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Abstract

Online discussion research has mainly been conducted using case methods. This article proposes a method
for comparative analysis based on network metrics such as information entropy and global network
efficiency as more holistic measures characterizing social learning group dynamics. We applied social
learning optimization analysis of networks (SLOAN) to a data set consisting of Coursera courses from a
range of disciplines. We examined the relationship of discussion forum uses and measures of network
efficiency, characterized by the information flow through the network. Discussion forums vary greatly in
size and in use. Courses with a greater prevalence of subject-related versus procedural talk differed
significantly in seeking but not disseminating behaviors in massive open online course discussion forums.
Subject-related talk was related to higher network efficiency and had higher seeking and disseminating
scores overall. We discuss the value of SLOAN for social learning and argue for the experimental study of
online discussion optimization using a discussion post recommendation system for maximizing social

learning.

Keywords: social learning optimization analysis of networks, SLOAN, social cognitive theory, social
learning, information theory, network analysis
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SLOAN: Social Learning Optimization Analysis of Networks

The advent of the Internet and information technology is radically reshaping social relations. No field has
been unaffected, especially educational technology. New data analysis technologies and new possibilities
unlocked by increasing computing power are reshaping research by introducing advanced statistical
modeling techniques. Researchers can use powerful open-source information tools to create new fields and
new tools of investigation. This same process repeating itself across all fields of human activity, dubbed
technological disruption by some, shows how information technology can remake human activity. From a
social-cultural perspective, information technology as a psychological tool serves knowledge transmission
and production. Psychological tools have the characteristic of being endlessly combinatorial and expressive
(Vygotsky, 1986; Wertsch, 1985). At the same time, information technology has a material dimension as
well: the interconnectedness of information technology, and computational tools and data, can be put to
work to serve particular ends that create the conditions for new activities to arise. For Marx (1839—
1841/1973), automation leads to the accumulation of productive capital. Somewhat presciently, he divined
that these forms of infinite labor surplus of information machines would remake social relations. Thus,
information technology in both its material and psychological dimension is sui generis, a tool of infinite
productive capacity that, in dialectical fashion, expands the sphere of human activity while automating away
human labor.

Educational technologists have eagerly incorporated new technological and methodological developments
from data science into their research (Wise & Cui, 2018). This is evidenced by the growth in data-focused
fields of educational data mining and learning analytics but also in the growth of mobile and multimodal
technologies using user data to curate learning experiences. Whereas much educational technology
research has focused on developing learning tools and measuring impact, comparatively little research has
explored the development of learning interfaces, or

the windows on the world through which a person views information and which cause a
certain quality of learning to occur. Interfaces to learning are the cognitive artifacts, the
resources for learning, that populate the learning environment and occasion learning
(Duchastel, 1996, p. 207).

Although the idea of learning interfaces can be traced back to Duchastel’s work with a special committee of
the North American Treaty Alliance (NATO) investigating the possibility of advanced educational
technology (Liao, 1996), few researchers in the intervening years have focused on educational interface
design (Kloos et al., 2020), and learning interfaces have not evolved considerably in the intervening years.
We may have more data, but educational technologists are still searching for ways to incorporate learning
analytics into learning technologies (Wise et al., 2015). One issue is that learning technologies are still
primarily focused on formal learning activities, and content and learning interfaces have thus remained
primarily static, orchestrated affairs. Much educational technology is focused on tools that are helpful for
teaching and learning knowledge and skills: for instance, an important aspect of the field of self-regulated
learning is focused on leveraging multimodal learner data to support the development of meta-cognitive
skills (Winne, 2017). However, few have explored how information technology creates new opportunities
for knowledge production as well as reproduction or how information technology creates new contexts for
learning. One exception has been discussion forums. The seminal work around the Knowledge Forum and
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computer-supported collaborative learning (Scardamalia & Bereiter, 2014) provides a glimpse of the
potential of information technology for expanding learning possibilities by harnessing network effects of
groups of learners. Although much recent research has applied new analytical techniques to the study of
online discourse (Rosé, 2017), technology-supported learning environments have not kept pace with new
innovations in Internet technologies that exploit advanced statistical techniques and the abundance of data
and computing power to create more dynamic and adaptive learning interfaces (Wise et al., 2015), for
instance, interfaces that can moderate and curate user discussion threads based on their interactions.
Studies of online discourse show that differential patterns of interaction lead to qualitatively different
learning outcomes (Fu et al., 2016). For instance, Wise et al., (2014) have demonstrated that speaking, or
posting, is predicted by listening, or attending to others’ posts. Yet few studies to date have explored
algorithmic methods for fostering those interaction patterns associated with better learning outcomes
(Rosé et al., 2008).

Online discussion forums are a ubiquitous part of contemporary connected living. We use them to
communicate, share, express, and interact. At the most fundamental level, they are about information
sharing. From them, we can get crowdfunded advice, and we can learn from the wisdom of the crowd.
Indeed, most turn to the Internet for answers to their questions because they know that their question has
already been asked and answered many times before. Thus, we are interested in optimizing discussion
forums for social learning. In network analysis terms, we argue that improving the flow of information, or
the efficiency of the network, can help create better online learning communities and foster better discourse
overall. Optimization (Boyd & Vandenberghe, 2004), in mathematical parlance, refers to solutions that
minimize error given a specific value function. Network optimization refers to finding all the connections
that maximize benefit (or, equivalently, minimize error). In the context of social learning networks, the
benefit equates to maximizing learning opportunities that can be gained from online connections. In recent
years, online discussion forum research has seen an explosion, and analytical methods have been a large
focus of this research (Ruipérez-Valiente et al., 2020; Zhu et al., 2020). However, this research has largely
been approached in a case-based fashion, with a concomitant variety of approaches. The profusion of
analytical methods (Almatrafi & Johri, 2019; O’'Riordan et al., 2020) and the lack of controlled experiments
make it hard to draw strong conclusions based on the extant literature. The lack of a unifying theoretical
framework and method are partly responsible. Information network theory can arguably bridge
perspectives and help identify features of discussion forums for comparative analysis and experimental
study. Whereas many researchers have applied social network analysis to the study of online discussion
forums (Jan et al., 2019; Kim & Ketenci, 2019), most have focused on connections and have not considered
the quality of those connections in terms of content and message (Wise et al., 2017)—in other words, the
flow of information through the network. In their systematic review of social network analysis in online
learning, Jan et al. (2019) found a general lack of consideration to attributional and performance variables
in the extant literature. The field of network theory provides tools to analyze the flow of information through
networks. Information flow is a fundamental aspect of social learning in online discussion forums. This is
central to understanding how discussion features are related to better learning outcomes. We borrow the
related notions of information entropy and network efficiency (Brinton et al., 2016; Latora & Marchiori,
2001) to understand the diffusion of information within a group. Information entropy refers to the overall
structure of the information graph (Dehmer & Mowshowitz, 2011) and network efficiency to the degree to
which information flows through the graph (Latora & Marchiori, 2001). In the present study, we examine
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network efficiency across 60 Coursera courses collected over a one-year period by Rossi and Gnawali
(2014). We compare courses to understand how course features might influence discussion forum
efficiency. More efficient online discussion forums can promote better social learning and better social
outcomes.

Literature Review

In the following sections, we review social learning research in the context of discussion forums, and we
examine the relationship between massive open online course (MOOC) discussions and learning outcomes.

Social Learning

According to Crittenden (2005), social learning theory “explains human behavior in terms of continuous
reciprocal interaction between cognitive, behavioral, and environmental influences” (p. 960). Social
learning theories (Deaton, 2015) allow us to examine and understand the social factors that contextualize
and influence teaching and learning. According to social learning theories (Hill et al., 2009), collective
behavior is considered key in shaping learning in a social context. Indeed, among the dimensions that shape
social learning is shared construction of knowledge. In fact, Reed et al. (2010) note that a critical
distinguishing characteristic of social learning is that a process—to be considered social learning—ought to
occur through social interactions between actors in a network. As such, the collaborative purpose is
important to the purpose of the network.

Theories of social learning emphasize the importance of discourse to the performance of groups. In fact,
discourse is widely recognized as a ubiquitous and important feature of teaching and learning in and out of
classrooms (Gilbert & Dabbagh, 2004). The notion of the importance of discussions has had a strong impact
in educational research (Wu & Hiltz, 2004). Discussion is considered an important driver for social learning
development (Soter et al., 2008). As such, to successfully coordinate learning, a key objective is to foster
and facilitate effective discussions among participants in a group learning setting (Hill et al., 2009; Lee &
Recker, 2021), especially in online environments (Rakovic et al., 2020).

Since the advent of mobile computing, the rapid diffusion of educational technology has offered new
opportunities for teaching, learning, and research (Castaneda & Williamson, 2021; Lemay, Doleck, &
Bazelais, 2021). The need to better understand social learning is made more acute as more learning and
teaching starts to take place in online learning environments (Castro & Tumibay, 2019). Researchers have
emphasized ever more the need to examine educational technology’s features and mechanisms that
promote effective teaching and learning (Kimmons et al., 2021).

A common theme underlying the literature on online learning environments is that discussion forums are
a crucial feature of online learning environments (Lee & Recker, 2021; Tirado et al., 2012), not only because
they enable and support interactions and communication (Almatrafi & Johri, 2019) but because they
facilitate the sharing of ideas and knowledge (Andresen, 2009; Rovai, 2007). The literature on online
learning environments informs us that the utility of online learning environments such as MOOCs is often
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tied to their ability to provide conditions that enable effective discourse (Goshtasbpour et al.; Hill et al.,
2009).

MOOCs and Discussion Forums

Discussion forums—widely seen as important in fostering and facilitating communication and interaction
among participants in learning communities (Hammond, 2005; Rovai, 2007)—are considered crucial for
social learning (Almatrafi & Johri, 2019; Goshtasbpour et al., 2021; Thomas, 2002). The topic of computer-
mediated discussion forums has drawn significant attention from educational technology researchers (Gay
& Betts, 2020). Prior research has extensively studied discussion forums for teaching and learning (Chiu &
Hew, 2018), particularly as key learning spaces in online courses and learning management systems
(Marra, 2006). For the current study, we focus on a specific context of MOOCs. The argument for
prioritizing MOOCs in the current study starts with an observation that “the MOOC environment has great
potential for leveraging social learning on a global scale” (Loizzo & Ertmer, 2016, p. 1028). Indeed, MOOCs
have attracted scholarly attention that continues to grow (Ruipérez-Valiente et al., 2020). In fact, a recent
review notes that social learning is a key topic of research on MOOCs (Zhu et al., 2020). Common to most
studies on MOOC discussion forums is an acknowledgment that MOOCS often do not offer individual
instructor support to students (Moore et al., 2020)—that in most instances of MOOC discussion forums,
they “are the only channel for support and for information exchange between peers” (Boroujeni et al., 2017,
p. 128).

Early work on MOOC discussion forums relied heavily on frequency counts and other quantitative measures
(Marra, 2006; O’Riordan et al., 2020). In fact, O'Riordan et al. (2020) note that research on MOOC
discussion forums has been “dominated by assessments of the quantity rather than the quality of
interaction” (p. 691). Yet Moore et al. (2020) note that the volume of text in MOOC discussion forums is
both an opportunity and challenge for researchers.

With the availability of fine-grained data, the analyses of discussion forums have expanded due to the
creative use of data and advanced analytical methods. Researchers have used different methods for
understanding various aspects of discussion forums and for extracting actionable insights from forum data
across a wide variety of MOOCs (Ruipérez-Valiente et al., 2020). Almatrafi and Johri (2019) conducted a
review of MOOC discussion forums and extracted the following common methods for analyzing them:
observation, qualitative data, statistics, data mining, visualization, and social network analysis.
Furthermore, several researchers underscore the need to examine the links between discussion forums and
learning outcomes (Almatrafi & Johri, 2019; Galikyan et al., 2021; Joksimovi¢ et al., 2017). Such efforts are
also salient for understanding if participating (or not participating) in MOOC discussion forums helps or
hinders learning and learning outcomes.

MOOC Discussion Forums and Learning Outcomes

Discussion forums serve as an important means by which participants overcome communication
constraints. As noted at the outset, discussions can impact teaching and learning and, in turn, learning
outcomes. Importantly, discussion forums are fertile grounds for research providing data sources for
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(a) measures of engagement, by tracking users’ forum viewing patterns; (b) measures of
mastery, understanding, or affect, generated by applying natural language processing to
the raw text of forum posts; and (c) social network data by assembling graphs where
various connections in the fora constitute edges. (Gardner & Brooks, 2018, p. 138)

Given the rich data available from discussion forums, a recent and growing body of work has specifically
focused on the association between MOOC discussion forums and learning outcomes.

The role of discourse behavior and forum activities has been explored in a number of studies (e.g.,
O’Riordan et al., 2020), with some documenting an association between discourse behavior and learning
(e.g., Wang et al., 2015) and others finding correlations between forum activity and course success (e.g.,
Santos et al., 2014). To contextualize the link between discourse on MOOCs and performance, Dowell et al.
(2015) note that discourse features accounted for 5% of the variance in the performance in their analysis.
Yet other research finds active participants contributing posts unrelated to the course at a higher rate (Feng
et al., 2015). Almatrafi and Johri (2019), in reviewing the literature on discussion forums in MOOCs,
summarize the findings apropos participation and performance by noting that “there is a correlation
between participation in the forums and completion and performance” (p. 420).

Studies in this area have also focused on the cognitive dimension of learning. With a focus on the content
generated by learners in a MOOC discussion forum, Galikyan et al. (2021) examined the link between
learner cognitive engagement and performance, finding a negative relationship. Regarding social
interactions in MOOC s, one strand of research focuses on social presence. For instance, Zou et al. (2021)
find that certain social presence is linked with higher network prestige in MOOC discussion forums.

Comparative analysis has also been an active area of analysis in MOOC forum research. For example, some
studies adopting a comparative perspective have documented differences across MOOCs (e.g., Jiang et al.,
2014; Joksimovi¢ et al., 2016). Other research has examined differences between contributors and non-
contributors to discussion forums (Wise & Cui, 2018). The authors document a higher rate of passing the
course for contributors. Similarly, other studies have documented better scores for learners participating
in MOOC discussions (Tseng et al., 2016). Research has also suggested that MOOC discussion forum
activities can influence learning and achievement differently (e.g., Chiu & Hew, 2018). These differences
highlight the importance of comparing not only between MOOCs but also between different types of
learners.

Focusing on the methodological issues and challenges, prior research has raised concerns regarding
operationalizing discussion forum use (Bergner et al., 2015; Tang et al., 2018; Zhu et al., 2016). In addition
to the operational issues of discussion forum use, concerns have also been raised about the variability in
the definition and operationalization of performance. All this speaks to the need for precise estimations of
both forum use and success so that we can better understand the conditions that are necessary or adequate
for optimizing the use of discussion forums for improved learning experiences and outcomes.

However, viewed more generally, the empirical research is equivocal about the association between
discussion forum participation and learners’ outcomes, especially with respect to which aspects of MOOC
discussions are consistently effective. Rather than merely describing MOOC discussion forum use, we
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suggest that it is crucial to better understand how learners’ participation in MOOC discussion forums is
associated with learning outcomes as a way to elaborate a theory of social network learning. We build upon
prior research in MOOC discussion forums, employing optimization theory to measure and compare the
efficiencies of discussion forums. In network theory terms, efficiency refers to how well information flows
through a network. Thus, we aim to compare network features of discussion and how they are related to
MOOC learning outcomes.

Study Purpose

Our overarching purpose is to develop learning interfaces (Duchastel, 1996) that augment human ability as
Engelbart (1962) and the early trailblazers of personal computing envisioned, wherein the distributed
intelligence can empower learners and maximize learning outcomes through online interactions. As
discussion forum activity is associated with learning, we seek to develop tools (e.g., algorithms) that
empower learning in discussion forums. In the present study, we outline an approach to the study of social
learning networks employing a convex optimization algorithm to calculate the learning benefit (network
efficiency) of social learning in MOOC discussion forums, which we call social learning optimization
analysis of networks (SLOAN). Using a comparative approach, we sought to answer the following question:
How do MOOC discussion forums compare in terms of the efficiency of their social learning networks?

Methods

Theoretical Framework

Our research is informed by socio-constructivist and social cognitive theory. A fundamental aspect of
learning resides in its social dimension—that is to say, learning is a social activity, and focusing strictly on
the individual cognitive aspect ignores how learning functions in social groups. Specifically, we appeal to
the dual processes of externalizing and internalizing learning (Vygotsky, 1986) that posit that internal intra-
cognitive processes first arise as external inter-cognitive processes before being internalized by the
individual. We also invoke the social learning behaviors of modeling—demonstrating a target skill or
behavior—and vicarious learning—learning from the experiences of others (Bandura, 1986). A MOOC
discussion forum helps users exchange information; however, it is also a social artifact that preserves the
interactions and also supports modeling and vicarious learning from others’ experiences.

Study Design

We employed SLOAN, developed by Brinton et al. (2016, 2018). In a previous study, we presented an
implementation and performed a confirmatory analysis (Doleck et al., 2021); we now report on a replication
study. As we used pre-existing data from older courses, we employed a retrospective comparative study
design.
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Data Source

We employed an open-source data set of 60 Coursera discussion forums collected and made available by
Rossi and Gnawali (2014). The anonymized data consist of the complete data set of these courses, many
having been taught many times to many sections. The sample sizes of courses (IN) range from as little as 46
to as many as 5,172. The courses cover a wide range of topics, as can be discerned by their course titles
(Table 1), but skew toward finance and science, in particular, computer science and programming.

Table 1

Coursera MOOC Data Set

Course N Total threads Total posts
‘Numerical Analysis (French) I46 '125 |843 I
Asset Pricing 170 681 3,158
Automata 290 472 3,269
Big Data and Education 423 604 5,126
Bioinformatics 580 1,191 10,245
Blended Learning 1,913 4,734 27,762
Synapse, Neurons, and Brains 1,261 1,181 17,081
Climate Literacy 636 1,105 19,222
Compilers 221 457 2,668
Computational Methods for Data

Analysis 127 193 1,135
Cryptography 310 433 4,170
Physical Sciences (Spanish) 105 121 1,464
Data Analysis 1,247 1,979 23,165
Data Science 3,928 4,802 52,927
Design 503 618 10,206
Designing Cities 788 523 10,033
Digital Media 1,732 2,562 23,245
Data Structures and Algorithms

(Chinese) 148 284 1,227
Digital Signal Processing 261 668 3,529
E-learning and Digital Cultures 480 438 7,523
Understanding Einstein 981 1,587 19,590
Finance 873 941 12,407
Networks: Friends, Money, and Bytes 68 113 627
Game Theory 355 368 5,012
Gamification 2,431 1,766 47,570
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Genomic Science

Global Warming
Human-Computer Interaction
History of Rock

Humankind

Intro to Programming (French)
Intro to Java (French)

Intro to EU Law

Intro to Psychology

Intro to Statistics

Inspiring Leadership Through
Emotional Intelligence

Linear Programming

Mathematical Methods for
Quantitative Finance

Mental Health

Machine Learning
Nanotechnology

Neural Networks

Natural Language Processing
Online Games

Organizational Analysis
Probabilistic Graphical Models

SLOAN: Social Learning Optimization Analysis of Networks

Bioinformatics: Introduction and

Methods (Chinese)

Introduction to Computing (Chinese) 418

Precalculus (Spanish)
Functional Programming
Programming 1
Programming 2
Relationships

Scientific Writing

Social Network Analysis
Startups

Statistics 1

Useful Genetics

Video Games in Learning

Lemay, Doleck, and Brinton

176 238
355 1,047
557 1,041
524 392
2,936 3,353
427 674
434 687
831 808
4,589 9,970
1,512 1,197
10447 8,482
409 776
172 196
969 2,989
4,262 5,653
504 860
817 1,368
759 1,261
882 899
2,623 2,579
464 941
238 342
873
179 317
1,042 1,622
3,042 3,590
842 1,196
1,851 2,109
1,601 1,528
545 938
5,172 6,730
2,953 2,938
443 881
1,531 9,261

2,654
7,799
9,416
9588
69,313
5,676
7,310

11,510

103,449
17,012

65,852

6,201

2,950
21,049
64,362
9,394
11,677
12,888
18,009
64,831
5,270

3,051
5,811
2,324
12,255
46,666
8,690
55,926
79,042
9,202
76,890
35,892
7,697
35,804
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Virology 769 967 11,123

Note. MOOC = Massive open online course; EU = European Union.

Instrument

SLOAN is a convex optimization algorithm (Brinton et al., 2016) that maximizes connections (equivalently
formulated as minimizing the distance) between knowledge seekers and knowledge disseminators in online
learning discussion forums subject to constraints. Convex optimization is a family of algorithms for solving
multivariate problems that are linear in their constraints. Convex graph optimization problems refer to
points that are linearly connected within a space and do not have analytic—that is, exact—solutions.
Minimums and maximums are discovered using numerical methods including gradient descent. SLOAN
uses a variant of gradient descent where the points are projected on a solution region (defined by the
constraints). In Figure 1, we observe that users’ (u) knowledge-seeking (sux) and knowledge-disseminating
(dux) behaviors on a given topic (k) can be defined as functions of users’ question-asking tendency (qu,rx).
The log term represents the diminishing returns of multiple posts (p) on a given topic (k), effectively a
penalty for multiple postings. An adjacency matrix representing user—user connections, that is, their posts
and replies, across topics is optimized using a variation of the alternating method of multipliers employing
projected gradient descent (Boyd & Vandenberghe, 2004; Brinton et al., 2016) to produce a network of
optimal connections between knowledge seekers and knowledge disseminators on specific topics.

Figure 1

Knowledge-seeking and knowledge demonstration as functions of question-asking tendency

ZpEFT_u Hp.k ) Q(p)

Zp ePry Hp,k

Qurk =

du.k :Z(l_qu.r.k)'IDg 1+ Z Ep,k'lxipl

PEPyy

Suk = Z Quer e Eﬂg 1+ Z Ep,k : |xrp|
r

PEPry

Note. Users’ (u) knowledge-seeking (sux) and knowledge-disseminating (duwx) behavior on a given topic (k) can be
defined as functions of users’ question-asking tendency (qu,rx).
Procedure

Each course’s discussion forum was analyzed using SLOAN. Data were prepared by sanitizing inputs using
the Beautiful Soup Python package to remove markup language and segmented and lemmatized using the
Stanford Natural Language Toolkit (nltk) as standard practice in natural language processing to facilitate
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the application of algorithms that rely on frequentist distributions such as topic induction. Topics were
inferred using Latent Dirichlet allocation (Blei, Ng, & Jordan, 2003). Seeking and disseminating behaviors
were calculated based on weighted averages of posting frequencies by topic. We report on three measures
of network efficiency for reliability and validity: the benefit calculated through SLOAN, the ratio of observed
and optimized eigenvalues as a measure of overall network connectedness, and the global efficiency (Latora
& Marchiori, 2001), which is a related measure of information flow through the network. Both SLOAN and
global efficiency algorithms can be considered variants of shortest path algorithms, which are used
extensively in network analysis (Dehmer & Mowshowitz, 2011).

Subsequently we compared MOOCs based on the dominating talk within the discussion forum, whether it
was subject-related or procedural talk, using simple t-tests. Forums dominated by subject-related talk and
those dominated by procedural talk were grouped based on the inferred topics. A course with a higher
prevalence of keywords such as assignment, quiz, and homework was classified as dominated by procedural
talk. A course with a higher prevalence of subject-related keywords such as "state, european, member,
union" for a course on European Union Law was classified as dominated by subject-related talk.

Results

Seeking and disseminating scores and observed and optimized social learning network efficiency (Benefit)
are presented for the following: courses with highest seeking tendency (Table 2), courses with highest
disseminating tendency (Table 3), and courses with highest network efficiency (Table 4).

As can be observed in Figures 2—5, observed and optimized social learning network efficiency (Benefit)
appears negatively related to seeking and disseminating tendency. Interestingly, we noticed an increased
disseminating tendency in humanities-oriented courses and increased seeking in science-oriented courses.
Notice how optimized benefits (on the y-axis) are a greater order of magnitude compared with observed
benefits for both seeking and disseminating tendencies across all courses. Smaller courses are grouped
among the courses with highest seeking and disseminating scores. However, larger courses, with thousands
of students, also display high disseminating tendencies, suggesting a network effect where once a course
reaches a certain size, disseminating behavior becomes more generalized and knowledge more accessible
in a positive feedback loop.

Seeking and disseminating scores differ by orders of magnitude. Interestingly, seeking behavior is much
less prevalent than disseminating behavior in MOOC discussion forums across all groups. The lower seeking
scores can be understood by the fact that seeking here is defined in terms of question posting and ignores
all the other ways individuals may seek information before resorting to asking a question in the discussion
forum (e.g., asking a classmate or the instructor directly, searching in the course materials or using a search
engine, etc.).

103



SLOAN: Social Learning Optimization Analysis of Networks
Lemay, Doleck, and Brinton

Table 2

Courses with Highest Seeking Tendency

Observed Optimized

Course N Seeking  Disseminating  benefit benefit
| Networks: Friends, Money, and Bytes | 68 | 1.16E-04 | 6.7675 | 9.5269 | 246.2457 |
Numerical Analysis 46 1.08E-04 2.9393 23.9728 17.3465
Computational Methods for Data
Analysis 127 1.86E-05 0.8897  32.0250 26.2753
Physical Sciences 105 1.37E-05 1.7282  26.9862 364.8678
Digital Signal Processing 261 1.35E-05 0.9365 61.8857 908.1452
Precalculus 179 1.25E-05 1.2726 27.1547 197.1336
Asset Pricing 170 1.24E-05 0.7224 60.0251 49.7035
Compilers 221  1.09E-05 0.9093 76.1573  1,241.8557
Experimental Genome Science 176  9.40E-06 1.3903 24.4761  548.3799
Table 3

Courses with Highest Disseminating Tendency

Observed Optimized

Course N Seeking  Disseminating benefit benefit
[ [ [ | [ [ 1

2.43E-

Data Structures and Algorithms 148 06 20.2140 1.4256 2.4562
3.01E-

Introduction to Computing 418 07 11.4953 4.7747 50.8587

Writing in Sciences 1691 1.10E-07 10.9102 12.9485 302.9709
2.25E- 6,656.465

Introduction to Psychology 4589 08 9.3390 134.4230 3

Networks: Friends, Money, and Bytes 68 1.16E-04 6.7675 9.5269  246.2457
3.66E-

History of Rock, Part One 524 06 3.1643 28.5779  374.6067

Numerical Analysis 46 1.08E- 2.9393 23.9728 17.3465
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04
8.28E-
Gamification 2431 08 2.8050 32.8720 1,534.2317
Bioinformatics: Introduction and 4.81E-
Methods 238 06 2.3905 17.0457 171.7716
The Law of the European Union: An 6.60E- 3,808.690
Introduction 831 07 2.0681  64.8254 8
Table 4
Courses with Highest Network Efficiency
Observed Optimized
Course N Seeking Disseminating  benefit benefit
| T T
1.64E-
Startup Engineering 5172 08 2.04 68.15 3,250.63
2.43E-
Machine Learning 4262 08 1.41 57.09 1,901.45
2.72E-
Introduction to Data Science 3928 o8 1.38 59.11 2,520.50
3.59E-
Learn to Program: The Fundamentals 3042 08 1.18 73.08 1,020.63
4.76E-
Statistics One 2953 08 0.94 70.44 2,251.49
4.30E-
A Brief History of Humankind 2936 08 0.63 199.30 3,329.09
8.76E-
Organizational Analysis 2623 o8 1.77 56.82 1,090.97
8.28E-
Gamification 2431 08 2.81 32.87 1,534.23
Blended Learning: Personalizing
Education for Students 1913 1.78E-07 1.99 152.56 3,435.24
8.55E-
The Fiction of Relationship 1851 08 0.81 97.20 613.89
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Figure 4

SLOAN: Social Learning Optimization Analysis of Networks
Lemay, Doleck, and Brinton

Network Efficiency by Observed Seeking Tendency
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Although the correlation coefficients revealed moderate effects, the statistics were not significant, as

reported in Table 5.
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Table 5

Pearson Correlation Coefficient for Seeking and Disseminating by Network Efficiency

Ratios r t p
| Seeking/observed | —-0.2567 | -2.0927 I 1715
Seeking/optimized -0.2785 —2.2095 1482
Disseminating/observed -0.2898 —2.4091 1376
Disseminating/optimized -0.2873 -2.3845 .1399

When comparing topics across courses, we found that courses made two broad uses of discussion forums:
course-related and topic-related discussions. Some, like Blended Learning (Table 6) and Intro to European
Union Law (Table 7), present topics that are more related to the subject matter. Others present topics that
are more related to coursework. In Computational Methods (Table 8), we note an increased prevalence of
course-directed words such as assignment, lecture, Coursera, and date.

Table 6

Subject-Related Talk: Blended Learning

Topicno.  Top word associations

Words: 0.029*“assign” + 0.020*“week” + 0.020*“video” + 0.016*“post” + 0.015*“link” +
0 0.015%“cours” + 0.014*“work” + 0.013*“final” + 0.013*“submit” + 0.013*“grade”

Words: 0.036*“thank” + 0.033*“cours” + 0.017*“think” + 0.015*“learn” + 0.012*“great” +
1 0.011%“share” + 0.010*“teach” + 0.009*“student” + 0.009*“good” + 0.009*“interest”

Words: 0.019*“student” + 0.018*“agre” + 0.014*“good” + 0.012*“learn” + 0.011*“definit” +
2 0.010*“teacher” + 0.009*“like” + 0.008*“peopl” + 0.008*“chang” + 0.008*“work”

Words: 0.032*“student” + 0.029*“teacher” + 0.022*“learn” + 0.018*“time” + 0.018*“think”
3 + 0.017*“school” + 0.012*“work” + 0.010*“teach” + 0.007*“want” + 0.006*“like”

Words: 0.047*“learn” + 0.030*“student” + 0.019*“teacher” + 0.017*“blend” + 0.015*“think”
4 + 0.015%“teach” + 0.013*“onlin” + 0.013*“time” + 0.011*“cours” + 0.009*“school”

Words: 0.041%“color” + 0.041*“size” + 0.040*“font” + 0.025*“think” + 0.019*“definit” +
5 0.016%*“learn” + 0.014*“student” + 0.011*“khan” + 0.010*“like” + 0.009*“academi”

Words: 0.102*“learn” + 0.053*“student” + 0.038*“blend” + 0.016*“teacher” + 0.013**high”
6 + 0.013*“technolog” + 0.011*“qualiti” + 0.010*“person” + 0.010*“pace” + 0.009*“educ”

Words: 0.028*“learn” + 0.024*“student” + 0.020*“class” + 0.015*“technolog” +
0.013*“blend” + 0.012*“work” + 0.011*“like” + 0.011*“teach” + 0.010*“teacher” +
7 0.007*“school”

Words: 0.066*“student” + 0.018*“work” + 0.014*“learn” + 0.013*“teacher” + 0.012*“need”
8 + 0.011%“group” + 0.010*“class” + 0.008*“classroom” + 0.008*“think” + 0.008*“like”
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Words: 0.035%“learn” + 0.032*“school” + 0.027*“student” + 0.024*“teacher” +
0.018*“blend” + 0.015%“educ” + 0.011*“year” + 0.010*“work” + 0.009*“classroom” +
9 0.008*“teach”

Table 7

Subject-Related Talk: Intro to European Union Law—o001

Topic no. Top word associations

Words: 0.010%“cours” + 0.007*“state” + 0.006*“time” + 0.006*“peer” + 0.006*“think” +

0 0.005*“question” + 0.005%*“like” + 0.005*“review” + 0.005*“thank” + 0.004*“great”

Words: 0.023*“state” + 0.018*“european” + 0.016*“member” + 0.011*“union” +
0.010*“countri” + 0.008*“europ” + 0.007*“market” + 0.007*“council” + 0.007*“econom” +

1 0.006*“treati”

Words: 0.018*“languag” + 0.011*“question” + 0.009*“think” + 0.008*“answer” +
0.008*“know” + 0.008*“countri” + 0.007*“european” + 0.007*“citizen” + 0.006*“peopl” +

2 0.006*“right”

Words: 0.018*“cours” + 0.011*“question” + 0.011*“direct” + 0.010*“case” + 0.010*“answer” +

3 0.009*“thank” + 0.009*“right” + 0.007*“point” + 0.007*“like” + 0.006*“good”

Words: 0.019*“state” + 0.015*“countri” + 0.013*“member” + 0.013*“right” + 0.011*“nation” +

4 0.011%“citizen” + 0.010*“case” + 0.009*“direct” + 0.008*“articl” + 0.008*“european”

Words: 0.013*“cours” + 0.010*“think” + 0.010*“learn” + 0.008*“peopl” + 0.008*“interest” +

5 0.007*“countri” + 0.007*“good” + 0.006*“time” + 0.006*“student” + 0.005*“like”

Words: 0.008*“peopl” + 0.008*“cours” + 0.008*“direct” + 0.007*“mean” +
0.007*“european” + 0.007*“think” + 0.007*“state” + 0.007*“ukrain” + 0.006*“work” +

6 0.006*“learn”

Words: 0.028*“cours” + 0.016%“week” + 0.013*“student” + 0.013*“read” + 0.011*“thank” +

7 0.011%“time” + 0.011*“video” + 0.009*“test” + 0.009*“think” + 0.009*“quiz”

8 Words: 0.014*“cours” + 0.012*“work” + 0.011*“countri” + 0.010*“live” + 0.009*“peopl” +
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0.009*“think” + 0.008*“differ” + 0.008*“good” + 0.008*“hello” + 0.007*“time”

Words: 0.027*“thank” + 0.009*“time” + 0.007*“book” + 0.007*“cours” + 0.006*“chegg” +

9 0.006*“problem” + 0.006*“answer” + 0.005*“final” + 0.005*“download” + 0.005*“like”

Table 8

Procedural Talk: Computational Methods

Topicno.  Top word associations

Words: 0.022%“cours” + 0.017*“frequenc” + 0.014*“time” + 0.009*“transform” +
0.009*“signal” + 0.009*“data” + 0.009*“function” + 0.009*“lectur” + 0.009*“think” +

0 0.008*“right”

Words: 0.027*“thank” + 0.021*“time” + 0.019*“frequenc” + 0.018*“plot” + 0.016*“domain”

1 + 0.015%“point” + 0.011*“work” + 0.011*“grid” + 0.010*“wave” + 0.008*“number”

Words: 0.017%“matlab” + 0.014*“code” + 0.013*“imag” + 0.010*“filter” + 0.010*“slice” +

2 0.010*“problem” + 0.010*“fftshift” + 0.009*“subplot” + 0.008*“work” + 0.008*“meshgrid”

Words: 0.023*“time” + 0.014*“frequenc” + 0.014*“window” + 0.012*“cours” +
0.012*“domain” + 0.011*“answer” + 0.010*“signal” + 0.009*“function” + 0.008*“filter” +

3 0.006*“number”

Words: 0.018*“class” + 0.017*“plot” + 0.015*“forum” + 0.015*“thread” + 0.011*“coursera” +
0.011*“question” + 0.010*“compmethod” + 0.009*“thread_id” + 0.008*“like” +

4 0.008*“https”

Words: 0.019*“matlab” + 0.017*“thank” + 0.009*“valu” + 0.009*“know” + 0.009*“filter” +

5 0.008*“cours” + 0.008*“look” + 0.007*“right” + 0.007*“differ” + 0.007*“lectur”

Words: 0.024*“array” + 0.014*“plot” + 0.013*“octav” + 0.010*“like” + 0.009*“frac” +

6 0.008*“problem” + 0.007*“want” + 0.007*“line” + 0.007*“http” + 0.007*“function”

7 Words: 0.024*“frequenc” + 0.014*“nois” + 0.014*“imag” + 0.013*“signal” + 0.009*“time” +
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0.009*“https” + 0.009*“filter” + 0.008*“matlab” + 0.008*“lectur” + 0.008*“like”

Words: 0.018*“matlab” + 0.014*“valu” + 0.013*“frequenc” + 0.013*“time” + 0.011*“signal”

8 + 0.010*“like” + 0.010*“function” + 0.009*“work” + 0.009*“domain” + 0.008*“fftshift”

Words: 0.020*“plot” + 0.018*“complex” + 0.016*“valu” + 0.014*“right” + 0.013*“leav” +

9 0.011*“real” + 0.011*“time” + 0.010*“nois” + 0.010*“domain” + 0.009*“signal”

Overall, SLOAN managed to find important efficiencies in the networks, over 90% for all but the two courses
with the smallest population (< 200 students), in which global efficiency of the optimized network did not
surpass 60%, and Introduction to Computing, with a score of 83%, which was an outlier with the maximum
disseminating score of 11.50.

While SLOAN is very effective, often converging after a single iteration, it is subject to error when
optimizing learning networks where the topics are not varied enough. We note five networks where the
optimized solution was simply a fully connected network. In Table 9, we observe one such network solution
for the Compilers course, where the topics are barely differentiated. Note the repeated occurrence of the
same words across topics.

Table 9

Failed Optimization: Undifferentiated Topics, Compilers Course

Topic no. Word associations

Words: 0.014*“state” + 0.013*“cours” + 0.013*“charact” + 0.012*“compil” +
0.011*“thank” + 0.009*“string” + 0.009*“work” + 0.009*“assign” + 0.008*“error” +
g g
o) 0.008*“understand”

Words: 0.023*“class” + 0.012*“return” + 0.012*“string” + 0.012*“cool” + 0.010%“case” +
g
1 0.010*“rule” + 0.010*“type” + 0.009*“express” + 0.009*“state” + 0.009*“symbol”

Words: 0.014*“work” + 0.012*“string” + 0.011*“program” + 0.010*“cach” +
0.009*“compil” + 0.009*“languag” + 0.008*“need” + 0.007*“good” + 0.007*“thank” +
2 0.006*“know”

Words: 0.020*“cours” + 0.016*“error” + 0.010*“compil” + 0.010*“pars” + 0.009*“class”

3 + 0.009*“lectur” + 0.009*“assign” + 0.008*“test” + 0.008*“program” + 0.008*“wiki”
Words: 0.014*“error” + 0.012*“cours” + 0.011*“java” + 0.011*“class” + 0.010*“compil” +

4 0.010%“program” + 0.009*“like” + 0.009*“think” + 0.008*“rule” + 0.008*“start”
Words: 0.026*“compil” + 0.019*“cool” + 0.018*“class” + 0.018*“assign” + 0.012*“file” +

5 0.011%“program” + 0.011*“code” + 0.009*“lexer” + 0.008*“output” + 0.008*“line”
Words: 0.017*“state” + 0.014*“step” + 0.011%“class” + 0.011*“input” + 0.010*“thank” +

6 0.009*“think” + 0.009*“epsilon” + 0.008*“work” + 0.007*“script” + 0.007*“assign”

7 Words: 0.019*“class” + 0.015%“work” + 0.013*“expr” + 0.011*“code” + 0.010*“express”
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+ 0.009*“look” + 0.009*“languag” + 0.008*“rule” + 0.008*“like” + 0.008*“method”

Words: 0.027*“thank” + 0.024*“string” + 0.014*“rule” + 0.011*“error” +
0.009*“charact” + 0.009*“problem” + 0.008*“like” + 0.008*“return” + 0.008*“match”

8 + 0.007*“token”

Words: 0.016%“express” + 0.010%“cool” + 0.010*“time” + 0.009*“string” +
0.009*“assign” + 0.008*“exampl” + 0.008*“line” + 0.008*“thank” + 0.007*“token” +

9 0.007*“like”

Finally, we compared courses where talk was dominated by procedural matters—assignment questions,

lecture notes, quizzes—with courses where the talk was dominated by subject-related matters—that is,
centered on course topics (Table 10). After removing outliers and non-English courses, we calculated the t-
statistic for both groups and found they were significantly different on seeking tendency though not on

disseminating tendency, as well as significantly different on observed and optimized network efficiency.

Table 10

Differences Between Procedural and Subject-Related Talk

t-statistic

P-value

‘Observed network efficiency

'Procedural talk 0.00E+00 0.022094755160
Subject-related talk 0.00E+00

'Optimized network efficiency I
"Procedural talk 0.00E+00 0.044738732610'
Subject-related talk 0.00E+00

ISeeking

IProcedural talk 1.00E+00 0.001951708988'
Subject-related talk 1.00E+00

I Disseminating

"Procedural talk 2.92E-01 0.552466099200 '
Subject-related talk 3.39E-01

112



SLOAN: Social Learning Optimization Analysis of Networks
Lemay, Doleck, and Brinton

Discussion

We conducted a social learning optimization analysis of networks (SLOAN) in MOOC discussion forums in
60 Coursera MOOCs. We found that MOOC forums differ in terms of the optimization potential. Courses
with smaller enrollment numbers appear to struggle more with generating enough discussion and
connecting knowledge seekers with knowledge disseminators. However, we find that networks of all sizes
can be optimized to improve their overall efficiency. Most interesting of all, we find that subject-related-
talk-dominated discussion forums and procedural-talk-dominated discussion forums are significantly
different in overall network efficiency and seeking tendency, but not in disseminating tendency.

It is striking how seeking tendency is orders of magnitude lower than disseminating tendency. This is
possibly due to the nature of the discourse in the discussion forums, where learners are sharing information
but not necessarily engaging extensively and collectively in discussion but rather are engaging in smaller
sporadic exchanges. It may also be because knowledge seeking and knowledge disseminating are functions
of question-asking tendency; this ignores the many other ways that knowledge-seeking behavior can
manifest itself in a forum, such as composing a search query or simply reading through posts. Indeed,
researchers have demonstrated that a range of online discussion behaviors are associated with differential
learning outcomes (Almatrafi & Johri, 2019; O’Riordan et al., 2020; Wise et al., 2014). As one of the few
studies of a larger sample of MOOC forums (Rossi & Gnawali, 2014), we find that these differences can be
explained in part by the different uses made of discussion forums for MOOC learning. Wise and colleagues
(Wise, 2018; Wise et al., 2017) have compared course-related and non-course-related discussion in MOOC
discussion forums. They did not find significant differences in learning outcomes based on their analysis;
however, they admitted this could be due to their analytical scheme. In contrast, we found significant
differences in disseminating behavior between courses with a greater focus on subject versus procedural
talk in the MOOC discussion forums.

Social network analysis has been applied extensively to the study of online learning (Jan et al., 2019).
However, much of this research has not considered the quality of connections in social graph, such as,
assessing the informativeness of the connections in a social learning network; although interaction patterns
are quite variable and are not all equally conducive to learning (O’Riordan et al., 2020; Wise et al., 2017).
Our study shows that content and connections can be reconciled, and these complex, multivariate
interactions can be modeled and optimized using advanced numerical techniques. Integrating social
learning analysis with content analysis in such a fashion provides quantitative tools for studying and
augmenting social learning in technology-supported environments in the wild.

Implications

In the present study, we have argued for conducting educational technology research in the learning
interface (Duchastel, 1996), that is, developing algorithms and technologies that augment human
intellectual activity (Engelbart, 1962) through responsive and adaptive tools that support and extend our
abilities. We have presented a novel approach to conducting educational technology research using
optimization theory to maximize learning through online discussion forums. We believe that optimization
research holds much promise for the field of educational technology and distance/online learning research.
It aligns with the design experimentation ethos (Brown, 1992; Cobb et al., 2003) as it is also concerned with
improving teaching and learning through iterative innovation. It is suited to constructivist-based research
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(Lemay & Doleck, 2020) with its sociocultural focus on tools as social artifacts and its central place in
human social activity (Gee & Green, 1998). Optimization theory is being applied to improve tools and
methods in data-intensive disciplines such as neuroscience, where it is helping to improve neural interfaces
(Fathima & Kore, 2021). As we have shown, optimization theory can also help improve the learning
interface. Online and distance learning have well-established research traditions and well-developed
instructional theories such as communities of inquiry (Garrison & Akyol, 2012) and computer-supported
collaborative learning (Koshmann, 2011). Interface tools like SLOAN can help improve knowledge sharing
and discovery in online learning platforms.

The current study also has implications for discussions in other settings and contexts beyond MOOCs. Such
an optimization algorithm can be applied to any information tool that incorporates knowledge-sharing
mechanisms, such as Slack or Microsoft Teams in the workplace, to help support knowledge discovery and

synergy.

Limitations

The present study is limited by its use of a convenience sample; however, we believe that this is mitigated
by its range and its relative size, considering most studies consider few forums in their investigations. This
study is also limited by its quasi-experimental nature. We did not conduct an experiment and cannot
conclude any causal relationships; however, we believe this exploratory research shows SLOAN’s potential
for interventionist study and particularly the potential benefits of SLOAN for social learning in online
discussion forums in general and in MOOCs in particular. Given the unequal distribution of courses in our
convenience sample, we did not make disciplinary comparisons. However, it is possible that disciplinary
features led to systematic differences in discussion forum uses.

Conclusions and Future Directions

Online social learning is quickly becoming an indispensable part of learning at every stage and in every
environment, from schools to workplaces and into our daily life. The Internet is a great repository of
knowledge, but it is primarily a tool for leveraging our collective wisdom. This has been facilitated by
specialized knowledge-sharing forums for particular user communities, such as StackExchange and
StackOverflow, and by more general knowledge-sharing platforms, such as Quora for questions and
answers and Reddit for interest groups. However, the creation of filter bubbles (Turkle, 2010) has shown
the dangers of ill-moderated online discussion. We believe that the best way to counter misinformation and
intolerance is through discussion for knowledge and perspective sharing. Tools that can optimize social
learning online can have multiplicative effects: as people learn to harness the power of online social learning
networks, their agency is increased and potentials are extended (Bandura, 2001). Given the polarized
landscape and the poor level of much online discourse, fostering better online discourse appears to be a
moral imperative.
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