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Abstract
Online discussion forums are common features of learning management systems; they 
allow teachers to engage students in topical discussions in environments beyond physical 
spaces. This study presents a novel approach to operationalizing the connections between 
social interaction and contextual topics by visualizing posts in an online discussion forum. 
Using the weak ties theory, we developed a prototype of a tool that helps visualize the text-
based content in online discussion forums, specifically in terms of topic relationships and 
student interactions. This research unveils a nuanced picture of social and topic connectiv-
ity, the nature of social interactions, and the changes in the topics being discussed when 
serendipity occurs. Our implementation of the tool and the results from testing show that 
the visualization method was able to determine that the strongly connected major topics in 
the discussion were related to the intended course learning outcomes, whereas the weakly 
connected topics could yield insights into students’ unexpected learning. The proposed 
method of visualization may benefit both teachers and students by helping them to effi-
ciently the learning and teaching process and thus may contribute to formative assessment 
design, a collaborative learning process, and unexpected learning.
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Introduction

The learning management system (LMS) has become a commonly used platform in higher 
education. From any location and at any time, teachers can use the online tools on LMSs to 
distribute learning resources, whereas students can use them to access those resources and 
interact with and learn from their peers. A common feature of the LMS is the asynchro-
nous online discussion forum, which catalyzes learners’ active learning and higher-order 
thinking in a text-based communication environment (Jonassen et al., 1995; McLoughlin & 
Mynard, 2009). The benefits of using the forum for teaching and learning purposes include 
overcoming spatial and temporal communications barriers with non-stop operations and 
providing a relatively relaxed environment where students can express their ideas freely 
(Chen et al., 2018). Through the forums, students are able to contribute a massive amount 
of text-based information and interact socially; as a result, data from their posts can be 
used to understand their learning patterns and topic discussions within or beyond the given 
topics through learning analytics.

Currently, learning analytics through data mining techniques (e.g., Clustering, asso-
ciation, and classification) provides a means to obtain useful information about students’ 
learning, social patterns, and topic discussions that is not retrievable without these tech-
niques (Han et al., 2011; Slade & Galpin, 2012). Data mining techniques are commonly 
designed for collecting large-scale data, extracting actionable patterns, and obtaining 
insightful knowledge (Gundecha & Liu, 2012; Manning et  al., 2008). By applying these 
data mining techniques to effectively analyze the interaction data, personal data, systems 
information, and academic information collected from LMSs, educators can better under-
stand the thinking patterns of students during the learning process, even running data min-
ing techniques with small-scale data on a desktop computer (Hand et  al., 2001; Ray & 
Saeed, 2018; Wu et al., 2013). The growth of learning analytics provides an opportunity to 
discover new visualization tools. Students’ behavioral intentions or motivations for learn-
ing (Mazza & Milani, 2004; Romero et al., 2008) can also be captured and visualized. The 
data mining techniques can assist in student assessment by using a systematic real-time 
approach to identify pedagogic changes that may be effective for particular students and 
to guide students through the learning process with the ultimate goal of optimizing their 
learning outcomes (Foster & Ford, 2003). Under this unique learning scenario, both teach-
ers and students may benefit from learning analytics, which allows them to engage with 
each other in the learning and teaching process.

Despite the consensus reached on the benefits of social interactions in learning, little 
attention has been paid to understanding the content of these interactions, partly because it 
is time-consuming to deal with the enormous amount of text data (Slade & Galpin, 2012) 
and partly because of the lack of an analytical framework (Tawfik et al., 2017), even when 
data mining provides technological support for analysis and visualization. This study com-
bines social network analysis and the examination of text-based learning content, which 
have primarily been studied separately, and develops a visualization method to capture the 
contextualized social interactions to understand students’ topic discussions and unexpected 
learning (Clouder & Deepwell, 2004; Havnes & Prøitz, 2016) in online discussion forums. 
The combination can yield insights that may provide an integrated view of the formation 
of networks (Aggarwal & Wang, 2011). The behavioral (You, 2016) and semantic aspects 
(Dicheva & Dichev, 2006) of forum discussions by students may inform our understanding 
of collaborative learning processes and knowledge construction on online learning forums 
(De Laat & Lally, 2003; Kitto et al., 2016).
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The objectives of this study are to examine social interactions (networks) and their 
changes in topics across a discussion in an asynchronous online forum and to develop a 
technique to visualize these interactions. Specifically, this paper explores the differences in 
networking patterns for major and minor topics to reveal whether online discussion forum 
content might be aligned with intended learning outcomes (ILOs) or contribute to unex-
pected learning. The findings may help both teachers and students improve their teaching 
and learning, respectively, with feedback from this new visualization tool. Ultimately, this 
study transforms teaching and learning in higher education by creating a new approach that 
uses advanced data mining technologies to assess students’ knowledge discovery process 
and provide students with innovative feedback on and formative assessment of their learn-
ing. These changes can enhance capacity for knowledge discovery in collaborative online 
learning.

Literature review

Social constructivism

Social constructivism attends to the sociocultural aspects of learning. The social aspects of 
the learning process are emphasized in contemporary learning theories (Johnson & John-
son, 2008; Stahl et al., 2006). Vygotsky (1978) posited that “human learning presupposes 
a specific social nature and process” (p. 78). In this regard, social interactions mediate 
knowledge acquisition (Johnson & Johnson, 2008). Social connections exist in the learning 
process, which is situated between individual cognition and sociocultural contexts (Vygot-
sky, 1978), as well as group psychological functioning (Stahl, 2006). Learning occurs by 
recognizing and interpreting patterns within a network, which is social, and is technologi-
cally enhanced when dialogues take place among learners (Siemens, 2005). People form 
connections with one another and obtain access to different resources, which enables learn-
ing to take place and empowers future learning (Siemens, 2005). In particular, online dis-
cussion forums are widely used in virtual learning environments to mediate social interac-
tions of various kinds through which learners can form large or small groups, use online 
or hybrid methods, and learn by scripted or self-organized means (Chen et al., 2018). Our 
evolving understanding of learning, which is culturally and socially situated, shifts our 
attention from individualistic traits to social aspects to take group dynamics into account.

The weak ties theory

Granovetter (1973, 1983a, 1983b) proposed the weak ties theory to study the interper-
sonal relationship and emphasized the “strength of weak ties,” by which he meant that the 
weak ties of interpersonal relationships can sociologically bridge different communities 
and bring them into a broader context by creating micro- and macrolinks. The theory has 
been applied to different contexts, such as technical science (Constant et al., 1996), social 
media (Haythornthwaite, 2002), information diffusion (Bakshy et al., 2012), and innova-
tion (Ruef, 2002). In online learning, the weak ties theory has been used in the field of 
networked learning to study learners’ relationships in creating knowledge (Jones et  al., 
2008), in networked learning systems (Ryberg & Larsen, 2008), and in shaping personal 
networks online (Haythornthwaite, 2000). The weak ties that students build in online learn-
ing environments (e.g., through an online course blog) can be transferred as social capital 
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(Kandakatla et al., 2020). Strong or weak relational ties and social network measures can 
validly predict students’ learning outcomes (Wu & Nian, 2021). In addition to investigating 
the relations between humans, many studies have examined the strength of ties between 
concepts or topics in information retrieval and knowledge diffusion in the interdisciplinary 
sciences (Wei et al., 2016). Unlike strong ties, which imply a more significant amount of 
the  shared network, weak ties can link diverse clusters  and broadly lead to more poten-
tial opportunities (Granovetter, 1973, 1983a, 1983b). Weak ties thus have merits in novel 
information flows because they link the sparse information of different groups (Baer, 2010; 
Burt, 2004). Siemens (2005) stated that how well a concept is currently linked determines 
the likelihood that it will be linked in the context of learning. Learning can be regarded as 
a process that connects specialized nodes or information sources. The connections between 
those nodes or sources can be strong or weak. Weak ties can be exciting and strategic to 
study because they are links or bridges that allow brief connections between units of infor-
mation. Furthermore, the weak ties theory may be very useful in relation to the notions 
of serendipity, innovation, and creativity (Siemens, 2005). Connections between disparate 
ideas and fields can lead to innovations.

Therefore, there is great potential in using the weak ties theory to investigate the inter-
play between new information and weak connections, which might create innovative ideas 
and social capital among learners in an online discussion forum.

Visualization

Visualization tools make it easier to obtain an overview of forum messages with visualized 
patterns and offer pedagogical insights (Gibbs et al., 2006); however, finding a proper tool 
to analyze online interactions in depth remains challenging. Visual patterns contain rich 
information for generating analytical pictures of multiple discussion threads and investigat-
ing different dialogues. Proper visualization tools usually indicate participation and inter-
action patterns and gauges of potential learning (Jyothi et al., 2012).

Various studies of visualization tools using learning analytics focus on encoding social 
interactions (Chen et  al., 2018), modeling knowledge construction (Hou et  al., 2015), 
examining discussion content (Lin et al., 2009), understanding the cognitive development 
of students (Schrire, 2004), and conducting various types of correlation analyses to pre-
dict students’ learning outcomes (He, 2013; Macfadyen & Dawson, 2010; Wu & Nian, 
2021). However, the number of studies that have attempted to examine the influence of 
social interactions about text-based content in discussion forums remain limited, due to 
the considerable cost of analyzing large amounts of text-based data, even with data min-
ing technology (Hara et al., 2000; Jyothi et al., 2012), and the lack of a validated analytical 
framework (Goodyear, 2002; Jyothi et al., 2012).

An emerging discipline that integrates visualization, data analysis, and user interaction 
is visual analytics (VA) (Keim et al., 2008; Thomas & Cook, 2006), which leverages the 
human ability to access and evaluate information effectively and efficiently with the use 
of an interactive design of an interface between users and data (Fekete et al., 2008). There 
has been a call to integrate VA into education data sense-making for the benefit of teachers, 
students, and school administrators (Vieira et al., 2018). The systematic review conducted 
by Vieira et al. (2018) pointed out that the future development of visual learning analytics 
should simultaneously address three dimensions: (1) VA should be connected to educa-
tional theory; (2) VA should be connected to the visualization background; and (3) VA 
should apply sophisticated visualization that is interactive, novel and multilevel.
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Moore, in his seminal work on online learning, categorized interaction into three types: 
learner–learner, learner–teacher, and learner–content (Moore, 1989). Learner–learner and 
learner–teacher interactions refer to interpersonal relations in online discussion forums, 
whereas learner–content interaction refers to how learners develop the ideas and whether 
they stay on topic (Moore, 1989). However, analyses of the learner–content level of inter-
action in forums are still lacking (Jarvela & Hakkinen, 2003). Therefore, we categorized 
the interaction levels with the online discussion forum into three types (1) learner–forum, 
(2) learner–learner/teacher, and (3) learner–content—and mapped examples of the visu-
alization tools. We use the phrase “learner–forum interaction” to refer to learners’ engage-
ment and participation in the online discussion, which can be indicated by the degree of (1) 
cognitive and social “presence” in a forum (Garrison et al., 1999), (2) mandatory or non-
mandatory participation (Caspi et al., 2003), and (3) lurking (Beaudoin, 2002). The analy-
sis of visualized learner–content connections is underdeveloped, partly because text data 
are involved. Emerging research has developed prototypes of visualization tools to combine 
text mining and network analysis to deepen our understanding of learner–content connec-
tions in the context of online interactions (Musabirov & Bulygin, 2020). The application 
of visualization tools and data mining techniques can address teachers’ need for assess-
ment tools to reduce the cumbersome manual assessment process (Garrison et al., 2001), 
and students’ need for effective discussions that help them understand public opinions, 
which can increase their socio-scientific reasoning performance (Chen et  al., 2020) and 
social–cognitive engagement (Ouyang et al., 2021). Previous studies using data mining as a 
strategy for assessing synchronous discussion forums have focused largely on investigating 
participation, interaction, and topical focus, which were studied separately (see Table 1). 
However, they have neglected to answer certain questions, such as what the topical focus of 
a specific group of interacting students is and how the strong or weak interactions between 
students influence topic changes or vice versa. In particular, the above methods did not 
focus on visualizing the weak ties of social interactions and topics, which can yield insights 
into unexpected learning; therefore, it is necessary to develop methods to visualize them. 
These previous studies are categorized and summarized in Table 1, revealing the enormous 
potential for visualization tools to comprehensively visualize the data mining results of dif-
ferent levels of connection.

To address the above research gaps, the present study posited the following two consoli-
dated research questions: (1) what is an effective method for analyzing the learner–forum, 
learner–learner, and learner–content interactions on course-based discussion forums? and 
(2) how do we visualize and interpret the interactions to support the assessment of student 
learning?

Related works

Some research has centered on learner–learner interactions; however, the content level of 
such interactions does not explain the nature and dynamics of learning networks (Tawfik 
et al., 2017). In the study conducted by Tawfik et al. (2017), learner interaction was con-
ceptualized under the interaction analysis model (IAM) (Gunawardena et al., 1997). This 
model shows the progression of student interaction from sharing information (phase 1) to 
constructing knowledge (phase 5), allowing for texts to be classified into different phases 
to reveal the nature of the interaction. Although the study used both SNA and content 
analysis for a holistic understanding of the dynamics of student interaction, it discussed 
the student interaction and themes separately. Few applications have addressed multiple 
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aspects of learning, such as behavioral, social, and semantic aspects (Kitto et al., 2016). 
Despite an appeal for more holistic views of learning, meaningfully integrating informa-
tion from multiple analytical aspects remains challenging (Chen et al., 2018). Additionally, 
He (2013) used educational data mining to investigate the significant patterns of participa-
tion and interaction (social presence, teaching presence, and cognitive presence) framed 
by the community of inquiry framework by analyzing online questions and chat messages 
in the context of a live video streaming course. The prominent themes and interaction pat-
terns were outlined in the study, but the holistic interaction network and dynamics were not 
explored. Ouyang et al. (2021) visualized three kinds of network analysis—social network, 
topic network, and cognitive network—to understand students social-cognitive engage-
ment in online discussion. They argued that multiple visual analytics should be integrated 
to understand learning contexts from different angles and empower both active and inactive 
students.

Methods

This exploratory study, which used social network analysis, examined the discussion forum 
data generated in a general studies module and investigated precisely how the strong or 
weak ties between topics influenced learning differently. Two kinds of network were con-
structed. One type of network was the topic relationship (Wei et al., 2016), in which the 
nodes were the topics in the discussion forum posts on the LMS, indicating the prevalence 
of topics in the whole discussion forum and per student as well as the relations between 
topics and terms. The other type of network was the social interaction network (Dawson, 
2010), in which the nodes were the students, and the edges presented the relationships or 
flows between the nodes, reflecting the patterns of densely knit clusters and the extent of 
connectivity based on students’ interaction, thus causing a spectrum of differences within 
the online learning network for a comparative study of the strong and weak ties. With the 
use of text mining, the study intended to combine topic modeling and social network analy-
sis, representing the visual patterns of an online asynchronous discussion forum to con-
struct a learning ecosystem (Aggarwal & Wang, 2011).

Methods

A total of 35 undergraduate students in a general education course called “Technology, 
Entertainment, and Mathematics” at a publicly funded university in Hong Kong in 2016 
formed the convenience census for this improved experiment. The students who took 
this free elective course were in Years 2 to 4 of their 4-year undergraduate programs. 
Informed consent was acquired from the students before data collection and analysis. One 
of the course requirements was to contribute at least one reflective post to an online dis-
cussion forum in the university Moodle LMS environment. The students were asked to 
watch a BBC documentary called “Beautiful Equations” or other relevant movies related 
to mathematics, and then post in the forum their reflections on why and how the movies 
they watched were related to mathematics. Students were required to write their self-reflec-
tions, and were also encouraged to comment on one to three posts of others (self-selected 
peers) with critiques and suggestions; commenting was a way that they could obtain bonus 
credit for the course requirement. Thus, the intensity of learner–forum participation was 
expected and pragmatic. All of these posts were extracted for analysis in our experiment. 
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The selected discussion forum used in our experiment is described in Fig. 1. Sixty-eight 
posts from 35 students who had completed the study module were analyzed. The suggested 
learning analytics approach built upon previous work on capturing the interaction between 
students in an e-learning discussion forum to investigate the degree of students’ skills and 
perspectives within the course (Li & Wong, 2016a, 2016b; Wong & Li, 2016).

We followed the analytic approaches of using both topic modeling (TM) by Latent Dir-
ichlet Allocation (LDA) (Ponweiser, 2012) and social network analysis to examine the 
research questions concerning learner–forum, learner–learner, and learner–content rela-
tionships in the online discussion forum. We defined learner–forum interaction as students’ 
levels of participation, which was measured by the overall number of posts that the stu-
dents contributed to the forum discussion. Learner–learner interaction was the interper-
sonal interaction between students on the online discussion forum, which was calculated 
using social network analysis to identify the authorities and hubs. Learner–content interac-
tion referred to the relationship between students and topics, which was indicated by the 
major and minor topics that students discussed, as well as the major and minor contributors 
of a specific topic.

All of the data were anonymized to ensure confidentiality. For ease of discussion, we 
also set random aliases for the students. We complied with text cleaning procedures to pro-
cess the texts (Weiss et al., 2015). At the beginning of the text processing, all of the words 
were tokenized and stemmed, and the punctuation marks were removed. The stop words, 
the existence of which made no difference in meaning, were filtered out because the num-
ber of these words would have had adverse effects on the calculations by taking up space 
in the corpus. First, we conducted topic modeling of the discussion posts and generated 
significant topics and terms with probabilities in the whole forum and per individual post. 
In doing so, we constructed a document-term matrix, which is a matrix structure describ-
ing the frequency of terms in a collection of documents (Weiss et al., 2015). Four tests of 
measurement were conducted to select the optimal number of topics (Arun et  al., 2010; 
Cao et al., 2009; Deveaud et al., 2014; Griffiths & Steyvers, 2004; Ponweiser, 2012). We 

Fig. 1   Sample reflective posts from students
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visualized the topic prevalence and calculated the distance between topics to investigate the 
variability of topic–topic relationships (Sievert & Shirley, 2014).

LDA is a generative probabilistic algorithm that samples terms from a corpus of docu-
ments randomly using Monte Carlo and presents latent/probabilistic connections of the 
terms by linking them together to form topics. LDA can also be regarded as a form of prob-
abilistic topic modeling of a corpus of documents as a topic is a probability distribution of 
those terms (Ponweiser, 2012). The analysis for the corpus of documents was performed 
based on the discussion forum with students’ postings, which were written in human lan-
guages. Therefore, it was desirable to use a natural language processing (NLP) approach to 
analysis to understand the contents, and LDA is one effective implementation of analyti-
cal algorithms that use NLP concepts (Sun et al., 2017). Therefore, LDA was selected to 
analyze the posts of the students in this study. LDA was designed as a data/text-mining 
algorithm which can be used for big data sets (Tirunillai & Tellis, 2014; Zhang et al., 2007) 
to derive intelligence, but LDA can also be used for small data sets (Krestel et al., 2009; 
Lu et al., 2016). LDA is thus a scalable data/text mining algorithm which can be used for 
both large and small data sets for topic modeling to derive intelligence. LDAvis (Sievert & 
Shirley, 2014) is an implementation of the LDA algorithm that adds web-based visualiza-
tion facilities so that visualization of the user interactions can be possible. LDAvis is an 
open-sourced tool that can be deployed on an ordinary and affordable hardware platform. 
Therefore, most educational institutes can afford to use it without investing in expensive 
hardware and software.

At the same time, we employed social network analysis to understand learner–learner 
interactions. We examined centrality to identify the authorities and hubs (Kleinberg, 1999) 
and to discover the most active and responsive students within the learning network. Addi-
tionally, we detected communities based on the feature of betweenness (Newman & Gir-
van, 2004), by which students were divided into several clusters that had engaged in further 
discussion. In addition, to measure the strongly connected and weakly connected students, 
the strength of ties between students was calculated based on the number of adjacent edges.

The learner–content interaction was examined from two angles. One was the topic–topic 
network of students, which indicated what a particular student had discussed, includ-
ing major and minor topics. The other was the learner–learner network by topic, which 
reflected that within a particular topic, some students were main contributors and some 
were not. This approach allowed us to examine the hidden patterns for unexpected learning 
that might have taken place among the weakly connected students in relation to a particular 
topic. These steps are illustrated in Fig. 2 as a pathway of data analysis of the online dis-
cussion forum posts.

Data analysis

Learner–forum interaction

We calculated the students’ participation in the forum based on the number of posts that 
they had submitted. Based on the instructions of the course requirement, students were 
required to post a self-reflection, and it was suggested that they also comment on one to 
three posts of others. We thus categorized the participation levels of learner–forum inter-
action into (1) full participation (submitted a reflection and commented on three posts); 
(2) partial participation (submitted a reflection and commented on fewer than three posts); 
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(3) limited participation (did not submit a reflection but commented on three posts) and 
(4) minimal participation (did not submit a reflection and commented on fewer than three 
posts). The results showed that three students (Billy, Cat, Jeff) fully participated in the 
online discussion and 11 students partially participated. Two students fell into the category 
of limited participation and 19 students had minimal participation.

Topic selection

We used the metrics from Arun et al. (2010), Cao et al. (2009), Deveaud et al. (2014), and 
Griffiths and Steyvers (2004) to identify the range for selecting the optimal number of top-
ics. These metrics are based on statistical inference algorithms for LDA (Ponweiser, 2012), 
which is a generative model for documents. Each document contains a mixture of some 
topics, and each topic contains a number of terms. While such an algorithm can be used to 
gain insight into the content of documents made up of complex texts, these metrics have 
been shown to select the optimal number of topics that can reflect the meaningful aspects 
of the documents. An optimal number of topics can be decided when the values of the met-
rics based on Arun et al. (2010) and Cao et al. (2009) are minimized and the values of the 
metrics based on Griffiths and Steyvers (2004) and Deveaud et al. (2014) are maximized. 
Figure 3 summarizes the values of the metrics with regard to the number of topics, from 
2 to 30, after the 68 posts were analyzed using R programming language. On this basis, 
we decided that the optimal number of topics fell in a range between four and ten. After 
trials of all of the possible numbers of topics, when the topic number was set to four, we 
obtained four sets of topics that were relatively distinct from each other for analysis.

Fig. 3   Metrics of the optimal number of topics
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Topics and terms distribution

In this case, each document was considered a mixture of four topics. The top six terms 
for each topic are listed in Table 2. Topics 1 and 2 were more closely related to the course 
content, which was mathematics and calculation, whereas topics 3 and 4 were more related 
to the movie content, and each topic emphasized different themes. From this point of view, 
Topics 3 and 4 were beyond the intended learning outcomes. Document term frequency 
(Ponweiser, 2012) was used to describe the statistical distribution of the appearance of a 
term over a corpus of documents. In our case, this method was used to produce a cross 
reference that depicted the distribution of a topic over the corpus of each discussion post. 
Table 3 shows the results of the probabilities with which each topic was assigned to a post. 
In addition, the algorithm assigned each post to the primary topic, which had the high-
est probabilities, and the distribution of assignments is summarized in Table 4 and Fig. 4. 
Posts that had the same probability of 0.25 among the four topics were assigned to each 
topic, and duplicated assignments caused the total number of posts in Table 4 to be over 
68. The results showed that more posts were assigned to topics 1 and 2, which means that 
more posts had higher probabilities of discussing the major topics of mathematics and 
calculation.

Table 2   Top six terms of the four 
topics

Topic 1 Topic 2 Topic 3 Topic 4

1 Mathemat Calcul Watch Movi
2 Life Anim Gambl Dream
3 Math Charact Realli Time
4 Mani Lot Film Find
5 Interest Make Good Earth
6 Student Movement Game Watney

Table 3   Topic probabilities by 
post

Post Topic 1 Topic 2 Topic 3 Topic 4

1 0.1266 0.5601 0.1137 0.1996
2 0.2669 0.3941 0.1992 0.1398
3 0.2101 0.3116 0.2246 0.2536
4 0.2721 0.2721 0.2132 0.2426
5 0.2441 0.3147 0.1382 0.3029
6 0.2905 0.2095 0.2365 0.2635
……
64 0.25 0.2661 0.25 0.2339
65 0.2333 0.2333 0.22 0.3133
66 0.2202 0.3274 0.2679 0.1845
67 0.2230 0.2905 0.2230 0.2635
68 0.2256 0.3841 0.2012 0.1890
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Visualized topic relationship

A holistic view of topic prevalence

We used LDAvis to analyze the posts and topics by calculating the distance and prevalence 
of the four topics. LDA, an algorithm for topic modeling, had been used in our previous 
experiments (Wong & Li, 2016; Wong et al., 2016) as a text mining model for topic discov-
ery based on the generative probabilistic model, which regards each document as a mix-
ture of some topics, with each topic containing certain terms. LDA can uncover the hidden 
thematic structure from a collection of documents and help identify interesting and useful 
patterns. A topic is viewed as a multinomial distribution over many different ranked key-
words of the corpus of some documents to reveal more profound levels of detail to be pro-
vided for analysis. This approach is superior to using only the co-occurrence of keywords 
to determine concepts as relevant, rather than frequent, keywords to form topics.

Furthermore, LDAvis (Sievert & Shirley, 2014), an extension of LDA, was used as a 
data visualization tool in our experiment. LDAvis is a web-based interactive visualization 
tool. It provides a high-level overview of the topics identified from the corpus of the docu-
ment to show their similarities and differences by calculating the distances among them. 
This allows the viewer to consider the meaning and prevalence of these topics by inspecting 
the relevant terms (i.e., keywords) within each found topic. The LDAvis display panel ena-
bles the viewer to better understand how a particular topic can be formed by those relevant 
terms (Fig. 5). The left panel indicates the distance between the topics, whereas the right 
panel indicates the composition of the keywords within a highlighted topic. The size of 
the bubble indicates the prevalence of the topic. The two panels are linked so that viewers 
can browse all of the different found topics together with their components to understand 
the correlations. This critical feature allows viewers to interactively explore the themes of 
the corpus of the document and the associated keywords constituting the themes with rel-
evance figures. LDAvis can provide the key term relevance for a topic model (TM) because 

Table 4   Topic assignment of 
posts

Topic 1 Topic 2 Topic 3 Topic 4

No. of posts 25 22 19 13
Proportion of all posts 59.49% 40.51%

Fig. 4   Topic distribution of 
online discussion forum posts
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it sufficiently visualizes the correlation of terms among TMs and provides an interactive 
platform for users to select specific terms to reveal the related TM distribution (Sievert & 
Shirley, 2014).

In our experiment, the topic model parameter (k) was initiated at 4 for 5000 iterations 
of (G) to execute the likelihood of the MCMC algorithm in LDAvis. The LDAvis graph, 
which contained the visualization results, was generated as shown in Fig.  5. The results 
show that Topic 1 and 2 were closely related, whereas topic 3 and topic 4 were distant 
among the topics.

Topic probabilities by posts

Overall, we can see that the topic probabilities of the posts were relatively evenly distrib-
uted between 0.2 and 0.3 (see Fig. 6). Topic probabilities refer to the proportion of words 
within the corpus for the post that were represented by elements categorized in a particular 
topic. However, some posts had higher probabilities for a particular topic than for other 
topics. For example, posts 1, 7, and 56 had the highest probabilities in topic 2, at more 
than 0.5. Similarly, posts 20 and 27 had the highest probabilities in topic 1. Post 57 had 
the highest probabilities in topic 3. Post 61 had the highest probabilities in topic 4. Partial 
examples of posts are given in Figs. 7, 8, 9, 10, 11. As shown in Fig. 7, post 1 emphasized 
the calculations of movement, and such terms occurred frequently in topic 2 in a way that 
enhanced the student’s understanding of mathematics. Meanwhile, the student who posted 
it also talked about the movie production, referring to “scenes,” “character,” and “colour 
code of the cartoon.” These terms were related to topic 3 and 4, which indicates that this 
was an unexpected response, which may have some learning effects (i.e., unexpected con-
nections of those topics). However, future research is needed to determine whether these 
responses actually led to learning opportunities. Our calculation of topic distribution by 

Fig. 5   Visual overview of LDAvis analysis
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probabilities (topic 1, 0.1266; topic 2, 0.5601; topic 3, 0.1137 and topic 4, 0.1996) also 
validated the topics of post 1.

Topic probabilities by student

Some students heavily discussed one specific topic, whereas others evenly discussed the 
four topics in the online discussion forum (see Fig. 12). For example, Lily was the main 

Fig. 6   Topic probabilities by post

Fig. 7   Forum post example 1

Fig. 8   Forum post example 2
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contributor to topic 1. Chloe and Lewis were the active discussants of topic 2. The identifi-
cation of a discussant as a main contributor to a topic meant that their statements (or state-
ment) were made up primarily of that topic. For topic 3, the variation was not significant, 
but Albert contributed relatively more than did the other students. Elliot had the highest 
probability among all the students of discussing topic 4.

Visualized social interaction

We used igraph (https://​igraph.​org/), an open-source and free network analysis package for 
R programming language, to conduct the network analysis for the data from the discussion 
forum. The data was organized as shown in Table 5, with the visualized results shown in 
Figs. 13, 14 in a directed network.

In our case, the node size was measured based on the degree of the node, i.e., the num-
ber of adjacent edges. Each node represented each student who participated in the online 
discussion forum. The larger the node, the more posts the student received or sent, showing 
that the student was more active. Each edge was associated with a direction and weight. 
Kleinberg’s hub and authority centrality scores were calculated to map the hubs and author-
ities in the online discussion forum (Kleinberg, 1999). The term “authorities” was used 
to refer to a node to which many other nodes were directed, whereas “hubs” were nodes 
that were directed to the authorities. In this case, the authorities were Aya, Billy, Cat, and 
Jeff, who received the most responses, as shown in Fig. 15. Comparing the learner–forum 
and learner–learner interaction, students who fully participated largely overlapped with the 

Fig. 9   Forum post example 3

Fig. 10   Forum post example 4

Fig. 11   Forum post example 5

https://igraph.org/
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center of the social network of learners. The slight difference was due to the measure for 
learner–learner interaction calculating both sending and receiving behaviors, whereas the 
measure for learner–forum interaction counted only the number of comments.

The size of the edge was measured by the betweenness of the edge, which indicated how 
many of the shortest paths passed through the edge (Newman & Girvan, 2004). The thicker 
the edge, the stronger the connection between the two students. Community detection was 
calculated based on the edge betweenness of which the scores measured the number of 
shortest paths (Newman & Girvan, 2004). This algorithm detected seven communities (see 
Fig. 16); the bridges were those edges that were the only paths linking the communities, 
such that their removal would lead to splitting components.

Social interaction by topic

The node size was calculated by the probability that a student would discuss a specific 
topic (see Figs. 17, 18, 19, 20). For example, the size of the node “Lily” in Topic 1 referred 
to the probability that Lily was discussing Topic 1. In contrast to the previously constructed 
networks, the width of the edge was calculated by the centrality of the student, indicating 
the activeness of the student in the online discussion forum. In this case, the width of the 
edge indicated how well the students were connected in terms of social interaction.

Weak ties and unexpected responses

We determined the ties between students to be weak when they had fewer shared edges, 
such that the thickness between the weakly connected students was thinner than that 
between the strongly connected students. As shown in Figs. 17, 18, 19, 20, interestingly, 
the strongly connected students tended to have similar probabilities in topic distribution, 
which meant that they had similar chances of discussing similar topics. For example, Aya 
and Allison were strongly connected, and their probabilities of discussing topics 1 to 4 

Fig. 12   Topic probabilities by student
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Fig. 13   Overview of the online discussion network

Fig. 14   Distribution of node degree and frequency
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were nearly the same. Similar examples could be found in the case of Becky and Mar-
tin, although there were some variations. Conversely, some weakly connected students 
presented a different picture in which they varied in the probabilities. Lewis and John-
son, for example, were weakly connected, and the difference could be observed in their 
probabilities of discussing topics 1 to 4. This is a reflection that weak ties may lead to 

Fig. 15   Online discussion networks of hubs and authorities

Fig. 16   Communities within online discussion networks
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innovative ideas (Siemens, 2005), because students who are weakly connected may dis-
cuss a wider range of topics than strongly connected students. In this sense, weakly con-
nected students can pool together diverse and innovative ideas. However, there were indeed 

Fig. 17   Indicators of student 
prevalence in topic 1 network

Fig. 18   Indicators of student 
prevalence in topic 2 network
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Fig. 19   Indicators of student prevalence in topic 3 network

Fig. 20   Indicators of student 
prevalence in topic 4 network
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some exceptions of students who were weakly connected and had similar patterns in topic 
distribution.

All of the students had some unexpected responses when they were posting in the dis-
cussion forum because they were discussing both mathematics and the movie, but the dif-
ference lay in the degree. In addition, as shown in Fig. 5, topics 1 and 2 were relatively 
more strongly connected than other relationships among topics. Chloe had fewer probabili-
ties in topic 1, and we reviewed her post and found that it discussed issues beyond math-
ematics. Her post discussed the characters in the movie, so it was related to topic 2. Addi-
tionally, she discussed the concept of time and time management, which was an example of 
unexpected learning in the discussion (see Fig. 21 for the example).

Another example was Elliot, who appeared to be the primary content contributor to 
topic 4, as shown in Fig. 22, indicating a relatively higher level of unexpected responses. 
This example showed how Elliot developed ideas about mathematics from movies and life 
examples. These elements were intertwined in the reflective posts. In Fig. 23, Elliot dis-
cussed gambling, which seemed to have no connection with mathematics. However, Elliot 
learned the lesson, “don’t be addicted to gambling,” which was not the intended learning 
outcome of this course but was an example of serendipity, from which the student could 
benefit beyond the classroom.

Constructing topic-dependent social networks can shed light on the formation and 
dynamics of innovation, serendipity, and creativity. We can draw information from both 
social interaction and topic relationships. On the one hand, weaklyconnected topics (for 
example, topic 1 and topic 4 in our study) were largely irrelevant. However, the students 
were able to connect weaklyconnected topics in their discussion posts, which shows 
their ability to make connections to diverse topics. In this case, topic 1 and topic 2 were 
closely related to the course content, whereas topic 3 and topic 4 were largely unrelated, 

Fig. 21   Forum post example 6

Fig. 22   Forum post example 7
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demonstrating the unexpected learning that goes beyond the intended learning outcomes 
that students generated innovative and creative ideas from the course-related topics. We 
can thus see that weak ties in social interaction and topic relationships, often considered 
together, can yield insights into how innovative ideas are formed and developed.

Discussion

Teachers usually want to know how their students are performing and what they are think-
ing. However, it is difficult and very time-consuming to read all online discussion forum 
threads in detail to glean this information. By using the text mining technique, teachers 
may come to understand how students develop their topics and more efficiently understand 
the dynamics of different topics. By using this visualization methodology, we can analyze 
(1) learner–forum, (2) learner–learner, and (3) learner–content social interactions, showing 
the changing dynamics among topics.

The topics in the analyzed online discussion forums had four themes. The algorithm 
did an excellent job of assigning the posts to different topics. This confirmed that topic 
models can produce two kinds of distribution: (1) the distribution of topics by their 
proportion in each text and (2) the distribution of words by the probability that they are 
related to each topic. In light of this, the results are to be interpreted in terms of the most 
probable words and text within the prevalent topic of interest (Musabirov, & Bulygin, 
2020). Some of the topics were the hubs of the discussion (Wu & Nian, 2021). Among 
them, topics 1 and 2 were closely related to the course content, whereas topics 3 and 4 
were comparatively irrelevant. Based on the topic assignment results, more posts were 
likely to be related to topics 1 and 2, as these two topics were about mathematics and 
calculation, which were the intended learning outcomes of the course. However, there 
were also some posts corresponding to topics 3 and 4. From this, we concluded that 
topics 1 and 2 were the major topics in the discussion forum, and topics 3 and 4 were 
the minor ones. In other words, topics 1 and 2 were strongly connected to each other. In 
addition, the combination of topics 1 and 3, topics 1 and 4, topics 2 and 3, topics 2 and 
4, and topics 3 and 4 were weakly connected. When we examined the topic probabilities 
post by post, we found that some posts were predominantly focused on specific topics, 
whereas others were not. This is also referred to as the public opinions effect of online 
discussion forums, in which different students begin to use words similarly, reflecting 
the way that being exposed to public discussion gradually influences individuals’ word 
choices (Chen et al., 2020).

Fig. 23   Forum post example 8
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The students interacted with each other on different levels, as shown in Figs. 12, 13. 
This provided evidence for the social capital that students built through strong or weak 
social ties by working with their peers on the online course blog (Kandakatla et  al., 
2020). The majority of the degree of vertices were below two, with some having higher 
degrees between 12 and 14, meaning that the majority of students were not active in the 
online discussion forum. As Figs. 14, 16, 17, 18, 19 show, there was no apparent rela-
tionship between the opinion leaders in the four topics and the authorities and hubs in 
the overall online discussion network as were calculated by the degree of nodes, regard-
less of the context, meaning that the topic leaders were different from the forum authori-
ties. This demonstrates that multiple visual analytics that combine social network analy-
sis and text mining techniques are needed to have a comprehensive understanding of 
forum dynamics (Ouyang et al., 2021).

We visualized the topic-based social interaction, as shown in Figs.  16, 17, 18, 19, 
representing the different interactions among different topics. These visualizations 
established the connections between the entities in texts, demonstrating who or what 
was mentioned together in the discussions (Musabirov & Bulygin, 2020). Such a vis-
ualization can allow teachers to identify the significant contributors to specific topics 
related to the intended learning outcomes, and can help students determine whether 
their posts are on or off topic. In addition, we found that it was around weakly connected 
topics where unexpected learning usually took place. This finding echoes a previous 
study that found that socially active students could sustain a high level of social elicita-
tion and responsiveness, whereas peripheral students could form self-awareness of the 
learning process (Ouyang et al., 2021). Students’ levels of learner–forum interaction do 
not reflect their learner-content interaction levels, because the former type of analysis 
is content–independent (counting the number of posts) whereas the latter is content-
dependent. An awareness of this distinction was the reason why our study focused on 
learner–content analysis rather than students’ levels of participation, because the latter 
does not take the content of discussion into consideration.

By combining analyses of social network analysis and topic modeling, this study 
contributes to visual analytics by providing a prototype for analyzing content-depend-
ent social networks and visualizing the content-level of social interaction (Tawfik et al., 
2017). An integrated view of the formation of networks (Aggarwal & Wang, 2011) is 
presented in the nuanced picture of how students’ interaction can change when different 
topics are discussed. Learner–forum interaction can yield insights into the behavioral 
aspects (You, 2016) of the collaborative learning processes, and learner–content inter-
action has implications for the semantic aspects (Dicheva & Dichev, 2006).

This study adds to the literature of social constructivism by contextualizing LMS, 
which are composed of student interactions and topic networks. The connectivity of 
these networks shapes students’ learning process and how they articulate and develop 
topics, posts, and ideas. Siemens (2005) suggested that the weak ties theory plays a role 
in examinations of knowledge creation, discovery, and serendipity. The results of this 
study support this argument and demonstrate that weak ties, both in social interactions 
and topic relations, have value in relation to students’ unexpected learning. In addition, 
this study provides empirical evidence supporting Kop’s (2012) statement that a higher 
level of serendipity can be achieved if the information provider is somewhat distant 
from the information collector.
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Limitations

The study had several limitations. The calculations did not take into account the real-life 
relationships among the students, which might have influenced their online interactions. 
The data were captured as a snapshot to gain a holistic view of the interactions between 
weak ties, topics, and serendipity in a nuanced way. However, this method might have over-
looked the time series formation of the online discussion network. Further research could 
include more student attributes, such as grade and gender, for further analysis. The network 
formed at different points in time could be examined to study the evolution of networks and 
causal relationships.

The algorithm is not perfect, which means there may be some errors in calculating the 
topic probabilities. However, the outcomes that it produced in this study were accurate 
enough for a meaningful discussion. Therefore, this study was exploratory, and used case 
analyses to interpret topic probabilities by triangulating different aspects of data, reflective 
posts, topic probabilities, and social network attributes.

Enhancements

The tool is being developed further to allow its features to be embedded within Moodle so 
that the data can be extracted automatically from the LMS. This will allow the feedback 
and visualization to be provided instantly to both students and teachers while the online 
discussion is being generated. This will provide instructors with a new and systemic per-
spective for understanding what students discuss in online discussion forums, thus aiding 
in formative assessment. Instructors may be able to use the topic visualization in innova-
tive ways during the learning process, such as by developing timely prompts to facilitate 
student discussion on the prescribed topics. Meanwhile, students may be able to use the 
visualization of how they developed the topics as a guide for learning how to develop their 
discussion.

The writing styles and the choices of keywords used by forum content contributors also 
have an impact on readability. Therefore, automated tools that can help students better 
understand their performance without having to read the online contributions of all of the 
other students may be helpful.

Existing methods of learning analytics seem to focus on analyzing data collected from 
learners for the purpose of understanding the degree to which expected learning out-
comes have been achieved. The innovation and creative elements of students’ unexpected 
responses have been less explored, but such explorations may become a trend in curricu-
lum design and may be pursued by some educators. Limited studies have addressed how 
serendipity (Merton & Barber, 2006) may occur among students through their participa-
tion in LMSs as a by-product of collaborative online learning and, more importantly, how 
unexpected responses in a discussion forum can be identified. The concept of serendipity 
may be worth exploring because through serendipity, accidentally relevant and surprisingly 
useful links can be identified for generating innovation. Both teachers and students could 
further explore these links to foster innovative learning and teaching.

In light of this, this study points to possible future research avenues. First, given that 
this study was exploratory in nature and had a small sample size, it is suggested that the 
study be replicated with a larger sample size. Second, a longitudinal study could further 
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explore the changes in major topics over time when more students interact in a discussion, 
such as in the context of Massive Open Online Courses. Third, further studies could exam-
ine the extent to which the learners’ familiarity with each other in real life might influence 
their online interactions.

Conclusion

This paper presents an exploratory study examining the interplay between topic relation-
ships and student interactions and how the confluences can be used to visualize student 
learning and unexpected responses in online discussion forums. The findings of the study, 
based on the weak ties theory, open the door to the visualization and measurement of unex-
pected learning. The development of more advanced text mining techniques, such as those 
used in this study, can allow for topics to be assigned more accurately. The results show 
that within online discussions, there is a divide between major topics, which are more 
related to course content, and minor topics, which are related to unexpected learning. Addi-
tionally, students who are not main contributors to major topics might steer the discussion 
to other topics through their unexpected responses. The findings pertaining to unexpected 
responses and serendipitous learning in online discussion forums also highlight the need to 
take both weak ties in social interaction and topic relationships into consideration. Under-
standing the discussion content and context in which the online social interactions are situ-
ated can contribute to a more holistic view of the learning process. This can lead students 
to better understand their process of learning, how they form topics, and their unexpected 
responses. The proposed visualization tool, which depicts the dynamics of topic relation-
ships, social interactions and topic-dependent interactions, can also help teachers effec-
tively evaluate how their students learn and whether they have achieved the expected learn-
ing outcomes or gone beyond them. Although this exploratory study had some limitations, 
it was able to analyze an online discussion on an asynchronous forum in terms of its social 
interactions (networks) and the topic changes that occurred, developing a technique to vis-
ualize these interactions. The study sheds light on a research area that bridges social inter-
actions and topical relationships, which has seldom been addressed before. It also high-
lights directions for future research, such as the investigation of forum context, discussion 
content, and social interaction in an integrated way, which could yield insights that allow 
the better visualization and interpretation of interactions, thereby providing further support 
for the assessment of students’ learning.
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