instructors’ effective use of discussion strategies and learners’ interactions in online
mathematics courses through measurement, analysis, and reporting of instructor and
learner discussion data collected by a Learning Management System.

To rigorously examine the effect of an instructional strategy, experimental
designs that use random assignment of subjects to different groups are commonly used in
educational research. However, designing and conducting random assignment
experiments with tight controls often raises the issue of generalizability and the
ecological validity to a wide variety of instructional contexts; they also have potential
social costs (Koedinger, Mclaughlin, Bier, & Jia, 2016). In learning analytics research, a
study uses large amounts of real-time data collected from a wide variety of naturally
occurring learning contexts. Thus, it has an advantage of increasing generalizability of
the study result with a lower cost.

Learning analytics research typically takes a posthoc analysis approach, which is
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different from traditional experimental research (Wise & Shaffer, 2015). A traditional
experimental study uses models of learners or instructors derived from learning theories,
and then apply the model to practice (Theories of learning — Model design —
Instruction design — Practice). On the contrary, a learning analytics study uses data
collected from educational practices and then attempts to find meaningful patterns or
information within the data to redesign instructions or to contribute to theories of learning
(Practice — Data — Discovery — Theories of learning).

In recent years, an increased interest in learning analytics has emerged due to the
rapid growth of online education. One of my previous studies (Lee & Recker, 2018)
reviewed 47 studies that used learning analytics methods. The results of the systematic
review showed that most studies focused on learner behaviors, while remarkably few
studies looked at the instructor or course-related data, which is similar to a trend in CSCL
research (Maurion, 2007). In addition, the vast majority of the work has used
quantitative data capturing learner interactions in online discussions, such as simple
counts of user activities, whereas few studies have sought to examine textual or content

data.

The Knowledge Discovery in Databases (KDD) Process

The study followed the Knowledge Discovery in Databases (KDD) process,
which is a widely used process framework in data mining, learning analytics, and
educational data mining research (Baker & Yacef, 2009; Romero & Ventura, 2007).

KDD refers to “the nontrivial process of identifying valid, novel, potentially useful, and
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ultimately understandable patterns in data” (Fayyad, Piatetsky-Shapiro, & Smyth, 1996,

. . Interpretation/
[ Selection ]—»[ Pre-processing ]—b Transformation Data mining Evaluation
* * * *
Data Target Data Prep;);zssed Target Data Patterns Knowledge

Figure 2. The Knowledge Discovery in Databases (KDD) process?

KDD consists of five phases: 1) selection, 2) pre-processing, 3) transformation, 4)
data mining, and 5) interpretation/evaluation (See Figure 2).

In the selection phase, researchers learn about an application domain, set a goal
for the application, and select a target dataset, such as data samples or a subset of
variables depending on the goal of the application. The pre-processing phase includes
data cleaning, such as removing noise, irrelevant items, or outliers, and handling missing
data. The transformation phase refers to transforming data into an appropriate shape for
applying data mining algorithms, for instance, transforming numerical values into ranges,
or creating a summary table for further analyses. The data mining phase includes
choosing appropriate data analysis techniques (e.g., classification, prediction, clustering),
data mining algorithms, and performing data analysis. Lastly, in the
interpretation/evaluation phase, researchers interpret the discovered patterns and also

incorporate findings into the learning systems or existing theory/knowledge.

! Adopted from Fayyad, Piatetsky-Shapiro, & Smyth (1996)
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Automatic Analysis of Online Discussion Data

To measure students’ discussion behaviors, this study applied automated analyses
of online discussions, which is one form of learning analytics research (Ludvigsen, Cress,
Law, Stahl, & Rosé, 2017). There are several advantages of using automatic content
analysis (Mu, Stegmann, Mayfield, Rosé, & Fischer, 2012). First, it helps reduce the time
required for analyzing the huge body of online discussions by hand as well as training
human coders, thus accelerating the progress of research. Also, it enables researchers to
analyze discussions messages along multiple dimensions at the same time. Further, it can
inform the design of adaptive collaborative learning support, such as individualized
feedback or scaffolds, to enhance the quality of learners’ knowledge constructions during
online discussions.

There are two general strategies for performing automated analysis of online
discussion messages: 1) a fully automated method (using an unsupervised machine
learning approach) such as Linguistic Inquiry and Word Count (LIWC) (Kovanovic et al.,
2016) and 2) a semi-automated method (a semi-supervised learning approach), which
requires hand-coding a subset of the dataset in order to train a machine learning model
(Wang, Yang, Wen, Koedinger, & Rosé, 2015; Wen, Yang, & Rose, 2014). The model is
then used to classify the remainder of the dataset. Mu et al. (2012) argued that semi-
automated analysis is preferred because manual segmentation by a human can result in

more sophisticated and context-specific analyses.
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Methods and Procedures

Research Context and Sample

This study used data automatically collected by a Learning Management System
(LMS), Canvas, used at a public university located in the Western U.S. The Canvas
system recorded a log of all of students’ and instructors’ interactions, with dates and
timestamps, as well as student/instructor textual data, such as discussion prompts,
messages, and replies. These Canvas data were made available to an academic-support
(AS) unit at the university, which then anonymized the data to protect user privacy. The
AS unit then made the data available as multiple files for further analysis.

The sample for the study included instructors and students in fully-online
introductory (0 and 1000 levels) mathematics/statistics courses offered between 2011 fall
and 2015 summer semesters. The number of courses during the period was 137 courses,
and the unique number of instructors who taught these courses is 16. The unique number
of students enrolled in these courses was 3,381 students, and 26.0% of the students (n =
880) were enrolled in two or more courses. The average class size was 40 (SD = 25.4).

Next, irrelevant records to the focus of the study were eliminated. Among the 137
courses, 20 courses lacked final course grade data, and 45 courses did not use discussion
features, such that these 65 courses were eliminated. The number of courses included in
data analyses was 72, a 47.4% reduction from the original 137 courses in the raw
datasets. The unique number of instructors who taught 72 courses was 11, and six out of
11 instructors taught the courses more than once. The unique number of students enrolled

in these courses was 2,404, and 15.7% of these students (n = 378) were enrolled in more
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than one course. Finally, Table 4 summarizes the number of courses, instructors,

students, and TAs before and after performing data cleaning.

Table 4

The Number of Courses, Instructors, Students, and TAs Before and After Data Cleaning

Instructors Students TAS

# of unique unique # unique

Courses instfu(z:]jtors # of stjd?;lts of 'T’X]; # o

instructors students TAs
Online

math 137 188 16 4,577 3,381 88 30
courses
Courses
with final

grades & 72 98 11 2,869 2,404 83 28
discussion
use

Percentof 4749  47.9%  -313%  -37.3%  -289%  57%  -6.7%
decrease

The instructors in 72 courses posted 711 discussion topics, and the total number

of feedback messages posted by the instructors was 1,157 messages. The total number of

discussion messages posted by the students was 20,884 messages. The Teaching

Assistants (TAS) in these courses also posted 50 discussion messages. However, these

(TAs data) were excluded in the further analysis as 1) they posted a relatively small

amount of feedback messages compared to instructors, and 2) feedback provided by TAs

was not the focus of the study. Finally, Figure 3 summarizes sample sizes included in the

study, consisting of four levels of hierarchy (course, students, activities, events/actions).
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K Courses (N = 72) \
/ Students (N = 2,869) \

/ Activities (Discussion topics) \
(N=711)

Events/Actions
(Discussion messages)
* Instructors: 1,157 messages
* Students: 20,884 messages

A >

Figure 3. Summary of sample sizes after data cleaning with the different levels of
hierarchy

Research Design and Procedures

This study used a quantitative and non-experimental research design. The study

was guided by the KDD process, and Figure 4 summarizes the research procedures.

Phase 1 Phase 2 Phase 3 Phase 4 Phase 5
Pre-processin, . o Interpretati
Selection > P N9 _,  Transformaton —> Datamining — Inierpretation/
(Data cleaning) Evaluation
) C N e e
* Removing omputing
irrelevant items values (e.g., « Classificati
(L (ot e . total#, average) assilication
Data * Qutlier + Creating a : Classification
detecti i
- Data extraction clection summary table .T_nd R:grlesslon
. ree Analysis
(Online - . * Interpreting the
. . . + Predicti
Introductory Removing noise . Hierrarlchilc(:} results
mathematics & . Hand coding i i_inear Modelin
statistics courses) + Feature + Converting to 9
Text Data —r extractions — categorical,
+ Model building count variables : pata o
+ Replication to visualization
the full dataset

Figure 4. Research procedures guided by the KDD process

Phase 1: Selection

The course, instructor, and student data in online introductory mathematics and

statistics courses offered between 2011 fall and 2015 summer semesters were extracted
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from an MS-SQL database. The Canvas data consisted of two primary data types, log
data (e.g., number of views, timestamps) and content data, such as discussion and chat
messages. For the study, the log data was extracted from 18 different tables (e.g.,
“course_sections,” “enrollments,” “discussion_entries”), and the content data was
extracted from four different tables (e.g., “discussion_entries_content,”
“discussion_topics_content™).

Phase 2: Pre-processing

Irrelevant items, such as columns or rows that were not related to the study were
removed in the log data. For instance, the students who did not have course final grades
were eliminated for further analysis. For the textual data, noise (e.g., HTML tag such as
<p>, <strong>) in the discussion messages was cleaned. Then, semi-automated content
analysis was conducted to extract the constructs needed for data analysis. The details of
content analysis procedures are explained in the pre-processing: content analysis section.

Phase 3: Transformation

The data was transformed into appropriate shapes for further analysis. Each value
was converted into a new data type (e.g., a string to numeric) to suit the research
questions, and summary tables were created for each data analysis.

Phase 4: Data Mining

The data analyses were conducted using the summary tables created in the
transformation phase. The technical methods used in learning analytics or educational
data mining research are categorized into five types: prediction, clustering/classification,
relationship mining, distillation for human judgment (e.g., visual data analytics), and

discovery with models (Bienkowski, Feng, & Means, 2012). In this study, two technical
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methods were used, specifically prediction and classification. These methods are
described in the data analysis section.

Phase 5: Interpretation / Evaluation

Finally, the results of the data analysis were interpreted and compared with the

previous findings in the review of the literature.

Measurement

Instructors’ use of discussion strategies (course-level variables)

For Research Question 1 (course-level analysis) and Research Question 2 (course-
level analysis), instructors’ use of online discussion design strategies was measured in
terms of three constructs identified from the review of previous literature: discussion
design, discussion monitoring and facilitation, and discussion assessment. Operational
definitions and examples of each construct are summarized in Appendix A.

First, discussion design consisted of three sub-constructs: discussion grouping,
types of discussion settings, and types of discussion tasks. Regarding discussion
grouping, each course was classified into one of two categories, a course that used
“whole-class discussions” and a course that used “small-group discussions.”

The types of discussion settings were divided into two categories, “focused
discussions,” which allowed participants to post one level of reply to an initial posting,
and “threaded discussions,” which allowed participants to respond directly to each other,

enabling infinite threading of replies. The courses that used both types were labeled as
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“mixed discussions.”

The types of discussion tasks were categorized into two types: “open-ended
discussions” and “closed-ended discussions” (Ke & Xie, 2009). The discussion tasks that
did not fall into these two types (e.g., discussions for other purposes, such as “introduce
yourself”) were labeled as “others.”

Second, discussion facilitation and monitoring were measured in terms of two
sub-constructs: instructor participation (the quantitative aspect) and types of feedback
(the qualitative aspect). In this study, instructor participation was defined as instructors’
posting a message on the discussion thread. The feedback types provided by instructors
were first divided into three types based on the previous literature: elaborated feedback
(e.g., providing explanations), feedback regarding the correctness of the answer, and
providing the correct answer (Van Der Kleij et al., 2015). However, a preliminary
analysis of feedback messages posted by instructors revealed that some of those were
non-instructional, not directly related to course content. For this reason, a few more
categories were added to the categorization, such as questioning, encouraging,
acknowledging, conversational, and operational feedback messages (Hoey, 2017).

Lastly, discussion assessment was measured with one sub-construct, use of
grades, which indicated whether or not an instructor graded discussion messages posted
by students. The courses that the instructors graded a part of students’ discussion

messages were labeled as “partially graded.”

Learner interactions in online discussions (student-level variables)

For Research Questions 2 (course-level analysis) and Research Question 3
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(student-level analysis), learner interactions in online discussions were measured in terms
of quantitative aspects (participatory behaviors), and qualitative aspects. To measure
students’ participatory behaviors, the analytical framework developed by Wise et al.
(2013) was adopted as it encompassed both posting (online speaking) and non-posting
(online listening) behaviors. In this study, both behaviors were measured in terms of the
quantity (volume of discussion) and the breath (how evenly student behaviors are
distributed throughout the discussion).

To measure qualitative aspects of learner interactions in online discussions, the
researcher adopted the online interaction model developed by Ke and Xie (2009). This
analytical framework was selected because 1) the framework covered both cognitive
aspects and social aspects of learner interactions in online discussions, 2) it provided
details of definitions and examples of each category and 3) a high inter-rater reliability of
the instrument was reported in previous studies, k =.87 (Ke & Xie, 2009) and « =.0.92
(Xie & Ke, 2011).

Lastly, to measure students’ performance, which was the outcome variable for
research question 1 and research question 3 of the study, students’ final grades were used.
The letter grades were converted into numerical scores on a 4.0 scale.

Finally, Table 5 summarizes constructs, sub-constructs, categories, and how each
variable is measured. As previously mentioned, the operational definitions and examples
of each construct are provided in Appendix A (instructors’ use of discussion strategies)

and Appendix B (learner interactions in online discussions).
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. Types of Data
Constructs Categories Measures variables  sources
Instructors’ use of discussion strategies (Course-level analysis)
Discussion  Grouping Whole class A course that used whole group Categorical ~ Log
design discussions data
Small group A course that used small group
discussions
Types of Focused A course with focused Categorical  Log
discussion discussions data
settings Threaded A course with threaded
discussions
Mixed A course that used both focused
and threaded discussions
Types of Open-ended # of open ended discussions Continuous  Textual
discussion Total # of discussion tasks data
tasks Closed- # of closed ended discussions Continuous
(Ke & Xie, ended & Total # of discussion tasks
2009) others
Monitoring ~ Monitoring  Instructor Total # of discussion views by an ~ Continuous  Log
and participation instructor data
Facilitation Total # of discussion posts by an ~ Continuous
instructor
Types of Elaborated # of elaborated feedback Continuous  Textual
Feedback feedback Total # of feedback messages data
(Hoey, Providing #of KCR/KR feedback Continuous
2017; Van  the correct Total # of feedback messages
Der Kleij et answer or
al., 2015) correctness
of the
answer
Encouraging # of encouraging feedback Continuous
Total # of feedback messages
Conversatio # of convertational feedback Continuous
nal Total # of feedback messages
Operational # of operational feedback Continuous
Total # of feedback messages
Assessment  Use of Graded A course which graded students’ Categorical  Log
grades posts data
Not graded A course which did not grade
students’ posts
Partially A course which partially graded
graded students’ posts
Learner interactions in online discussions (Student-level analysis)
Participatory  Online Quantity Total # of new messages made by ~ Continuous  Log
behaviors speaking a student data
(Wise et al., Average message length (in Continuous
2013; 2014) words)

2 Note that the operational definitions of each variables are in the Appendix.
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Types of Data

variables  sources
Breadth # of threads with a minimum of one message Continuous
total # of threads in a course

Constructs Categories Measures

Online Quantity Total # of replies made by a Continuous
listening student
Total # of views of (any) Continuous
discussion threads by a student
Breadth # of threadsread at least once Continuous

total # of discussion threads in a course

Qualitative ~ Social interactions (S) Percentage of the messages Continuous  Textual
aspects of related to social interactions (e.g., data
Interactions greetings, appreciation)
(Ke & Xie, Reflection (R) Percentage of messages related to  Continuous
2009) self-evaluation or self-regulation
on learning process
Coordination (C) Percentage of messages related to ~ Continuous

teamwork planning or
collaboration
Operational (O) Percentage of messages related to ~ Continuous
technical issues, syllabus,
assignments clarification

Knowledge constructions

Sharing Percentage of messages regarding ~ Continuous
Information  sharing information
(K1)
Egocentric Percentage of messages Continuous
elaboration  elaborating one’s own arguments
(K2)
Allocentric Percentage of messages Continuous
elaboration/  comparing or synthesizing peers’
(K3) multiple perspectives
Application  Percentage of messages related to ~ Continuous
(K4) the application of new knowledge
Outcome variables
Course RQ1: Average of students’ final grades in each course (out of Continuous  Log
Performance  4.00) data
Learner RQ2: Measures of descriptive statistics of learner interactions in ~ Continuous
interactions  online discussions
in online
discussions
Student RQ3: Students’ final grades (out of 4.00) Continuous
Performance

As indicated in Table 5, most of the variables used in the study were measured
using the log data directly extracted from the LMS (e.qg., the total number of discussion
views by an instructor) or computed values using the log data (e.g., percentage of threads

with a minimum of one message posted). Some variables, such as “types of discussion
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tasks,” “types of feedback,” were measured using textual data. The details of the content

analysis process are discussed in the following section.

Pre-processing: Content Analysis

Before performing data analyses to address the research questions, content

analysis was conducted to measure three constructs, “types of discussion tasks,” “types of

feedback,” and “quality of learner interactions in online discussions.” Among the three

constructs, the “types of discussion tasks” were fully hand-coded because 1) the amount

of the data (n = 711) was relatively small, and 2) many of the discussion prompts

overlapped with each other as the instructors directly copied the discussion prompts from

their previous courses. The other two constructs, “types of feedback™ and “quality of
learner interactions in online discussions” were semi-automatically coded using a text-
mining tool. The frequencies of each category (the results of descriptive statistics

analyses) are reported in the results section.

Semi-automated Content Analysis

A semi-automated content analysis was conducted using a text-mining tool,
LightSIDE, which was developed by researchers at Carnegie Mellon University for
natural language processing (NLP) (Mayfield, Adamson, & Rosé, 2013). Based on the
training data hand-coded by a human (on a small subset of data), the tool develops a
classification model using machine learning algorithms. Then, additional data is

automatically coded based on the developed classification model. The content analysis
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was conducted following the procedures described next.

Hand-coding (producing a training dataset)

First, a small subset of data was hand-coded to create a training dataset. As the
amount of hand-coded data directly influences the performance of a classification model,
previous studies were consulted to help determine the amount. The most commonly used
metrics for evaluating a performance of a classification model are accuracy, which
indicates how many cases a model labeled correctly (Farrow, Moore, & Gasevi¢, 2019),
and Kappa coefficients, which refers to how well a model performed above chance
(Mayfield et al., 2013). Although there is no rule of thumb cut-off points in these metrics,
an accuracy of > 70% and Kappa coefficients of > .60 were reported as satisfactory in
automated content analysis (Farrow, Moore, & Gasevi¢, 2019).

One study (Wen et al., 2014) conducted by the developers of LightSIDE hand-
coded approximately eight to ten percent of the whole discussion messages, and
accuracies of the models ranged from 61.0% to 72.3% (Kappa coefficients were not
reported). Another study (Wang et al., 2015) hand-coded half of the discussion messages
and accuracies ranged from 74.3% to 82.1%, and Kappa coefficients ranged from 0.24 to
0.53. Based on these results, the researcher decided to hand-code 9% to 10% of the
messages first and to increase the amount of training dataset if the evaluation metrics
(accuracy, Kappa) are not satisfactory.

Regarding a unit of analysis, there are divergent opinions across researchers
(Lucas et al., 2014; Strijbos, Martens, Prins, & Jochems, 2006). This study used a
“message” as a unit of analysis, following other research using LightSIDE (Wang et al.,

2015; Wen et al., 2014).
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The discussion messages selected for hand-coding were selected from a stratified
random sample along three dimensions: 1) message length, 2) the level (depth) of the
messages (in threaded discussions), and 3) the amount of overall interactions of each
course. Thus, 10 percent of instructors’ feedback messages (n = 120) and 9 percent of
students’ discussion messages (n = 1,780) were sampled for hand-coding.

To code discussion messages, the study used a general inductive approach
(Thomas, 2006), which aims to identify the core themes or categories in each message.
Coding was conducted independently by two researchers following the definitions and
examples of the measures provided in Appendix A and Appendix B.

A graduate student who studies learning sciences was hired as a second coder.
First, the researchers had a meeting to check the clarity of the initially defined categories.
After reaching an agreement on the coding schemes, each researcher coded a small subset
(1 — 3%) of the total messages independently. Then, the researchers had a meeting again
to check the coding consistency and to discuss the clarity of the categories. After
reaching an agreement on the revised coding schemes (definitions and examples), the rest
of the subset dataset was coded by two researchers independently.

Finally, the Inter-Rater Reliabilities (IRR; Cohen's kappa coefficient) were
calculated; the result of the IRR analysis for “types of instructors’ feedback” was k =
.908, and the result of the IRR analysis for