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ABSTRACT

ONDISCUSS: VISUALIZING ASYNCHRONOUS ONLINE DISCUSSIONS THROUGH AN

EPISTEMIC NETWORK ANALYSIS TOOL

Asynchronous online discussions are common assignments in both hybrid and online courses

to promote critical thinking and collaboration among students. However, the evaluation of these

assignments can require considerable time and effort from instructors. We created OnDiscuss, a

learning analytics visualization tool for instructors that utilizes text mining algorithms and Epis-

temic Network Analysis (ENA) to generate visualizations of student discussion data. Natural lan-

guage processing and text mining techniques are used to generate an initial codebook for the in-

structor as well as automatically code the data. This tool allows instructors to edit their codebook

and then view the resulting ENA networks for the entire class and individual students. Through

empirical investigation, we assess this tool’s effectiveness to help instructors in analyzing asyn-

chronous online discussion assignments.

Our findings highlight several key insights regarding the implications of this tool for enhancing

the accessibility and usability of ENA as a learning analytics visualization tool. OnDiscuss is help-

ful to those unfamiliar with ENA since it abstracts many of the intricacies of ENA by providing

an easy interface to manipulate a codebook and thus the resulting ENA networks. Future refine-

ments, such as the addition of a baseline ENA model, can make it more helpful to those familiar

with ENA. Despite the tool’s automated keyword generation capabilities, it is clear that instructor

intervention remains crucial for refining the codebook. Therefore, while automated techniques like

Latent Dirichlet Allocation (LDA) provide valuable insights given a large amount of data, these

processes must be complemented by expert guidance.
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Chapter 1

Introduction

The widespread integration of digital technology in higher education impacts both teaching and

learning practices, enabling access to data primarily derived from online learning environments that

can be leveraged to enhance student learning. Online learning has become an integral part of higher

education facilitating both synchronous and asynchronous interaction in virtual environments [2].

Thus higher education institutions are implementing Learning Analytics (LA) systems to better

understand and support student learning [3]. According to the 1st International Conference on

Learning Analytics and Knowledge, learning analytics is “the measurement, collection, analysis

and reporting of data about learners and their contexts, for purposes of understanding and opti-

mising learning and the environments in which it occurs” [4]. Learning analytics has significant

potential to drive personalized and adaptive educational experiences.

Given the importance of understanding student interactions, it is crucial to recognize that social

interactions play a significant role in the learning process. Vygotsky’s [5] social learning theory

states that learning occurs primarily within social and cultural settings where students interact with

their peers, teachers, and parents as active participants to construct their own knowledge. In this

framework interpersonal interactions and discussions are a vital part of teaching and learning [6,7].

Therefore, asynchronous online discussions are a common tool to facilitate social interactions in

both hybrid and online courses [8, 9]. Asynchronous online discussions offer many benefits to

students such as a deeper understanding of course material [10], more effective communication

with group members [10], improvements in critical thinking and writing skills [8], and increased

student performance in meeting learning outcomes [11].

However, despite these benefits, instructors face challenges in assessing students’ contribu-

tions [12]. According to de Lima et al. [12] this is due to difficulties in following the discussions,

the lack of specific reports related to the subjects discussed, the students’ contributions to those

subjects, and the lack of visualizations to convey messages in a graphical format.
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1.1 Epistemic Network Analysis

In order to address some of those difficulties, Epistemic Network Analysis (ENA) has been

presented as learning analytics visualization tool to show the relationships among the different

concepts students discuss in an asynchronous online discussion [1].

ENA was developed to model cognitive networks based on the fundamental theories of learning

analytics that the structure of connections among cognitive elements is more important than the

mere presence or absence of those elements in isolation [13]. Shaffer [13] characterized learning

as the development of an epistemic frame, a pattern of associations among knowledge, skills, and

habits of mind. Based on these theoretical foundations, ENA models the structure and weight of

these connections among cognitive elements as a dynamic network.

Now in order to tag and discover these elements found in qualitative data such as student dis-

cussion posts, researchers must code the data. Coding is the process of labeling segments of data

with tags or codes that represent specific themes, concepts, or categories [14]. This helps re-

searchers organize and make sense of qualitative data, such as interviews, focus group discussions,

or open-ended survey responses and is predominantly used in the social sciences. There are many

types of coding and ways to arrive at a codebook. Researchers may generate the codes from the

data, theory, or literature from the field and then perform a long process of identifying, organizing,

aggregating, refining, and applying the codes. It is a rigorous procedure to not only define a code-

book but then also code the data. Despite the rich data analysis that can emerge from coding, it is

fundamentally a very labor intensive and challenging task [15].

The researchers in Moraes et al. [1] created an "a prior" codes that represented concepts that

students were learning and thus should connect in online discussion. By manually coding the

student discussion posts they were able to create ENA networks such as Figure 1.1.

A key assumption of using ENA to model any kind of network is that the structure of the

connections in the data is the most important in the analysis [13]. So much like the fundamental

theories of learning it’s the structure of those connections rather than the presence or absence of

elements in isolation. The connections among elements are derived from each unit of analysis (e.g.,

2



Figure 1.1: Group Average Network from Moraes et al. [1]

study subject) based on the code co-occurrences in the data subsets, called stanzas (e.g., sentence,

paragraph, or document). Codes that occur within the same stanza receive a 1, and codes that do

not co-occur receive a 0. The following are important aspects of an ENA network [16]:

• Nodes represent individual codes.

• Links or connections between nodes represent the strength of association of those codes.

This is proportional to the relative frequency of their co-occurrence. The thickness of the

lines between the codes indicates the strength of connections, thicker lines indicate stronger

connections, whereas thinner lines indicate weaker connections.

• Co-occurrence of two codes means that they are both interpretations of the data in the same

temporal context.

• Centroid summarizes the network as a single point in space. This allows comparison among

different networks because centroids located close together represent networks with similar

patterns of connections, while centroids located far apart represent networks with different

patterns of connections.
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1.2 Motivation and Contributions

The motivation behind this thesis was based on the initial work done in Moraes et al. [1].

Based on Moraes et al. [1], we submitted a project proposal to our university’s teaching innovation

grant to examine the use of ENA as a visualization tool. One piece of feedback provided by the

reviewers was that instructors would not have time to be involved in the coding process, even if

that process used nCoder [17]. The reviewers pointed out that they would like to have access to

the visualization but not have the “burden” to build the codes. However, they would be willing to

provide keywords that should be present in the codes.

Considering that feedback, as a part of my undergraduate work, we decided to apply text mining

and Natural Language Processing (NLP) algorithms to automate the extraction of codes from data

and use the keywords that were provided by the instructors as guiding input to the algorithms [18].

We found that Latent Dirichlet Allocation (LDA) with 5 topics produced the most codes provided

by humans manually coding the data. Then we wanted to compare ENA networks constructed by

manual human coding versus automated coding with the addition of provided keywords (Chapter

3). The networks showed no statistical difference from one another. We then developed a com-

plete ENA learning analytics visualization tool, OnDiscuss, utilizing the same LDA algorithm and

allowed instructors to modify the generated codebook. A case study on two instructors revealed

the OnDiscuss’s ability to support instructors when evaluating their course’s asynchronous online

discussions (Chapter 4).

This work explores the use of ENA as a learning analytics visualization tool to support instruc-

tors in evaluating asynchronous online discussions. This thesis is a culmination of several works

completed and published during my studies.

4



Chapter 2

Literature Review

2.1 Topic Modeling

When dealing with very large text datasets, manually coding all of the text becomes imprac-

tical. Recent advancements in machine learning and natural language processing (NLP) enable

the automatic identification of patterns in data that may elude human detection, as well as specific

instances of existing codes that might be overlooked. One of the most widely used NLP techniques

for automated coding is topic modeling. This method analyzes a large dataset to create clusters of

words, known as topics, each characterized by a probability distribution that assigns likelihoods

to the words within the data. The words with the highest probabilities help convey the "meaning"

of the identified topics. Therefore, statistical and machine learning tools such as nCoder [17] and

LightSIDE [19] have emerged.

Previous works such as Cai et al. [20] utilized nCoder for topic modeling for two large datasets,

one from a medical education course and another from engineering design teams participating in

an educational simulation, investigating how close the human codes were to the codes identified

by nCoder. Another work compared the performance of neural networks in a supervised learning

manner with nCoder to assess which approach required the least human coding effort while achiev-

ing a sufficient and accurate classification [21]. In their comparison, they indicated nCoder had a

higher accuracy. However, nCoder is not fully automated. It requires human in the loop to read

through the text and validate if the coding is conceptually valid. It also suffers from low recall.

nCoder+ [22] aimed to improve low recall issue in nCoder through semantic component addition.

Our work in Saravani et al. [18] has several distinctive features from prior works. First, the

initial codebook is completely automated and created through Latent Dirichlet Allocation (LDA).

Second, we utilize coherence analysis [23] to identify the optimal number of topics in the discus-

sion data, thus avoiding arbitrary selection of the number. Finally, while human intervention is

5



not needed for the initial codebook generation, instructors are then able to manually edit the initial

codebook by removing, adding, and renaming keywords.

2.2 ENA Applications and Uses

Epistemic Network Analysis (ENA) has been used as an analysis technique in several different

domains such as health care [24], politics [25], history [26], and psychology [27]. ENA has been

used to support many facets of education and learning in several areas [28–30]. A growing area

of interest for ENA is its application as a visualization tool [31] to help instructors evaluate clin-

ical team simulations [32], support teachers’ interventions in students’ virtual collaboration [33],

evaluate teamwork [34]. Vega and Irgens [35] introduced participatory quantitative ethnography

(QE) which includes participants in co-construction and co-interpretation of ENA models. This

work demonstrates the deeper analysis that arises from interpretations of data by modifying codes,

adding/removing connections, and reacting to codes. All of these studies utilized different coding

strategies to code the data used in the ENA visualizations.

2.2.1 ENA in Collaborative Learning

ENA has been used in several works related with collaborative learning in asynchronous online

discussions [36–39]. Rolim et al. [36] used ENA to provide insights on the relationship between

social and cognitive presence in asynchronous online discussions. The work was based on the

Community of Inquiry (CoI) model defines three dimensions that mold the learning experience

(social presence, cognitive presence, and teaching presence) and assumes an overlapping relation-

ship among the three presences that enhance the students online learning capability. Scianna and

Kaliisa [39] proposed an analysis workflow and visualization method called Social Sentiment Em-

bedded Epistemic Networks (SSEEN) which combines ENA and sentiment analysis (SA) to con-

sider how sentiment manifests and explores its usefulness in understanding student interactions in

asynchronous online discussions.

6



Gašević et al. [37] proposed the use of social epistemic network signature (SENS), which

combines ENA and Social Network Analysis (SNA) to analyze collaborative learning. ENA was

related to the content of the student discourse and SNA was used to link that to the roles the

students played in their communities. Each analysis technique was independent of one another and

thus resulted in two separate networks. Swiecki and Shaffer [38] extended SENS and proposed the

integrated social-epistemic network signature (iSENS), an approach that provides the simultaneous

investigation of cognitive and social connections in collaborative learning from a single network

combined from both ENA and SNA.

Overall ENA has been used by itself and in conjunction with other analysis techniques to

fully understand the many aspects that go into collaborative problem solving. While the social

presence, role, and sentiment of a student does impact their collaborative learning, in this thesis

we are entirely focused on the content the student is discussing.

2.2.2 Need for an Instructor Tool for Visualizing Learning with ENA

ENA has been used to visualize many aspects of learning and education [32]. Fougt et al. [40]

analyzed instructors’ ability to assess student papers and considered a different range of number

of topics in order to capture different levels of complexity of the ENA models. Visually, ENA

had the potential to indicate the quality of the student assignment. The instructors reported it

can be difficult to choose the correct number of codes and keywords and that it should be left

to the instructor to make that informed decision. Thus demonstrating the need for instructors to

be able to edit their codebook for multiple iterations. Herder et al. [33] created an ENA tool

integrated into a virtual internship for teachers to support students. While the teachers all valued the

possibilities this tool provided in supporting students’ work, two of the three teachers interviewed

reported either having difficulties interpreting the networks or it using a lot of cognitive energy to

understand. While the teachers’ experience with ENA was not mentioned, for the study presented

in this thesis instructors received a short presentation introducing them to ENA.

7



Unlike previous works that used ENA in collaborative learning analysis, this work combines

LDA and ENA in a tool that: builds an initial codebook for instructor, automatically codes the

data of asynchronous online discussions using that initial codebook, and generates individual ENA

visualizations of student’s content connections. In addition, past works do not have the ability to

modify the codebook and thus instantly update the ENA model on their own without any researcher

intervention.

8



Chapter 3

Combining Automated Coding and Instructor Input1

3.1 Introduction

In this work, we aim to use the automatically generated codes provided in Saravani et al. [18] to

code the same dataset used in Moraes et al. [1]. Then evaluate the quality of the automated coding

with the human coding presented in Moraes et al. [1] by interrater reliability. If necessary we then

improve the automated code generation in order to reach a satisfactory interrater reliability between

algorithm and human. Applying the codes that were automatically generated in the creation of

ENA visualizations. Analyzing and evaluating those ENA visualizations with human coded ENA

visualizations. Validating both ENA visualizations with instructors.

In this paper we aim to answer the following research questions:

• RQ1. What is/are the difference(s) between the ENA visualizations generated using an

automated coding process and a human coding process for the data presented in [1]?

• RQ2. How does an instructor evaluate the ENA visualizations generated?

3.2 Methodology

The main goal of our approach was to extract topic keywords from a relatively small online

discussion dataset using Latent Dirichlet Allocation (LDA) [42], use those keywords to automat-

ically code asynchronous online discussion data, and generate ENA visualizations based on that

data. In this section, we describe how we automated this process.

1The content of this chapter was adapted from the published work, Marcia Moraes, Sadaf Ghaffari, Yanye Luther, and

James Folkesdtad. Combining automatic coding and instructor input to generate ena visualizations for asynchronous

online discussion. In Golnaz Arastoopour Irgens and Simon Knight, editors, Advances in Quantitative Ethnography,

pages 381–394, Cham, 2023. Springer Nature Switzerland
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3.2.1 Dataset Preprocessing

The data utilized to investigate the research questions comprised of online discussion posts

from seven semesters: Fall 2017, Fall 2018, Fall 2019, Spring 2020, Fall 2020, Spring 2021, and

Fall 2021. The data consisted of 2,648 postings collected from an online class for organizational

leaders as part of a Masters of Education program at a Research 1 land-grant university. Table 3.1

represents prior codes in our dataset.

The problem of interest was based on code retrieval. This highlighted the importance of the

preprocessing step in our setup. The preprocessing steps in our automatic extraction task consisted

of tokenization, lowercasing, named-entity removal, stop words removal, in-document frequency

filtering, and generating bigrams and trigrams since our interest was to retrieve the code containing

two or three words.

Table 3.1: Priori codes

Code Name Definition Kappa (κ)

Retrieval practice,

Spacing out prac-

tice, Interleaving

Retrieval practice is the act of recalling facts or con-

cepts or events from memory and are also known as

testing effect or retrieval-practice effect. Spacing out

practice allows people to a little forgetting that helps

their process of consolidation. Interleaving the prac-

tice of two or more concepts or skills help develop the

ability to discriminate later between different kinds of

problems and select the better solution.

0.85

Illusion of mastery

Researches have pointed out that students usually have

a misunderstanding about how learning occurs and en-

gage with learning strategies that are not beneficial for

their long-term retention, such as rereading the mate-

rial several times and cramming before exams.

0.89

Effortful learning

Learning is deeper and more durable when it is ef-

fortful, meaning that efforts, short-terms impediments

(desirable difficulties), learning from mistakes, and

trying to solve some problem before knowing the cor-

rect answer makes for stronger learning.

0.85

Get beyond learn-

ing styles

Researchers found that when instructional style

matches the nature of the content, all learners learn

better, regardless of their learning styles.

0.86
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3.2.2 Latent Dirichlet Analysis

We aimed to determine which codes are associated with each discussion post, i.e. in each

document, and extract them. To accomplish this we used LDA [42], a generative probabilistic

model, to extract the codes from the online discussion data to help understand what topics were

discussed in the course. In order to find high probability words within each topic, the number of

topics was set to 5 to get the high topic coherence score [?,23]. Table 3.2 shows the extracted words

for each topic. In Table 3.2, Topic 1 code words are associated with Effortful learning code, Topic

2 code words are associated with Get beyond learning styles, Topic 3 code words are associated

with Illusion of mastery, and Topic 4 code words are associated with Retrieval practice, Spacing

out practice, and Interleaving. Only Topic 0 did not represent any codes.

Table 3.2: Five topics extracted by Latent Dirichlet Allocation

Topic 0 Topic 1 Topic 2 Topic 3 Topic 4

lecture desire dylexia confidence mass

solution desire_difficulty learn_style feedback mass_practice

classroom plf* individual calibration interleaving_practice

surgeon resonate learn_differ confidence_memory space_retrieval

acquire parachute disable accuracy tend

instruct fall intelligent peer day

learn_learn land prefer answer long_term

impact jump support event week

demand parachute_land dyslex state myth

lecture_classroom land_fall focus calibration_learn practice_space

∗Stands for Parachute Landing Fall.

3.3 Experiments

With the LDA extracted keywords for 4 topics, we conducted experiments with those keywords

alone as described in 3.3.1, and along with the keywords identified by the instructor as described

in 3.3.2 and 3.3.3.
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Table 3.3: Interrater reliability between automated coding process and human coding process.

Code Cohen’s (κ)

Effortful Learning 0.23

Beyond Learning Styles 0.77

Illusions of Mastery 0.52

Retrieval Practice, Spaced out Practice, Interleaving 0.36

Table 3.4: Interrater reliability between Automated + Human Keywords (A+HK) coding process and Hu-

man (H) coding process.

Code Cohen’s (κ)

Effortful Learning 0.70

Beyond Learning Styles 0.81

Illusions of Mastery 0.79

Retrieval Practice, Spaced out Practice, Interleaving 0.79

3.3.1 Experiment 1

Following the results obtained from 3.2.2, we automatically generated a well-formatted table

[13] in which each row consisted of: post entry number, user id, date and time for that post entry,

actual discussion post data, and list of codes with 1’s or 0’s corresponding to the existence or no

existence of the specific code in each post. The table was entered into the ENA webtool in an Excel

format [43]. We then ran interrater reliability between the automated coding and the human coding

provided by [1]. Table 3.3 presents the Cohen’s kappa results for each code.

Table 3.3 shows the only code that had a Cohen’s kappa moderate level of agreement [13]

was the Beyond Learning Styles code. Illusion of Mastery had a weak level of agreement and the

remaining codes had minimal level of agreement. In order to improve those numbers, we had asked

the instructor, who manually coded the data, to provide us with keywords that we could include in

the automatic process.
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Table 3.5: Comparison of strength of connections between Automated + Human Keywords (A+HK) coding

process and Human (H) coding process.

Connection Strength (A+HK) Strength (H)

illusions and retrieval-interleave 0.40 0.36

beyondLS and retrieval-interleave 0.32 0.28

effort and retrieval-interleave 0.30 0.27

beyondLS and illusions 0.27 0.18

effort and illusions 0.27 0.28

effort and beyondLS 0.21 0.22

3.3.2 Experiment 2

After receiving the keywords from the instructor (Table 3.6), we combined extracted keywords

from LDA and keywords from instructor and generated a new well-formatted data table containing

the same elements present in the data table from Experiment 1. Table 3.6 demonstrates that some

of the keywords provided by the instructor were very similar to each other. In order to preserve

the instructor’s process, those keywords were not changed since they were used in the instructor’s

process of manually coding the data.

Table 3.4 presents the Cohen’s kappa for the interrater reliability between the automated pro-

cess with instructor’s provided keywords and the human coding. Compared to simply using the

automated extracted codes, the level of agreement increased. Effortful learning and Retrieval Prac-

tice, Spaced out Practice, Interleaving codes, which previously had minimal level of agreement

increased to a moderate level of agreement. Illusion of Mastery which had a weak level also in-

creased to a moderate level, and Beyond Learning Styles, which had a moderate level increased to

a strong level of agreement.

3.3.3 Experiment 3

The third experiment consisted of using the well-formatted data table produced from Experi-

ment 2 and the well-formatted data table provided by [1] to create a joint well-formatted table that
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Table 3.6: Keywords provided by the instructor.

Code Name Definition

Effortful Learning
difficult, difficulties, mistakes, failure, effortful learning, desirable diffi-

culty, desirable, effortful

Beyond Learning Styles instructional style, learning styles

Illusions of Mastery

illusion of mastery, illusions of mastery, misunderstanding, illusion of

knowing, illusions of knowing, illusion of learning, illusions of learning,

re read, cram

Retrieval Practice,

Spaced out Practice,

Interleaving

retrieval practice, retrieval process, testing effect, test effect, recall knowl-

edge, retrieval, actively retrieving, periodically testing, retrieval activ-

ity, retrieval activities, low stakes, effective retrieval must be repeated,

flash cards, quizzing, practice and retrieval, quiz over time, continually

retrieve the information, frequently quizzing, retrieval practice activity,

retrieval practice activities, testing efforts, active retrieval, practice, test-

ing for its benefit in the learning process, short quiz, active recall, pro-

cess of retrieval, practice sessions, self testing, recall the information,

RPA, RPAs, spacing out, spacing out practice, spaced practice, spac-

ing practice, spaced out practice, spaced out, spaced retrieval, space re-

trieval, space practice, retrieval spaced, retrieve spaced, spaced applica-

tion, spaced knowledge, space knowledge, spaced retrieval, retrieval prac-

tice is spaced, interleaving, interleaved practice, interleave, interleaved

included an additional column, named source, to generate the ENA visualizations using the ENA

webtool. All rows that contained data generated by the algorithm were labeled "algorithm" for the

source column and all rows that contained human manual coding were labeled "human" for the

source column.

We used the four codes produced by our approach described in Section 3.2.2. These codes were

validated with the instructor to represent the concepts that the students were learning and therefore

the concepts that the students should’ve connected in that online discussion. Those codes were

Effortful Learning (represented simply as effort in ENA), Beyond Learning Styles (represented as

beyondLS in ENA), Illusions of Mastery (represented as illusions in ENA), and Retrieval Practice,

Spaced Out Practice, Interleaving (represented as retrieval-interleaving in ENA). As described in

Experiment 2 and in Table 3.4, the interrater reliability using Cohen’s Kappa reached at least

κ = 0.70 for all the codes.
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As we were interested in the individual student’s network of concepts, both units of analysis and

stanzas were students (i.e., all student messages) with an infinite stanza window. That configuration

enabled us to visualize the connections between the codes for each student. To compare the model

generated by the algorithm and the model generated by the human coder, the source column from

our well-formatted data table was used.

3.4 Results

We analyzed the results produced by each data table to detect similarities and differences be-

tween the two models generated. After that, we had a meeting with the instructor to present the

results to them and evaluate the two models produced. In this section we present the results from

ENA generated using data from Experiment 3 and the evaluation process conducted by the instruc-

tor.

3.4.1 ENA Models

Figure 3.1a presents the group average network graph created using data from the automatic

coding + human keywords (A+HK) process. The thickness of the lines between the codes indi-

cates the strength of connections. Thicker lines indicate stronger connections, whereas thinner

lines indicate weaker connections. The results indicated that for the A+HK process the strongest

relationship was between the codes illusions and retrieval-interleave, followed by beyondLS and

retrieval-interleave, and effort and retrieval-interleave. BeyondLS and illusions and effort and il-

lusions had the same strength in relationship. The weakest relationship was between effort and

beyondLS, as shown in Table 3.5.

Figure 3.1b presents the group average network graph created using data from the human cod-

ing process. Results show that the strongest relationships were between illusions and retrieval-

interleave, followed by beyondLS and retrieval-interleave and effort and illusions. After that, the

strongest relationships were between effort and retrieval-interleave and beyondLS and effort. Be-

yondLS and illusions connection had the weakest relation as we can observe from Table 3.5.
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(a) ENA Network from the A+HK coding pro-

cess.

(b) ENA Network from the H coding process.

Figure 3.1: A+HK and H Resulting ENA Networks

As shown by Figures 3.1a, 3.1b, and Table 3.5, both coding processes generated the same rela-

tionships between all the codes, with some differences between the strengths in the relationships.

Figure 3.2 shows the difference between the A+HK model (named algorithm in the figure) and the

human model, meaning that the A+HK made stronger connections between illusions and retrieval-

interleave, beyondLS and retrieval-interleave, effort and retrieval-interleave, and beyondLS and

illusions codes.

Using the ENA webtool, we performed a statistical analysis to verify that the difference be-

tween the two models was significant. Along the X axis (MR1), a Mann-Whitney test showed

that Human (Mdn = −0.13, N = 25) was not statistically significantly different at the α = 0.05

level from algorithm (Mdn = 0.13, N = 25, U = 206.00, p = 0.04, r = 0.34). Along the Y

axis (SVD2), a Mann-Whitney test showed that Human (Mdn = −0.01, N = 25) was not statis-

tically significantly different at the α = 0.05 level from algorithm (Mdn = −0.01, N = 25, U =

318.00, p = 0.03, r = −0.02). Therefore, there is no statistical difference between the model

generated by the A+HK process and the human manual coding process.
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Figure 3.2: Difference between ENA generated by the A+HK coding process and the H coding process.

Out of the 25 ENA visualizations generated, 12 of those (48%) had the same structure for

both the A+HK process and human model. From those 12, 10 had the exact same strength in

connections. One example can be seen in Figures 3.3a and 3.3b. The remaining two had different

strengths. In one of those two visualizations, the structure was the same but the A+HK process

found stronger connections between retrieval-interleave and illusions code and the human found

stronger connections between effort and illusions instead. In the other visualization, the human

coding found stronger connections than the A+HK process for all codes (Figures A.1a and A.1b).

The remaining 13 visualizations (52%) had a different structure. In 10 of those, the A+HK

process found more connections than the human process. In the remaining three, the human found

more connections that the A+HK process.

3.4.2 Instructor’s Evaluation

In order to evaluate the quality of the ENA visualizations generated using the A+HK process,

we met with the course instructor. The intention was to gain feedback regarding the correctness

of the models generated in cases where the automated process found connections that weren’t

supported by human analysis, as well as cases where the automated process found relationships

that were missed by the human coder. We presented the results described on Section 3.4.1 to the
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(a) User 142854 using A+HK coding pro-

cess.

(b) User 142854 using H coding process.

Figure 3.3: ENA visualizations with the same structure and strengths.

instructor who’s familiar with Quantitative Ethnography and the ENA Web tool. Each one of the

25 visualizations were walked through with the instructor using the ENA Web tool.

First, all ENAs that had the same structure were analyzed. All the qualitative data extracts

used to find the connections between the codes for the A+HK process and the human process

were looked through. As expected, for the visualizations that had the same structure and same

strengths of connections, both processes used the exact same data. For those two that had a different

strength between connections, in one of them (125919 user as presented in A.1c) the A+HK process

found a relation that the human had missed, for the other (135030 user as presented in A.1a), the

A+HK process presented a false positive between retrieval-interleave and illusions codes. The

automated process produced a false positive in this case because it identified a keyword. However,

simply having that keyword present was insufficient for the human coder to establish a relationship

between the two codes.

The next step was to analyze those 13 visualizations that had different structures between the

A+HK and human processes. We started by analyzing the visualizations where the A+HK process

found more connections between the codes than the human process. Out of those 10 cases, in

seven cases the A+HK process found connections between codes that the human had missed. Only
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(a) ENA for user 135030 using A+HK coding pro-

cess.

(b) ENA for user 135030 using H coding process.

(c) ENA for user 125919 using A+HK coding pro-

cess.

(d) ENA for user 125919 using H coding process.

Figure 3.4: ENA visualizations with the same structure and different strengths.
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in three cases the A+HK process generated false positives connections. To evaluate the three

cases where the A+HK process found less connections, we analyzed all the qualitative data and

confirmed that the A+HK process missed those connections.

3.5 Discussion

3.5.1 RQ1. What is/are the difference(s) between the ENA visualizations

generated using an automated coding process and a human coding

process for the data presented in [1]?

As we can observe from Section 3.4.1 both the A+HK and the human processes generated the

same structure for their network, with a small difference in the strength of some connections. The

A+HK process found stronger connections between illusions and retrieval-interleave, beyondLS

and retrieval-interleave, effort and retrieval-interleave, and beyondLS and illusions codes (Fig-

ure 3.2). After running a statistical analysis, we observed that there was no statistical difference

between the model generated by the A+HK and the human. This could potentially be a good in-

dicator that an automated process that used combined LDA keywords and human keywords can

contribute to generating ENA visualizations to help instructors in evaluating asynchronous online

discussion data. Further tests need to be done in other sections of the course to confirm that similar

structures will be found between the A+HK and human process for those new datasets.

3.5.2 RQ2. How does an instructor evaluate the ENA visualizations gener-

ated?

During the evaluation process, the instructor pointed out that the course used a series of assign-

ments that required students to synthesize concepts into coherent discussion posts. Consequently,

grading those posts demanded frequent reading to identify concepts and to evaluate how well

each student integrated them. Recognizing the grading challenges, the instructor considered the

potential usefulness of an algorithm generated ENA for potentially improving the efficiency and
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accuracy of grading. Comparing the A+HK coding to the human coded equivalent, the instruc-

tor mentioned that it was impressive that the A+HK generated identical coding for 11 of the 25

students. Additionally, they noted it was encouraging to see that the algorithm found more con-

nections in 11 additional cases. In other words, 22 out of the 25 cases (88%) the A+HK identified

the correct conceptual connections in the written passages and identified more correct connections

in 11 out of the 25 written passages (44%). The level of accuracy was promising, suggesting that

it may be possible to use the A+HK to highlight the majority of the connections automatically.

However, the A+HK method found fewer relationships in three cases (12%). Examining those

cases, the human coder identified accurate relationships, but those relationships were extrapolated

from the subtle meaning and content in the post. Future work needs to be done on how to include

those aspects in the automated process. For example, improving the keywords offered by the

instructor and using Large Language Models to consider the context of words [44] for a stronger

connection between codes discussed in a course.

3.6 Conclusion

In this paper we presented an approach that clustered topic keywords into meaningful cate-

gories from a relatively small online course discussion dataset using Latent Dirichlet Allocation

(LDA) [42]. Those keywords and the instructor’s keywords were then used to automatically code

asynchronous online discussion data. Finally, ENA visualizations were generated based on the

data. The visualizations were compared with the corresponding visualizations generated by hu-

man coding process, and both visualizations were evaluated by an instructor. Results indicated

that there is no statistical difference between the model generated by the A+HK process and the

human.

Overall, the result of the A+HK demonstrates significant potential to assist instructors in eval-

uating discussion based assignments that demand the students’ synthesis and integration of con-

cepts, especially in larger classrooms. An automated method allows instructors teaching classes

with hundreds of students to use discussion posts to promote these higher order learning outcomes.
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It is important to acknowledge that our approach is considered as a tool for instructors to enhance

their evaluation process of asynchronous online discussions. Additional efforts need to be made

in order to verify its applicability to other class settings such as different student populations and

different course materials.
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Chapter 4

OnDiscuss: An ENA Tool2

4.1 Introduction

In this paper, we present OnDiscuss, a learning analytics (LA) visualization tool to support

instructors in evaluating asynchronous online discussions. The tool utilizes both text mining and

Epistemic Network Analysis (ENA). Latent Dirichlet Allocation (LDA) [42] is used to perform

automatic topic extraction from the discussion data to create an initial codebook based on the find-

ings of [18]. Bigrams and trigrams are incorporated in LDA and topics are extracted over the entire

discussion thus using an infinite stanza window [18]. The use of LDA with the intervention and ad-

dition of the instructor’s own keywords has demonstrated significant potential to assist instructors

in evaluating discussion based assignments [41]. However, in [41] the ENA visualizations were

only demonstrated to a single instructor, requiring manual presentation. This current study investi-

gates the potential for broader applications by exploring how different instructors utilize a tool that

enables them to modify their own codebook and observe immediate changes in ENA models.

This paper aims to answer the following research questions:

• RQ1. Are ENA visualizations of asynchronous online discussion data helpful for instructors

who are novices in ENA?

• RQ2. Do the ENA visualizations have the potential to reduce the time and effort spent

assessing asynchronous online discussions for instructors of any experience level with ENA?

2The content of this chapter was adapted from a paper accepted to the International Conference of Quantitative Ethnog-

raphy (ICQE) 2024
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4.2 Methodology

4.2.1 Participant Selection

In order to answer the research questions, we selected two instructors; one instructor that did

not have previous experience with ENA and one instructor with previous experience with ENA

to evaluate their respective asynchronous online discussion with the aid of OnDiscuss. Both in-

structors taught at the same Research 1 land-grant university. The instructor without experience in

ENA is referred to as Instructor A, the novice, and the instructor with experience is referred to as

Instructor B, the expert. Instructor A taught a graduate level Computer Science course with dis-

cussion discourse amongst small groups of 5-6 students with about 2-3 groups in the entire class.

Instructor B taught a graduate level Education course with discourse amongst all 20 students in the

class.

The courses that were chosen for the experiment had to meet the following criteria: the course

must have asynchronous online discussion assignments; those assignments must require students

to assimilate knowledge and synthesize concepts into a coherent discussion post rather; and the

discussions must be entirely raw text since OnDiscuss can’t parse potential keywords in images,

videos, links to websites, etc.

4.2.2 OnDiscuss Description and Functionality

OnDiscuss is a learning analytics visualization tool for instructors that utilizes text mining

algorithms and Epistemic Network Analysis (ENA) to generate visualizations of student discussion

data. As highlighted by reviewers in [1], the process of establishing a codebook from scratch may

present challenges for instructors new to ENA. Our tool uses the same process described in [41]

to generate five topics with ten keywords, each derived from the discussion’s data to be used as

an initial codebook for the instructor. The rationale for the initial number of topics and keywords

can be found in [18]. After the initial codebook is built, the tool uses text mining algorithms to

automatically code the discussion for each post. That coded data is then represented in an ENA

network. The tool uses rENA [45] package and the following settings to build the ENA model:
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unit is the student ID, the conversation is the utterance from the student in their discussion post,

and an infinite stanza window. That configuration enabled us to generate the connections between

the codes that were to be discussed by each student.

Figure 4.1: Example Class/Group ENA View for a Discussion Topic

OnDiscuss is integrated with Canvas Learning Management System (LMS) which allowed

instructors to view a list of all discussions published to Canvas within a course. Clicking on a

discussion displays the group ENA model and the associated codebook as shown in Figure 4.1.

Instructors can edit their codebook by adding, removing, and editing keywords. They cannot edit

the number of topics since [18] found 5 to be the optimal number of topics for grouping keywords.

However, they can edit the names of the topics to be more descriptive since LDA will just assign

the topics as numbers 0-4. Once the edits are completed, the ENA models automatically update to
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account for the codebook changes. Instructors are also able to view individual students’ networks

and the discussion posts that contributed to the network (Figure 4.2).

Figure 4.2: Example Individual ENA View for a Discussion Topic

Shown in Figure 4.1, OnDiscuss provides a link to the discussion in Canvas and a link to the

SpeedGrader for easy access to grade and view the original discussion in Canvas. There was also a

link to the "ENA User Manual," which provided reinforcement of what ENA is and how to interpret

an example network. A link to download the comma separated value (CSV) file was provided in

the correct format for the ENA Web Tool [46].
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4.2.3 Experimental Procedure

The experiment was conducted as an empirical observational study [47], where we observed the

instructor’s interaction with OnDiscuss during semi-structured interview [48] sessions that lasted

around one hour. We recorded the interview sessions and took notes about instructor’s interactions

and questions. We provided assistance in response to any inquiries raised by the instructor during

the session. Because discussion topics were pulled from past semesters of the course, the instruc-

tors were asked to review the selected discussion prior to the interview session. This was to allow

the instructors to reacquaint themselves with the discussion topic and the students’ postings and

discourse.

To begin the session, we delivered a presentation that went over the basics of what ENA is, a

case study illustrating ENA interpretation, and the impact of discussion data and codebook mod-

ifications on visualizations. The presentation began by explaining that ENA identifies the co-

occurrences in segments of discourse data and modeling the weighted structure of co-occurrences

as a dynamic network model [49]. We then presented a case study on one discussion topic from a

single semester of a course. An initial codebook was generated using LDA and was used to create

the group class and individual student models where instructors learned that the nodes represented

topics, the thickness of the lines represented the strength of connections between topics, and the

other points in the group network represented the centroids of the individual students’ networks.

The presentation gave examples of student posts and how keywords co-occurred in the discourse

data to create the ENA model. Because this case study was performed on a single discussion topic

from a single semester, additional networks of the same discussion topic from a different semester

were shown to demonstrate the impact of the discussion data using the same codebook. Finally,

we made our own edits to the initial codebook and demonstrated how such modifications could

influence the resulting networks. This presentation was delivered to both instructors, irrespective

of their familiarity with ENA. Sample slides from the presentation can be found in Appendix A.

After the presentation the instructors navigated to the chosen discussion assignment in OnDis-

cuss. The initial codebook was completely generated by LDA from previous semesters of the
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same discussion topic [18]. The instructors were allowed to make as many edits and iterations of

the codebook while inspecting the models produced by each iteration. Once the instructor was sat-

isfied with the codebook and/or the group and individual ENA models, a closing semi-structured

interview was conducted. The complete list of questions can be found in Appendix B.

4.3 Results

4.3.1 Instructor A

The novice with ENA asked many questions about the basics of ENA during the presenta-

tion. For example, What is a codebook?, How are the topics positioned in 2D space?, and What

should I be expecting to understand from these visualizations?. After responding to the instructor’s

questions and completing the presentation, the instructor navigated to their chosen discussion on

OnDiscuss. At this point, they had access to the initial codebook created from running LDA on all

the previous semesters of the same discussion topic (Table 4.1) the resulting group network (Figure

4.4a), and all the individual networks.

Table 4.1: Instructor A Initial Codebook

Topic Keywords

0 devic, interfac, child, applic, potenti, post, input_paramet, parent, behavior, run

1 write, want, team, choic, custom, field, look, product, interfac, array

2 boundari, import, select, api, handl, rest_api, rest, encapsul, sure, partit_test

3
partit_method, categori_partit, leak, determin, memori_leak, languag, applic, sys-

tem, databas, partit_test

4
subclass, tester, abstract, output, group, model, oop, overlap, detect_memori, dis-

joint

The instructor started their interaction with the tool by removing all the initial LDA generated

keywords from each topic and added their own keywords. They said that half of all the automat-

ically generated keywords were useful individually but the groupings of the keywords into topics
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was not helpful. Consequently, they removed all keywords and added those they thought would be

present. The first iteration of their codebook did not have enough keywords that co-occurred in the

discourse data so the network only consisted of a single line.

We intervened and suggested that this could’ve been due to multiple reasons such as not in-

cluding the stems of keywords, not choosing enough keywords to represent a topic, and choosing

keywords not present in the discussion. Taking this advice, the instructor included the proper word

stems, added more keywords to existing topics, and completely reworked a topic that only had 2

keywords to a new topic with 12 keywords. The codebook that they were most pleased with is

shown in Table 4.2 and the resulting group network is shown in Figure 4.4b.

Table 4.2: Instructor A Best Codebook

Code Keywords

Observability
observability, visible, get, state, visibility, observable, getter, access, field,

accessor

Controllability configure, object, control, modify, state, mutate, mutator, update

inheritance
inheritance, child class, parent class, overriding, depth, subclass, super-

class, sub class, super class, inherit, interface, abstract class

testing
black box, black-box, white-box, white box, automate, automation, indus-

try, difficult, easy

object oriented

programming

public, private, protected, package, simple, complex, abstraction, special-

ization, data, encapsulation, method, field

Analyzing the networks from the codebook shown in Table 4.2, Instructor A stated that the

connection strength between topics in the group ENA shown in Figure 4.4b did indeed reinforce

what they had gathered from rereading the discussion. The individual ENA graphs were also

representative of both the "strong" and "weak" students’ contributions. When analyzing a strong

student’s network (Figure 4.3a), the instructor was shocked to not see any connections to the topic

"testing" but stated, This student made good strong connections to controllability and observability.

When analyzing a weak student’s network (Figure 4.3b), the instructor stated, I was expecting weak

29



(a) Strong Student Network (b) Weak Student Network

Figure 4.3: Instructor A Individual ENA Visualizations

connections to controllability and observability because they were initially answering a different

question from the prompt.

When asked if having these visualizations would impact how they reframe future discussion

prompts, Instructor A stated they wouldn’t change the prompt but rather better prepare the students

in class for the discussion. Instructor A explained that they’d display the group network to the entire

class to discuss the topics without connections. The instructor saw this as a helpful tool to then

reinforce concepts that were missed without needing to read the entire discussion thus saving time

and energy. They also noted that these ENA models would not only be helpful to the instructor but

also to the students.

4.3.2 Instructor B

During the presentation, the expert with ENA asked the following questions: What is LDA?,

What stanza is being used?, and How are the student points being placed?. When Instructor B

began exploring OnDiscuss they were pleased with the initial codebook provided (Table 4.3). This

initial codebook was created with more discussion data from various semesters so LDA was able

to perform better topic modeling. Since this codebook was used in previous works, the topics had
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(a) Initial Network (b) Best Network

Figure 4.4: Instructor A Group ENA Visualizations

descriptive names instead of the LDA assigned numbers and it had some added keywords from the

same instructor [41].

This instructor made very minimal edits to the initial codebook. They only removed "fall" and

"desire difficulty" from the "effortful learning" topic. The network model changed as the instructor

expected; however, they didn’t think much could be concluded from the change between Figure

4.5a and Figure 4.5b. Figure 4.5b had a new connection between "beyond learning styles" and "il-

lusion of mastery" that did not appear in Figure 4.5a. Comparing networks between codebook edits

wasn’t meaningful to Instructor B. Instead, they wanted a baseline model to compare the resulting

network to in order to make more informed edits to the codebook. Instructor B suggested creating

a baseline model from a textbook or an asynchronous online discussion amongst the instructors

responding to the same discussion prompt as the students.

While examining individual student interactions, the instructor expressed the need for two

separate networks: one focusing solely on each student’s initial post and another incorporating
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Table 4.3: Instructor B Initial Codebook

Code Keywords

effortful learning

desire, plf, resonate, parachute, land, jump, commun, parachute land, land

fall, difficult, difficulties, mistakes, failure, effortful learning, desirable

difficulty, desirable, effortful

beyond learning

styles

dylexia, learn style, individual, learn differ, disable, intelligent, prefer,

support, dyslex, focus, instructional style, learning styles

illusion of mas-

tery

confidence, feedback, calibration, confidence memory, accuracy, peer, an-

swer, event, state, calibration learn, illusion of mastery, illusions of mas-

tery, misunderstanding, illusion of knowing, illusions of knowing, illusion

of learning, illusions of learning, re read, cram

retrieval practice

spaced out prac-

tice interleaving

mass, mass practice, interleaving practice, space retrieval, tend, day, long

term, week, myth, practice space, retrieval practice, retrieval process, test-

ing effect, test effect, recall knowledge, retrieval, actively retrieving, peri-

odically testing, retrieval activity, retrieval activities, low stakes, effective

retrieval must be repeated, flash cards, quizzing, practice and retrieval,

quiz over time, continually retrieve the information, frequently quizzing,

retrieval practice activity, retrieval practice activities, testing efforts, ac-

tive retrieval, practice, testing for its benefit in the learning process, short

quiz, active recall, process of retrieval, practice sessions, self testing, re-

call the information, RPA, RPAs, spacing out, spacing out practice, spaced

practice, spacing practice, spaced out practice, spaced out, spaced re-

trieval, space retrieval, space practice, retrieval spaced, retrieve spaced,

spaced application, spaced knowledge, space knowledge, spaced retrieval,

retrieval practice is spaced, interleaving, interleaved practice, interleave,

interleaved

both their original post and subsequent replies. This would provide a more isolated insight into

the students’ contribution and engagement with other students as well as their initial contribution.

Additionally, the instructor suggested that a clearer indication of occurring keywords would be

helpful when reading the student’s discussion posts in the tool rather than just the plain text.
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(a) Initial Network (b) Best Network

Figure 4.5: Instructor A Group ENA Visualizations

4.4 Discussion

4.4.1 RQ1. Are ENA visualizations of asynchronous online discussion data

helpful for instructors who are novices in ENA?

The novice instructor started with no understanding of ENA. Throughout the presentation and

the time exploring the tool, this instructor was unsure what made a codebook better in terms of

what made a topic a correct grouping of keywords. They were also unsure what makes an ENA

network better in terms of the number of nodes, number and thickness of the edges, and placement

of the centroid. Since this instructor is in the field of computer science, they seemed more inclined

to understand the math behind the ENA visualizations. Future work should be done with novice

instructors in other fields to determine if they also have the same inclination. This could inform

future revisions to the presentation to emphasize and include more of the mathematical background

behind ENA.
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Once the instructor created a codebook with keywords they were pleased with, they were able

to successfully draw conclusions from the networks. The placement of the points in the ENA

network was still confusing to this instructor; however, they were able to extract lots of meaning

from the thickness of the edges of both the individual and group networks. They were able to

make interpretations such as, The entire class isn’t making many connections to these topics so I

should emphasize them more in lectures and I thought this student made a strong contribution to

the discussion and it’s nice to see that visually they made lots of strong connections to all of the

topics. Instructor A stated that once they understood how to create a better codebook they’d feel

even more familiar and inclined to use ENA.

The ENA presentation likely played a vital role in the novice instructor’s basic understanding

of ENA which manifested into their own ENA interpretations. We hypothesize that additional

exposure to modifying codebooks and interpreting ENA networks from other discussions would be

beneficial for the instructor’s continued development. However, through just a single session this

instructor demonstrated promising proficiency in ENA, indicating the potential for other instructors

unfamiliar with ENA.

4.4.2 RQ2. Do the ENA visualizations have the potential to reduce the time

and effort spent assessing asynchronous online discussions for instruc-

tors of any experience level with ENA?

Both Instructor A and B reported that having these ENA networks and a modifiable codebook

was a helpful supplemental tool for evaluating their asynchronous online discussions. Both said

in the semi-structured interview that these supplemental networks would make grading and ana-

lyzing the discussions faster. This tool is not meant to fully replace reading through the students’

discussion posts but is instead a supplemental tool. The instructors stated it was faster for them

to assess the discussions with the visual aid provided by the ENA networks. The instructors also

stated by utilizing the individual networks they’d be able to provide more personalized feedback

to individual students.
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Instructor A found the group and individual networks helpful on their own, while Instructor B

thought they were somewhat useful and needed more context, such as a baseline network, to be

even more useful. Despite their differing perspectives and experiences with ENA, both instructors

were able to draw their own conclusions from the networks based on their own codebooks. This di-

versity in interpretations highlights the power and flexibility of ENA and OnDiscuss, as instructors

not only have the ability to handcraft their codebooks but also to derive nuanced insights tailored

to their specific teaching contexts.

4.5 Conclusion and Future Works

In this study, we explored the potential of utilizing OnDiscuss, a tool that enables instructors

to edit their own codebook and visualize the resulting ENA visualizations in real time. By provid-

ing instructors with the ability to directly interact with and customize, OnDiscuss opens up new

opportunities to popularize ENA and make it more accessible to educators who may or may not be

familiar with the intricacies of ENA.

Our findings highlight several key insights regarding the implications of this tool for enhancing

the accessibility and usability of ENA as a learning analytics visualization tool. OnDiscuss is help-

ful to those unfamiliar with ENA since it abstracts many of the intricacies of ENA by providing an

easy interface to manipulate a codebook and thus the resulting ENA networks. Future refinements,

such as the addition of a baseline ENA model, can make it more helpful to those familiar with

ENA. Despite the tool’s automated keyword generation capabilities, it is clear that instructor in-

tervention remains crucial for refining the codebook. Therefore, while automated techniques like

Latent Dirichlet Allocation (LDA) provide valuable insights given a large amount of data, they

must be complemented by expert guidance.
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Chapter 5

Conclusion

This thesis builds on the foundational work of Moraes et al. [1]. While ENA proved to have

potential as a learning analytics visualization, creating a codebook and then coding data is very time

consuming. This was significantly streamlined leveraging NLP algorithms like Latent Dirichlet

Allocation (LDA). Additionally, we were able to automatically code all of the discussion data

based on the codebook.

Furthermore, we improved the accessibility and usability of ENA as a visualization tool for

learning analytics. OnDiscuss was designed to allow users of all expertise levels of ENA to visual-

ize and understand discourse in text discussion. By abstracting many of the intricacies of ENA and

coding, it offers a more intuitive interface for manipulating the codebook and viewing the resulting

ENA networks. While the automated codebook generation is a significant feature, it is essential to

complement it with the insights of educators for further refinements. The key takeaway from this

is the critical role of instructors’ interpretations in making sense of the ENA networks.

The future of learning analytics holds immense potential for driving personalized and adaptive

educational experiences. As tools like OnDiscuss continue to evolve, they will empower educators

to utilize data more effectively, fostering deeper insights into student learning and engagement.

By integrating these analytics with pedagogical expertise, we can create more responsive learning

environments that support all learners.

5.1 Limitations

One limitation of our study is that we relied solely on the a priori codebook from EDOD 651

for our initial analyses. While this provided an excellent source of data, it limited our ability to

explore a diverse range of perspectives and contexts that could emerge from other courses with

different codebooks. Ideally, incorporating additional courses and their corresponding codebooks

would enrich the data validation process and enhance the robustness of our findings.
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By having only one codebook, we constrained our validation to a single perspective, which

may not fully capture the complexity of discourse across various learning environments. This

lack of diversity in coding frameworks may affect the generalizability of our results, as different

courses often emphasize unique learning outcomes and instructional approaches. Future research

would benefit from using multiple codebooks from a variety of courses, allowing for a more com-

prehensive validation process and broader insights into the application of ENA across different

educational contexts.

One current limitation of our coding scheme and ENA networks are that they only represent

the raw text data within the discussions. Consequently, this may overlook other forms of media,

such as images, videos, and links to external websites, which could provide valuable insights or

perspectives that are not captured through text alone.

Another potential limitation concerns the study population of Chapter 4. The instructors were

purposefully chosen by us to participate in the research project. While this approach was necessary

to ensure access to relevant discussion data and expertise with ENA, it introduced a selection bias.

Also although the participants in our study are drawn from the same university, it is important to

note that they exclusively represent graduate level courses with relatively small class sizes in two

different disciplines: computer science and education.

Also in Chapter 4 Instructor A had considerably less available discussion data than Instructor

B to create the codebook. Instructor A had 363 posts with 37,254 total words, while Instructor B

had 2,648 posts with 444,364 total words. Because Instructor B had more data, LDA was able to

provide more accurate topic modeling [42]. Moreover, given that Instructor B’s codebook has been

utilized in previous studies, it is plausible that the codebook may have undergone refinements over

time, potentially rendering it more polished compared to Instructor A’s.
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5.2 Future Works

5.2.1 Enhancements to OnDiscuss

In Chapter 4 the expert in ENA (Instructor B) provided lots of future improvements to OnDis-

cuss during the semi structured interview. Adding a baseline ENA model from either the textbook

or discussion posts of the instructor could have potential to assist the instructor even further by

allowing them to make comparisons between the class and base model. Another addition to the

tool could be two separate networks for the individual students: one based on the student’s initial

post responding to the discussion prompt and then another based on both their original post and

their subsequent replies to other classmates. Because the codebook is comprised of many key-

words contributing to a code, the tool could also highlight the occurring keywords in the student’s

discussion post.

5.2.2 Study Population Diversity

Further exploration is needed across different academic disciplines from Computer Science

and Education. While the two disciplines examined in Chapter 4 are vastly different there are

plenty of other disciplines to investigate. All of the data was from graduate level courses so future

studies should explore undergraduate courses. In many undergraduate courses the class sizes are

much larger which would be even more time consuming to assess those discussion assignments.

Exploring larger class sizes would also be important.

5.2.3 Different Study Methodologies

The study in Chapter 4 was carried out on historical discussion data, underscoring the necessity

for future studies to be done on an in progress semester of discussions to uncover further insights

into the implications of utilizing OnDiscuss. An impactful approach would be to design an empiri-

cal study involving multiple instructors from various disciplines who utilize OnDiscuss to evaluate

their online discussion assignments, incorporating qualitative data from surveys and interviews.

Additionally, conducting an experimental study that measures quantitative variables, such as the

38



time taken to evaluate student contributions, would provide valuable insights. Another promising

direction is a longitudinal study that tracks instructors who do not use OnDiscuss in one semester,

followed by multiple subsequent semesters using the tool. This would allow for a comparative

analysis of the differences in their pedagogy and class structures, as well as any changes in their

interpretations and uses of the ENA networks as they become more familiar with the tool and its

capabilities for enhancing student engagement and learning outcomes.

5.2.4 Other Discourse Types

OnDiscuss was primarily intended to be used on asynchronous online discussion data from

students responding to prompts that required them to assimilate their knowledge. Expanding to

other types of discourse in classes such as group discussions about group projects in messaging

platforms like Microsoft Teams or Slack could also enrich an instructor’s understanding of the

collaborative learning taking place in group projects. This would allow for a broader application

of OnDiscuss and further enhance its capabilities as a learning analytics tool.
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Ethnography, pages 3–16, Cham, 2022. Springer International Publishing.

[36] Vitor Rolim, Rafael Ferreira, Rafael Dueire Lins, and Dragan Gǎsević. A network-based
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Appendix A

ENA Presentation

(a) What is ENA (b) How to Interpret ENA

(c) Example Student Network (d) Example Student Post

Figure A.1: Sample Slides from ENA Presentation
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Appendix B

Interview Questions

• Do these automatically generated topics reflect your learning objectives for this discussion?

– After revising the codebook do you think these new topics/keywords better reflect your

learning objectives?

– Did the autogenerated topics reflect the topics/concepts students should be discussing?

– Did the autogenerated topics help provide a foundation for a codebook?

– How many iterations of the codebook did you make?

* How many iterations of the codebook did you make?

* Why?

– If you couldn’t edit the codebook, would you still find it useful?

• When investigating the group ENA (entire class)

– Do you have a sense of the class discussion?

– What topics are students discussing?

– Are these topics the ones you are expecting students to be discussing?

• When investigating the individual ENA (single student)

– Do these ENA models provide useful context?

– Can you easily identify what topics the student discussed? What topics are they miss-

ing?

– Can you easily identify what connections among the topics the student did?

– Does this influence how you’d grade this student?
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– Do you feel grading and analyzing these discussions is faster with the supplemental

ENA models?

– Does this allow you to provide more personalized feedback to the student?

• Would this impact how you frame future discussion assignments?

– If students are not discussing all the topics, would you reframe/revise the way you

describe the prompt?

– Based on the ENA visualizations topics and connections, would you consider revising

your mediation process?

– Before the discussion assignment closed, would you intervene in the discussion if stu-

dents were not making certain connections?
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