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Abstract

In this study, we work towards a strategy to measure and enhance the quality of interactions in
discussion forums at scale. We present a machine learning (ML) model which identifies the phase
of cognitive presence exhibited by a student’s post and suggest future applications of such a model
to help online students develop higher-order thinking. We collect discussion forum transcript data
from two online courses: CS1301 (an introductory computer programming MOOC) offered by
edX and CS6601 (a graduate course on artificial intelligence) which uses the Piazza online
discussion tool. We manually code a random sample of students’ posts based on the Community
of Inquiry coding scheme and explore trends in cognitive presence within and across the courses.
We further use this coded data to analyze the relationship between students’ observed cognitive
presence and course grades. In terms of testing and building an ML model, we use a Bidirectional
Encoder Representations from Transformers model that uses a deep learning technique to train
large text corpus and fine-tune the language model. Our results suggest that deeper cognitive
engagement with course concepts, as expressed by higher cognitive presence, are associated with
better learning outcomes for students in both course settings. Our ML approach achieves 92.5%
accuracy on the classification task, motivating the use of ML for instructional interventions in
online courses. We expect that our research study will not only contribute to extending the
literature on cognitive presence but also have a beneficial impact on online instructors or
curriculum developers in higher education.
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In this study, we explore how students develop higher-order thinking through
participation in online discussion forums by adopting the community of inquiry (Col) framework
(Garrison, Anderson, & Archer, 2001). This conceptual framework has been widely used to
guide research in educational experiences of students situated in various collaborative online
learning environments such as asynchronous discussion forums (Galikyan, Admiraal, & Kester,
2021; Garrison, Anderson, & Archer, 2010). Specifically, we compare trends of students’
cognitive presence between two different online course settings: an undergraduate-level massive
open online course (MOOC) that is accessible to the public free of charge, and a graduate-level
course which is part of an online degree program. Further, we explore the idea of automatically
identifying students’ levels of critical thinking from discussion forum transcripts. We present the
application of a machine learning classification model for natural language processing which
identifies the phase of cognitive presence observed in a student’s forum post and suggest future
applications of such systems to Col-based interventions.

Review of Related Literature
Learning in Asynchronous Discussion Forums

Asynchronous discussion forums serve as a platform to support the learning process of
online students by allowing them to build and share knowledge with others. Regarding learning
in MOOC:s, several studies have revealed that instructors perceive the beneficial role of online
discussion features in facilitating quality learning (e.g., Askeroth & Richardson, 2019).
Asynchronous discussion platforms are usually designed to help students learn from others by
not only providing a venue for communication and interaction among students and instructors
but also by enhancing content delivery (Baglione & Nastanski, 2007). Previous research suggests
that various factors associated with the affordances of asynchronous discussion forums can
impact students’ participation in online discussion. Such factors include relational capital among
participants (Chapman, Storberg-Walker, & Stone, 2008), visibility of social cues (Cheung,

Hew, & Ng, 2008), and instructors’ presence (An, Shin, & Lim, 2009; Baran & Correia, 2009).
Other factors can also mediate between students’ engagement with online discussion and
learning. For example, participation in online discussions at a deep level (e.g., reflecting, refining
meaning) has been found to be related to high academic achievement (Bliuc et al., 2009;
Galikyan et al., 2021). Thus, it is critical to design online discussion environments that sustain a
sense of community and support students socially and cognitively.

Despite its beneficial influence on students’ learning, online discussion forums pose some
challenges in terms of promoting active participation among students, effectively facilitating
conversation, organizing an optimal structure for co-constructing knowledge, and dealing with
time constraints commonly confronted by instructors (Mazzolini & Maddison, 2007; Zhu, Bonk,
& Sari, 2018). To overcome these challenges, deNoyelles, Zydney and Chen (2014) proposed a
list of strategies for instructors based on the Col framework. For example, an instructor can use
social modeling cues (e.g., calling a student by name), graded discussion assignments, discussion
prompts, facilitation techniques (e.g., questioning), modest feedback (e.g., posting less often but
in a meaningful way) and protocol prompts with structured goals and roles in a specific deadline.
Beyond these strategies, the purposeful design of online platform interfaces (Quintana, Pinto, &
Tan, 2021; Zhu et al., 2018) and implementation of instructional strategies to improve students’
cognitive engagement (Garrison & Akyol, 2015; Kilis & Yildirim, 2019) have been shown to
enhance successful and engaging online learning.
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Cognitive Presence in Online Learning Contexts

According to the Col framework, collaborative knowledge construction can be fostered
through the critical dimensions of teaching, social, and cognitive presence. Previous research has
stressed the importance of facilitating cognitive presence to help students engage with critical
thinking and deepen their inquiry process in online courses (Garrison, Anderson, & Archer,
2010; Sadaf & Olesova, 2017; Shea & Bidjerano, 2009). From the perspective of the practical
inquiry model (i.e., the model of critical thinking), which serves as the theoretical basis of Col,
our study focuses on measuring online students’ levels of cognitive presence which can be
manifested in four phases, including: triggering event (phase 1), exploration of ideas (phase 2),
integration of the ideas generated in the exploratory phase (phase 3), and resolution of the
problem or issue (phase 4) (Garrison et al., 2001; Sadaf & Olesova, 2017). Among these four
phases of cognitive presence, the phase of integration has been found as the most difficult to
detect because it is often difficult to catalyze the advancement from the exploration phase
without appropriate support from instructors or advanced peers (Garrison et al., 2001).

A substantial body of research has provided helpful insights into facilitating high levels
of cognitive presence in online learning contexts. Some researchers have emphasized the
beneficial impact of case-based discussions in which students engage with real-life cases and
authentic problem-solving processes (Guo et al. 2021; Kilis & Yildirim, 2019; Sadaf, Kim, &
Wang, 2021; Sadaf & Olesova, 2017). Other researchers have stressed the importance of
designing online course features that can create an “optimal social space” in which learners share
their resources and experiences and develop supportive social networks (Amemado & Manca,
2017). Similarly, Darabi et al. (2011) found that, compared to the traditional approach of asking
unstructured probing questions, strategies of scaffolding in which student mentors raise questions
that focus on advancing the discussion towards a consensus for finding a solution appeared to
help facilitate cognitive presence.

Yet, despite the valuable knowledge gained regarding the facilitation of deeper cognitive
engagement of online students, further research is required to understand the impact of cognitive
presence on actual learning outcomes (Sadaf et al., 2021). Moreover, extant research has heavily
focused on small-scale and for-credit online courses. In fact, researchers have identified
challenges of promoting in-depth online discussions, especially in low-stakes MOOC
environments with high student drop-out rates (Gao, Zhang, & Franklin, 2013; Hew & Cheung,
2014; Nandi, Hamilton, & Harland, 2012). Moreover, instructors in large-scale online courses
are likely to feel overwhelmed by students’ posts and struggle to measure the quality of their
interactions. Taking these factors into account, we aim to explore the development of cognitive
presence observed in discussion forum posts in two different types of online courses—an
undergraduate-level MOOC and for-credit online master’s course—and examine the relationship
between cognitive presence and learning outcomes within each course setting.

Application of Machine Learning and Learning Analytics to Educational Data

Although we can draw meaningful implications about online students’ cognitive
engagement from the Col framework, challenges remain with respect to common practices for
implementing the Col coding scheme due to its subjective and manual nature. For instance, the
conventional coding process to identify the four phases of cognitive presence typically requires
systematic training and time commitment from coders to ensure the reliability of text data
interpretation. This can be problematic, especially when analyzing large-scale forum data
because of time and resource constraints. To address this problem, we explored machine learning

Online Learning Journal — Volume 26 Issue 1 — March 2022 60



Cognitive Presence in At-Scale Online Learning

algorithms and their related natural language processing techniques to create a scalable language
model that can train the coding scheme and ultimately predict the cognitive presence of a large
amount of discussion forum posts within a short period of time.

Online educational platforms are well suited to apply machine learning techniques
because of the massive amount of data being collected for learning (see Appendix). Previous
research has used data in the field of education to test the performance and accuracy of various
machine learning models designed to discover hidden and complex patterns in online students’
learning behaviors (Al-Shabandar et al., 2019; Hew et al., 2020). These efforts have encouraged
the community to continue utilizing technical but interdisciplinary approaches to better support
educational environments. Closely related to these research efforts, the notion of learning
analytics has become increasingly popular in higher education settings. Learning analytics has
been generally defined as the measurement, collection, analysis and reporting of data about
learners and learning environments for purposes of understanding and optimizing the learning
process (Siemens & Long, 2011). With higher education institutions being a part of the digital
age by integrating online platforms in their learning environment, large data sets are now
available throughout the learning process. Researchers have used various learning analytics
techniques such as classification, clustering, and text mining (Leitner, Khalil, & Ebner, 2017).
These techniques have been used to detect student behavior and predict student performance (Al-
Shabandar et al., 2019), identify students at risk (Chen et al., 2018), analyze students’ forum
interactions, and provide visualization to inform instructors and other key stakeholders (Authors,
2020). However, more research is needed to understand how learning analytics helps improve
online instructional practices and students’ learning outcomes (Viberg et al., 2018). This
encourages researchers to explore other measures, such as cognitive presence, to predict
students’ performance in online learning environments.

Our work is motivated by the recent trend of applying educational theoretical frameworks
and machine learning to understand students’ cognitive presence in discussion forums. For
example, several studies explored a set of linguistic features of online discussion messages (e.g.,
LIWC, Coh-Metrics, word embedding similarity) to test which features have predictive
relationships with cognitive presence; based on this information researchers developed machine
learning models that can automatically classify the level of cognitive presence in the data (e.g.,
Kovanovic¢ et al., 2016; Neto et al., 2021). Similarly, in another study (Hayati, Idrissi, &
Bennani, 2020), the authors used text mining and machine learning algorithms to classify
students into one of four levels of cognitive engagement including passive, active, constructive,
and interactive (Chi & Wylie, 2014) based on their level of cognitive presence and social
interactions within discussion forums. Our work intends to offer a technique that examines
quality interaction measured by a critical thinking framework to better understand students’
learning outcomes. We also acknowledge scalability by designing a model that can exist in low-
and high-stakes education environments at scale (Pelanek, 2020).

Research Questions
Our study was guided by three research questions. First, how do online students develop
cognitive presence in two different course settings? Second, to what extent does cognitive
presence contribute to enhancing students’ course grades? Third, can we develop a ML model to
detect the level of cognitive presence in discussion forum posts?
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Method

Participants and Settings

Our study focused on analyzing discussion forum data collected from two online courses,
including an introductory undergraduate-level computer programming MOOC (CS1301) and an
online master’s degree course about artificial intelligence (CS6601). The CS1301 MOOC is
available free of charge to anyone who has signed up for the edX platform. According to the
course description, knowledge of basic arithmetic and high school-level algebra is desirable;
however, no prior knowledge of computer programming is required from students. Thousands of
students are typically enrolled in this low-stakes course; for example, we observed nearly 45,000
students who were enrolled during the Fall 2017 semester. On the other hand, CS6601 has a
much smaller class size than CS1301 (e.g., 796 students in Spring 2020), and it is considered a
high-stakes for-credit course. The course requires prior knowledge of college-level mathematical
concepts and computer programming and algorithms. As one of the core courses in the Online
Master’s in Computer Science program, CS6601 is designed to incorporate intensive readings,
assignments, and independent work. These two courses were taught by various instructors and
offered by the same institution—a technology-focused public university in the US.

Data Sources and Procedures

Regarding data collection from CS1301, the research team was provided with the
securely encrypted course data from edX, which consisted of course enrollment and participation
information from users who have accepted the terms of edX’s Privacy Policy. The data were also
compliant with the General Data Protection Regulation (GDPR) law, which protects the privacy
rights of E.U. residents. Prior to any data analysis, all identifying information was removed from
raw data, including usernames within the discussion forum transcript data. For CS6601, we
proceeded with data collection based on the institutional review board (IRB)-approved study
protocol. We obtained informed consent from the instructor of CS6601 who agreed to provide
fully anonymized Piazza transcript data for the purpose of research. Student demographic
information was not collected because it was beyond the scope of our present research.

Data sources consisted of a total of 2,341 posts that came from two sets of anonymized
transcript data collected from each of the two courses (see Table 1). The CS1301 data was
collected during the Fall 2017 and Fall 2018 semesters via edX, a major MOOC provider. This
includes a total of 848 comments that were pulled through a stratified random sampling
technique. The stratification was based on the number of total comments posted within a certain
discussion thread in order to capture the dynamic nature of conversation flows across the
discussion board. Regarding CS6601, which was taught during the Spring 2020 semester, we
analyzed 1,493 posts collected through the Piazza discussion forum tool. The CS6601 dataset
consisted of randomly sampled posts associated with two specific assignments which elicited the
most active participation in online discussion. In both courses, participation in the discussion
forum was voluntary and was not counted for final grading. However, students in CS6601 were
encouraged to post questions to Piazza prior to scheduling an office hours appointment.
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Table 1

Description of Student Participation in Online Discussion Forums
CS1301 CS6601
(MOOC) (For-Credit Course)
Total Number (#) of Posts Coded 848 1,493
Total # of Student Contributors 362 186
Total # of Instructor (TA) Contributors 1(0) 1(13)
Total # of Discussion Threads Generated 350 155
Average # of Posts per Thread 24 9.6
Average # of Posts per Student 2.5 5.7

Measures

The key measures used in this study include indicators of cognitive presence and final
course grades (numeric scores). To measure the cognitive presence of students in discussion
forums, collected transcripts were manually coded based on Garrison et al.’s (2000) Col coding
scheme. Detailed descriptions of each cognitive presence phase and sample quotes are presented
in Table 2. For coding analysis of the CS1301 data, two pairs of student research assistants were
trained by a researcher experienced in qualitative research. They read the assigned posts and
labeled each post with one of the five cognitive presence phases. The inter-rater reliability
indicated by the level of agreement between the two coders ranged from 76% to 83%. Likewise,
another two pairs of trained student researchers hand coded the CS6601 data under the
supervision of the same researcher during the Spring 2021 semester, resulting in inter-rater

reliability scores of 94% to 95%.

Table 2
Four Phases of Cognitive Presence and Sample Comments
Cognitive
Presence CP Phase CP Phase Description Sample Quotes
(CP) Index
0 Non-CP e Non-cognitive e Perfect, thanks.
comments e Which chapter is this?
e Socializing comments
e Logistics & technical
Q&As
1 Triggering e  Expressing confusion e [’m so confused by this problem
event e Disagreement/conflict e What do you mean by
with prior knowledge undersampling, <NAME>?
e Clarification questions
about a problem
2 Exploration e Describing/diagnosing e gah! Still having trouble with the k
of ideas a problem folds test; it looks like it’s breaking
e Sharing hypotheses something in my confusion matrix
e Exploring new ideas e asfar as | understood once | re-
or introducing watched the video, that we 're
suggestions dealing with console-like interfaces
to help us focus, examples of those
are Pycharm and IDLE, correct?
3 Integration e  Giving/proposing e Inthe instructions, it tells you to
of ideas someone solutions by take the symbol itself ... You don 't
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building on other’s need to use unicode for this
comments problem.
e Using textbook e For the returns in generate_k_folds
references or other function, you are supposed return a
credible sources to list of k folds as explained in the
help find solutions function notes.
4 Resolution e  Confirmation or e | had a similar issue at first and
of problem validation of the realized it was because my local
or issue proposed solutions test was calling dt.accuracy() inside
e  Elaborating why/how of the wrong function, and so with
the solution works in the wrong input data.
details e That means that your input should

not require an argument for those
attributes and still run. Eg: ... is not
required as it has a default value,
but it can still be changed if an
argument is passed in. Thus, it is
optional

Data Analysis

Inferential statistics. To analyze quantitative data, we used IBM SPSS (version 25) to
conduct descriptive and correlation analyses to determine associations among cognitive presence
scores, final grade scores, and other key variables such as instructor or TA involvement in a
discussion thread. Inferential statistics techniques, including the Chi-square test and independent
samples t-test, were also used to compare cognitive presence-related trends between sub-groups
within and across the courses.

ML-based classification technique. By using the set of manually coded text data that
consisted of forum posts and their corresponding cognitive presence scores, we explored an ML
approach as a primary technique to automatically identify cognitive presence levels of individual
posts generated by participants in discussion forums for online courses. In this case, we were
interested in applying a deep neural network technique in which the relationships between input
and output elements are predicted based on artificial neural networks that adopt sophisticated and
complex modeling algorithms to enable the model to learn and improve predictions over time
(Arisoy, 2012).

To effectively train the proposed ML model, we used a transformer-based deep learning
model referred to as Bidirectional Encoder Representations from Transformers (BERT), which
pre-trains and fine-tunes relevant text data (for an overview see Rogers, Kovaleva, Rumshisky,
2020). BERT was created by Google in 2018 and this is a widely used state-of-the-art technique
in many natural language processing tasks to develop language models by learning language
representations from unlabeled or uncoded text (Devlin et al., 2019). This model was pre-trained
on a large database (around 2,500 million words from Wikipedia and 800 million words from
book corpus) and developed by using two different training methods such as Masked Language
Model and Next Sentence Prediction. Its size and power make it easily adaptable to novel natural
language tasks where there is insufficient data to train a model from scratch.

To fine tune the transformer model, we created training, validation, and test data sets. We
tested two different strategies for selecting the subset of data. First, we aggregated all the posts
into one large data set and then randomly split it into 90% training, 5% validation, and 5%
testing. Next, we clustered posts by course (i.e., CS1301, CS6601) and split them into 95%
training and 5% validation. We then took posts from the other course as a test data set to see how

Online Learning Journal — Volume 26 Issue 1 — March 2022 64



Cognitive Presence in At-Scale Online Learning

well our model will generalize to posts that were not included in the training data set. Our model
used an adaptive SGD algorithm commonly referred to as AdamW, which runs until there is no
longer an improvement on the validation data set (Loshchilov & Hutter, 2019). We then selected
the model that performed best on the validation data set and compared that to our test dataset.
Finally, we computed the F1 score on the test data set as a measure of accuracy, or performance

indicator. Figure 1 illustrates the conceptual framework that guided our ML-based classification
technique.

Figure 1
Machine-Learning Framework for Classifying Cognitive Presence Phases
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Results

Progression of Cognitive Presence Phases in Online Discussion Forums

First, we examined how online students’ cognitive presence develops within the course
and whether patterns of idea progression differed by course type. A chi-square test showed that
the distribution of cognitive presence phases in students’ posts statistically differed between the
CS1301 and CS6601 course, X? (4, N = 1,896) = 108.90, p < .001. For example, the proportion of
Phase 0 comments (e.g., logistics, social) were higher in CS6601 (53%) than in CS1301 (34%)
(see Figure 2). This might be because the CS6601 data set specifically came from assignment-
related discussion boards and therefore students often asked about the assignment logistics (e.qg.,
deadline extension, grade review). Among comments demonstrating cognitive presence (i.e.,
Phases 1-4), 46% of total comments in CS1301 (n=540) and 45% of the total in CS6601 (n=678)
reflected advanced phases such as integration of ideas and resolution of problems, indicating
very similar trends. Interestingly, students in CS1301 posted Phase 1 comments more frequently
(30% of total cognitive presence posts) than did those in CS6601 (24% of total). This suggests
that MOOC students might introduce problems or seek the input of others more actively,
compared to graduate students.

Figure 2
Distribution of Cognitive Presence Phases: CS1301 (MOOC) versus CS6601 (For-Credit
Course)

mCS1301 = CS6601
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30%
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In order to compare progression trends within a specific discussion context, we clustered
posts by common discussion thread identifiers and calculated maximum scores of cognitive
presence phases for every individual discussion thread. In this case, the maximum cognitive
presence score indicated how far participants within a certain discussion thread were able to
progress across the four phases of cognitive presence. Then, we compared between the two
courses the percentages of threads that generated the maximum cognitive presence score
corresponding to each of the four phases (see Figure 3). A chi-square test revealed that the
distribution of maximum cognitive presence phases at the thread level statistically differed
between the CS1301 and CS6601 course, X? (4, N = 505) = 19.13, p < .001. Specifically,
compared to CS1301, we observed greater proportions of threads that eventually reached either
Phase 0 or Phase 4 in CS6601. This suggests that the graduate-level CS6601 participants
frequently stayed in non-cognitive topics but at the same time they were actively engaged with
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the problem-solving process to the extent that they advanced to the final phase of cognitive
presence. Another notable difference between the two courses was that the percentage of threads
that reached Phase 2 was much higher in CS1301 than in CS6601, suggesting that the MOOC
discussion forum participants might struggle with going beyond the phase of tackling and
exploring problems. This could be also explained by the relatively weak presence of the course
instructor or TA as only 36% of the threads in the CS1301 data (total n=350) involved the
instructor or TA whereas this figure was 92% in CS6601, pertaining to almost all of the threads
that were collected (total n=155).

Figure 3
Distribution of Maximum Cognitive Presence Phases at the Discussion Thread Level: CS1301
versus CS6601
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Within each course, we further compared threads that involved the instructor or TAs with
threads without their involvement to test whether teaching presence would make any difference
in facilitating rapid progression toward the advanced phases, indicated by the degree of changes
between the minimum and maximum phases of cognitive presence. According to the t-test results
of independent samples, among the CS1301 MOOC students, those who interacted with either
the instructor or TA in a discussion thread were likely to show a greater change (M = 1.17) than
those who interacted only with their peer students (M = .58), t (338) = 3.99, p < .01. With respect
to CS6601, we observed the opposite trend in which students who interacted with the instructor
or TAs in a discussion thread tended to exhibit a smaller progression of cognitive presence (M =
1.07) than their peer-only counterparts (M =1.92), t (150) = -2.15, p <.05. It is possible that
students enrolled in a high-stakes online graduate course are poised to deploy critical thinking to
solve a problem in the course materials while receiving minimal support from the teaching staff.
However, this finding should be viewed with caution given that threads from CS6601
predominantly involved the participation of the instructor or TAs, contributing to an imbalance
in the sample sizes between the two groups compared (i.e., 142 threads with teaching presence
versus 13 threads without teaching presence).
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Online Students’ Cognitive Presence and Course Achievement

With respect to the second research question, we examined the relationship between
students’ levels of cognitive presence and their course achievement. According to correlation
analysis results, the maximum cognitive presence scores of individual students had statistically
significant, positive, and yet low correlations with final grades in both courses (see Table 3).
However, we observed a significant correlation between the students’ average cognitive presence
scores and their final grades only in CS1301, whereas it was statistically non-significant in
CS6601. Based on these findings, we decided to use maximum cognitive presence scores as a
primary indicator of the level of cognitive presence that a student was able to achieve in online
discussions. Interestingly, there was no significant correlation between the total number of posts
that individual students have generated and course grades for CS1301, whereas we observed a
significant, positive, and low correlation between the two variables in the CS6601 data. This
suggests that, in the MOOC environment, the quantity of participation in discussion forums
alone is not meaningfully associated with course achievement. Yet, it is noteworthy that, for both
courses, there was a significant, positive, and low to medium correlation between the number of
posts and their maximum cognitive presence scores.

Table 3
Bivariate Correlations Among Cognitive Presence Score Variables and Course Grade
CS1301 CS6601
1 2 3 4 1 2 3 4
1. N of Posts — —
2. Max. CP 26%* — 39** —
3. Avg. CP A3* 91** — .04 J9**
4. Course Grade .08 16** 14** — 21%* 16* .07 —

Next, we compared the mean course grade scores between students who exhibited
different levels of cognitive engagement. In this case, we focused on comparing student
subgroups within each course based on how far a student was able to progress through the phases
of cognitive presence during online discussions. Within each of the two courses, we calculated
the median value of maximum cognitive presence scores among participating students, resulting
in a value of 1 for CS1301 and 2 for CS6601. Then, students whose maximum cognitive
presence score was either below or corresponding to the median value were assigned to the Low
subgroup. Those who had produced a maximum cognitive presence score above the median
value were assigned to the High subgroup. That is, in the CS1301 data, students who reached the
Phase of 2, 3 or 4 in the discussion forums were categorized as High; while students whose
maximum cognitive presence score was either 0 or 1 were categorized as Low. In the CS6601
data, students whose maximum cognitive presence score was either 3 or 4 were categorized as
High and those who scored 0, 1 or 2 were categorized as Low.

The independent samples t-test results revealed that the High subgroup was likely to
report higher course grades than did the Low subgroup in both courses (see Table 4). In other
words, regardless of whether it was a low- or high-stakes course, students who had engaged in
higher-order thinking during the collaborative knowledge building process tended to perform
better compared to those who had posted only non-cognitive comments or tried to tackle a
problem rather at the surface level. The results support the importance of fostering critical
thinking in discussion forums to enhance learning outcomes. Interestingly, when the threshold
for the subgroup categorization in the CS6601 data was lowered to be equivalent to the CS1301
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threshold (i.e., Phase 1), the High and Low subgroups no longer showed a significant difference.
This implies that progressing beyond the phase of exploring ideas might have an even stronger
impact on the learning outcomes of graduate students.

Table 4
Comparison of Mean Final Course Grades: Independent Samples T-Test Results
High CP Group Low CP Group t-test
n M SD n M SD (df)
CS1301 157 49.03 42.23 205 38.29 41.08 -2.44*
(360)
CS6601 61 93.97 5.70 115 91.25 6.93 -2.63**
(174)

Note. * Indicates p < .05. ** indicates p < .01.

Applying Machine Learning to Cognitive Presence Identification

For our third research question, we applied ML algorithms to automate the classification
of cognitive presence in discussion forum texts. We used a held-out validation data set in which
we combined manually coded forum posts collected from both CS1301 and CS6601 and then
randomly split the data into training, validation, and test sets. Our pre-trained BERT model was
fine-tuned on the training data which accounted for 90% of the entire data set. Eventually, our
model achieved a F1 score value of 92.5% on the test data, indicating a high level of accuracy of
the model. The F1 score was not only close to our best interrater reliability score (95%) from
manual coding but also even higher than the interrater reliability scores that we achieved when
coding the CS1301 data. We consider the interrater reliability scores to be our best example of
human-level performance on the task, and therefore we are encouraged that our model
approached this level of accuracy.

As shown in Figure 4, when compared to the actual coding results, the final model
generally performed well in learning to predict both the non-cognitive phase and four phases of
cognitive presence. Additionally, as shown in the training curve in Figure 5, we observed that
prediction errors, indicated by root mean square error (RMSE), decreased drastically over time
as we repeated training sessions. These findings suggest the application of the ML approach to
at-scale online learning data such as those data generated from discussion forum posts holds
much promise.
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Figure 4
Confusion Matrix with Actual versus Predicted CP Phase: Using Combined Data for Training
and Testing
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Note. Training epoch refers to the number of passes of the entire training data set through the machine learning
algorithms.

It is notable that we observed much less success in the model performance when we
attempted to treat the data from each course separately by using data from one of the two courses
to train the model (see Table 5). For example, when the model was trained and tested on the
CS1301 data, it achieved a F1 score of only 46.4%. For the CS6601 data, the model performed
slightly better than the CS1301 data and yet achieved a much lower F1 score (72.1%) compared
to the combined data model (92.5%). Likewise, we observed lower model performances when
we combined the data from the two courses for training and then tested the model against the
data from a single course (see Table 6). The second procedure resulted in slightly improved
accuracy in predicting the cognitive presence phases as indicated by higher F1 scores with 48.9%
for CS1301 and 76.6% for CS6601. However, the results clearly suggest that the models in both
procedures failed to obtain human-level accuracy in this prediction task.
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Table 5
Confusion Matrix with Actual versus Predicted CP Phase: Using Training and Test Data from
Specific Course Data

CS1301 (F1 Score: 0.464) CS6601 (F1 Score: 0.721)

Predicted Predicted
Actual 0 1 2 3 4 0 1 2 3 4
0 12 1 1 0 0 43 0 0 2 0
1 3 7 4 1 0 3 5 3 0 0
2 0 6 1 1 0 2 1 6 1 1
3 1 0 2 0 2 1 0 2 1 0
4 0 0 0 0 1 2 0 0 1 2

Table 6
Confusion Matrix with Actual versus Predicted CP Phase: Using All Data for Training and
Using Specific Course Data for Test Data

CS1301 as Test Data (F1: 0.489) CS6601 as Test Data (F1: 0.766)

Predicted Predicted
Actual 0 1 2 3 4 0 1 2 3 4
0 16 0 1 0 0 31 1 1 1 0
1 3 0 3 1 0 1 6 5 0 0
2 2 0 4 3 0 2 2 10 1 0
3 1 0 3 2 1 1 0 1 6 1
4 0 0 0 1 1 0 0 0 0 4

Overall, our results indicate that a small number of training samples from a single course
is not sufficient to fine-tune large, general-purpose language models to the cognitive presence
identification task. This is intuitive, as learning to effectively identify cognitive presence requires
the ability to generalize across discussion forums with a wide range of interactions and language
usage. These results suggest that ML systems for cognitive presence identification should be
generalizable to multiple related courses rather than specialized for a single course, since such
systems are able to learn more effectively to identify cognitive presence without overfitting to
the language of a particular course. Although we only explore this phenomenon in two computer
science courses, future work should extend this to more, potentially unrelated, courses to
determine the extent to which this is beneficial.

Discussion

Findings from this study contribute to the current literature on cognitive presence in
several ways. First, our findings suggest that how students’ cognitive presence manifests and
progresses may differ by course type and design. As indicated by the relatively high proportion
of non-cognitive phase comments posted by graduate students enrolled in CS6601, discussion
forums designed to discuss any questions about specific homework or assignments of a course
may hinder the opportunity for students to reach higher levels of cognitive presence.
Additionally, students’ prior knowledge and motivation appeared to be another factor influencing
their development of cognitive presence. Our findings indicate that students enrolled in the
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CS1301 MOOC tended to focus on generating posts that reflect lower levels of cognitive
presence such as those related to triggering events or exploration. This might be due to students
participating in discussions with varying degrees of prior knowledge, mostly weak knowledge, of
the course topic (i.e., computing in Python). Also, while neither CS1301 and CS6601 required
students to engage in discussion as part of the course grading, a very small subset of the CS1301
students contributed to the discussion and participating students tended to generate even fewer
posts, compared to the CS6601 students. In order to facilitate progression toward higher levels of
cognitive presence, instructors need to consider incorporating the practical inquiry model-based
questions (Sadaf & Olesova, 2017), which would allow students to approach a case or course
concept by explicitly reflecting on the four levels of cognitive presence (e.g., proposing a
solution through synthesis of ideas, applying the solution to a real-world situation). Furthermore,
in terms of teaching in MOOC platforms, it is crucial to not only increase students’ awareness of
the value of contributing to online discussions but also to offer customized resources for students
with different levels of background knowledge to help sustain their engagement with critical
thinking.

Second, our study explored whether receiving support from either an instructor or TA(S)
will have a positive impact on students’ collaborative knowledge building process, as measured
by the difference between the minimum and maximum cognitive presence score at the discussion
thread level. We further examined whether we would observe such a positive impact in other
online course environments. It is notable that we observed a relatively stronger impact of the
instructor or TA involvement on students situated in the low-stakes MOOC (i.e., CS1301) than
those in the high-stakes, for-credit online course (i.e., CS6601). It is possible that MOOC
students may benefit more from immediate support from the instructor or TAs, as it may help
students sustain engagement with higher-order thinking and advance their knowledge
collaboratively with others in discussion. However, our findings capture only a partial snapshot
of the Col model. Previous research has revealed that an instructor’s ability to facilitate both
teaching and social presence plays a crucial role in enhancing students’ cognitive presence
(Garrison et al., 2010; Shea & Bidjerano, 2009). Future research will need to expand our current
study by addressing how online students’ development of cognitive presence can be affected and
supported by teacher presence and social presence.

Third, beyond observing how students develop cognitive presence across various types of
online courses, our study yields empirical evidence supporting the idea that cognitive presence
matters for students’ success in both undergraduate-level and graduate-level at-scale learning
environments. Our findings are consistent with Sadaf et al.’s (2021) findings that higher levels of
cognitive presence are closely associated not only with students’ perceived learning but also with
their actual final course grades. Moreover, by using the manually coded discussion forum data,
our study showed that the extent to which a student is able to progress through the phases of
cognitive presence in online discussion (as measured by the maximum cognitive presence score)
can be used as a valuable metric to categorize High versus Low cognitive presence subgroups. It
is worthwhile to note that the threshold level for identifying the High versus Low subgroup was
higher in the CS6601 data than in the CS1301 data, suggesting that, for online graduate students
who have advanced domain knowledge and professional experience, it seems more important to
be more deeply and cognitively engaged during discussion. Yet, further research is required to
replicate and validate our proposed metric in other asynchronous discussion forum contexts.

Online Learning Journal — Volume 26 Issue 1 — March 2022 73



Cognitive Presence in At-Scale Online Learning

Fourth, our interdisciplinary approach combines educational psychology and computer
science to provide insight into the potential value of the application of the machine-learning
approach to the at-scale online learning context in enhancing students’ cognitive engagement.
Our automated classifier model revealed its robust capability to learn to detect the phases of
cognitive presence in discussion forum posts, supporting findings of existing studies (e.g., Hayati
et al., 2020; Hu et al., 2020; Neto et al., 2021). Consistent with Neto et al. (2021), we found that
the model performance was successful particularly when we used the combined data set for both
training and testing. By considering the recommendation from Neto et al., our study made further
progress in testing the generalizability of the model by incorporating data sets collected from two
different types of online courses (i.e., MOOC and for-credit online course) that cover related
subject areas (i.e., computer science). We expect that these findings will provide useful
information to online course designers and instructors. For example, our prediction model can be
used to create a learning analytics tool designed to benefit students’ online learning by enabling
instructors to monitor how their students cognitively engage with, and demonstrate progress on,
various topics over time in discussion forums. Moreover, based on the automated prediction of
students’ posts, our model can be implemented as part of instructional design to inform when a
teacher or TA should intervene in students’ discussion to help build critical thinking and sustain
cognitive engagement.

However, our study findings should be interpreted cautiously due to some limitations. For
example, we cannot rule out the possibility of sampling bias. In terms of CS1301, only a small
subset of the MOOC students participated in discussion forums and these students are likely to
be more motivated to learn course concepts than the majority of the enrolled students. Future
research will need to examine whether discussion forum participants and non-participants
systematically differ in terms of their academic and demographic backgrounds. Also, our
findings pose generalizability issues due to relying on specific computer science subjects. In fact,
a substantial number of students’ posts included computer programming language and code.
Accordingly, our proposed automation model, as is, is unlikely to adequately fit data from other
discipline areas such as philosophy. Therefore, researchers should continue to investigate the
extent to which the ML approach that we adopted will be applicable to course subjects other than
computer science. Another limitation of our study is that we were not able to fully account for
time-series aspects of the collected data in our statistical analyses due to difficulties with
standardizing time zone differences among students participating around the globe. It would be
worthwhile to explore whether there are any interesting associations between the development of
online students’ cognitive presence levels and timing of responses from their teacher, TAs, or
peer students (e.g., can students reach higher cognitive presence phases more quickly when they
receive support within a certain period?).

Conclusion

Consistent with prior research, our findings suggest that online discussion forums serve
as a learning platform where students can actively develop higher-order thinking through the
four phases of cognitive presence, whether they are enrolled in an open-access MOOC or a for-
credit course. For both courses, discussion participants who engaged with the problem-solving
process more deeply tended to achieve better course outcomes, corroborating the crucial role of
cognitive presence in facilitating successful online learning. Finally, our exploratory application
of ML provides insight into potential solutions to the challenge of measuring and leveraging
cognitive presence in large-scale distributed learning environments in higher education.
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Furthermore, the initial success of our machine learning approach to cognitive presence
classification from forum data supports the design and development of instructional tools and
technical interventions which allow instructors to more effectively monitor and support students’
learning process at scale.
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Appendix

Table A.1
Summary of Existing Literature in the Application of Machine Learning to Online
Learning Research

Study Purpose & Scope
of ML Application

Explored a set of
linguistic features of
online discussion
messages and tested
automation of cognitive
presence classification
Predicted online student
performance/dropout and
detected at-risk students
based on their motivation
trajectories &
clickstream behaviors

Predicted student
satisfaction with
MOOC:s using data
collected through text
mining

Classified students into
one of four levels of
cognitive engagement
(i.e., passive, active,
constructive, interactive)
based on their cognitive
behaviors & social
interactions within
discussion forums
Explored a set of
linguistic features of
online discussion
messages (written in
Brazilian Portuguese)
that can predict the
phases of cognitive
presence

Online Learning
Setting

Online Master’s level
course in software
engineering

Undergraduate-level
MOOCs with various
course topics

Randomly selected
MOOC:s from Class
Central course metadata

Online courses in
software engineering

Online undergraduate
courses in biology &
technology
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Methodology for ML
Analysis

Random forest
classification

Random forest
classification,
generalized linear
model, gradient
boosting, neural
networks, feature
selection
Gradient boosting

Support vector machines
-based classifier

Random forest
classification
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