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Abstract
Asynchronous discussions are a popular feature in online higher education as they enable instructor-student and student–
student interactions at the users’ own time and pace. AI-driven discussion platforms are designed to relieve instructors of 
automatable tasks, e.g., low-stakes grading and post moderation. Our study investigated the validity of an AI-generated 
score compared to human-driven methods of evaluating student effort and the impact of instructor interaction on students’ 
discussion post quality. A series of within-subjects MANOVAs was conducted on 14,599 discussion posts among over 800 
students across four classes to measure post ‘curiosity score’ (i.e., an AI-generated metric of post quality) and word count. 
After checking assumptions, one MANOVA was run for each type of instructor interaction: private coaching, public prais-
ing, and public featuring. Instructor coaching appears to impact curiosity scores and word count, with later posts being an 
average of 40 words longer and scoring an average of 15 points higher than the original post that received instructor coach-
ing. AI-driven tools appear to free up time for more creative human interventions, particularly among instructors teaching 
high-enrollment classes, where a traditional discussion forum is less scalable.
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Introduction

Widely used in both online and in-person courses, asynchro-
nous discussion boards have been touted as a key pedagogi-
cal tool in encouraging students to engage with, and develop, 
the critical thinking and writing skills required for university 
level success (Aloni & Harrington, 2018). Within these dis-
cussion platforms, students engage with one another and 
their instructor in text-based environments that ask students 
to respond to prompts or offer commentary on topics. Top-
ics are often generated by instructors or other students and 
are left in open forums available for other students to review 
and comment on. Particularly for online courses, where it 
is more difficult for students to establish a social presence 
for themselves, discussion boards provide a platform for 
students to leave their ‘footprint’ upon the course in open 

displays of content application in the form of posts. These 
posts are often used as graded assignments by instructors, 
with students being evaluated based on metrics such as par-
ticipation frequency or contribution length (Dennen, 2008).

Asynchronous online discussions have been employed 
as a key role-player in facilitating successful student 
growth and engagement across disciplines (Dixson, 2010; 
Salter & Conneely, 2015). These discussion boards offer 
unmatched flexibility when compared to face-to-face 
discussions by giving students greater control over their 
schedules and environments (Dahlstrom-Hakki et  al., 
2020; Wang & Woo, 2007). Further, increased conveni-
ence of student engagement may ‘even the playing field’ 
between students who are predisposed to succeed in the 
more extroverted context of live discussion and those who 
prefer distance learning (Abe, 2020). Engagement with 
online discussion boards has also been linked to overall 
student performance in corresponding courses (Cheng 
et al., 2011; Lee & Recker, 2021), with the core of this 
improvement thought to occur in two ways: 1) the mechan-
ical act of entering one’s thoughts into an online portal 
vs. voicing them in person, and 2) the greater opportunity 
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both students and instructors have to engage in considered, 
meaningful interactions with one another that are less 
feasible in a synchronous space. Instructors can require a 
minimum number of posts in asynchronous boards that are 
then kept as artifacts for review and commentary, allow-
ing instructors to gain insight into the thought processes 
of each student.

Despite the advantages of asynchronous boards, 
instructors have become increasingly aware that they are 
not a panacea. Asynchronous discussion boards present 
several hurdles to successful implementation. Students 
can draw very different conclusions about what consti-
tutes a ‘successful’ post depending on their personal 
understanding of how best to engage with their instruc-
tor and peers via online discussion boards. For instance, 
some students define success in giving their best effort, 
while others define success as meeting the minimum 
requirements set by the instructor (Knowlton, 2005). Fur-
thermore, given their ability to engage with asynchro-
nous discussions on their own terms, many students alter 
their approach to discussion content in favor of time- and 
labor-saving strategies like skimming posts rather than 
reading them, which undermines content retention (Peters 
& Hewitt, 2010).

The platform on which instructors choose to host their dis-
cussions also mediates how students experience and partici-
pate. Students express preference for platforms that emulate 
social media experiences they may already be familiar with 
as opposed to the explicitly academic (Hurt et al., 2012). Stu-
dents may also experience more difficulty in the absence of 
explicit protocols created by instructors that guide students on 
how to interact with the discussion platform and each other 
(Zydney et al., 2012), demanding an instructor’s attention, 
where another method of assessment might not. Although 
asynchronous discussions afford the possibility for instruc-
tors to engage in more meaningful one-on-one commentary 
with each student who contributes, it is rare that instructors, 
especially those with a heavy course load, can actualize that 
potential for every student without considerable support from 
teaching assistants (Wuttikietpaiboon, 2013).

Examples of additional barriers to successful instructor 
intervention in asynchronous discussions include lack of 
instructor engagement, which is a risk factor for poor stu-
dent performance, or, in contrast, too much oversight and/or 
extensive instructor protocols may be considered invasive. 
Furthermore, if there are too few protocols, students may 
struggle to stick to a regular posting schedule or fully com-
mit to best practices for asynchronous discussions. Consid-
erable work has tested the influence of contextual factors 
such as discussion protocols (Zydney et al., 2012), gamifi-
cation (Ding et al., 2018), and even the discussion platform 
itself (Hurt et al., 2012) on student success and engagement 
patterns.

Most Learning Management Systems (LMSs), such as 
Canvas and Moodle, include native online discussion tools 
that allow instructors to oversee online asynchronous dis-
cussions on their own schedules. Some platforms are spe-
cifically tailored to facilitate asynchronous discussions 
by offering a more specialized set of tools than standard 
LMS environments. One such tool is an asynchronous dis-
cussion platform supported by the presence of an artificial 
intelligence (AI) alongside gamified features that moder-
ate both student discussion quality and instructor-student 
interactions.

While there is no consensus regarding what exactly con-
stitutes an AI, one useable definition includes any “comput-
ing system that is able to engage in human-like processes 
such as learning, adapting, synthesizing, self-correction, 
and use of data for complex processing tasks,” (Popenici & 
Kerr, 2017). Under this definition, simple tools such as spell 
checkers can be classified as AI. Several modern developers 
seeking to offer AI-supported learning tools have emerged 
in the past decade, such as Apple’s virtual-assistant Siri, or 
the Duolingo language learning companion in 2012. How-
ever, despite the best efforts of developers to stay current 
in response to more usage data becoming available, sev-
eral concerns have arisen from instructors and administra-
tors over the prospect of using AI in educational contexts. 
Chief among these are concerns about harmful algorithmic 
biases as well as student data privacy (Shum et al., 2017). 
However, research on the role of instructors in minimizing 
these concerns and using AI-supported tools to facilitate 
discussions in general is insufficient. There are considerable 
gaps in understanding what benefits these tools may offer the 
modern classroom (Zawacki-Richter et al., 2019).

Similarly, much is still unknown about the time and labor 
tradeoffs that AI-supported tools can offer instructors. For 
instance, while long-term use of an AI-supported tool may 
yield tangible benefits for a classroom, time-consuming 
training required to use a novel tool effectively may prove 
too great a disruption to education. However, some enti-
ties (Bryant et al., 2020) have reported that AI tools save 
instructor’s time in K-12 classrooms. Tools that save time 
for instructors on administrative tasks, e.g., grading or iden-
tifying specific students who may benefit from individual 
attention, are most beneficial. Moreover, AI tools that reduce 
administrative load (which may constitute up to approxi-
mately 40% of an instructor’s time) may prove useful in free-
ing up instructor time for more meaningful interventions, 
such as giving in-depth constructive feedback and or other 
student/instructor interactions.

One such tool that provides a potential boon to instruc-
tors is the AI-supported asynchronous discussion platform 
Packback, which approaches online discussions using pro-
tocols based on the Socratic method of questioning (Elder 
& Paul, 1998). The platform integrates principles of AI and 

286 TechTrends (2023) 67:285–293

1 3



1 3

gamification to increase student engagement and reduce the 
administrative time-commitment required to oversee online 
discussions. The platform features tools such as auto-mod-
eration to filter out low-effort or inappropriate posts, auto-
mated newsletters and leaderboards that highlight student 
achievement and, perhaps most strikingly, the AI genera-
tion of a numerical representation of a student’s effort in 
their discussion post, referred to as a ‘curiosity score’. The 
curiosity score is calculated using a proprietary algorithm 
that includes weighted measures for different quality fac-
tors: depth; credibility and presentation, as determined by 
word count; sentence structure; citations and formatting. 
The possibility of an AI-generated score that indicates to 
instructors which students may need feedback to curb dif-
ficulties in asynchronous online discussions, without hav-
ing the need to grade them first, stands out as a potential 
powerful asset worthy of investigation. This is especially 
true for high-enrollment courses in which instructors may 
derive more benefit from the time-saving features of the AI 
(Lantz et al., 2022).

In addition to the AI-supported features, the platform 
offers a layered system for instructors to provide feedback 
to students, including one-button vs. more effortful methods, 
and overt coding of whether feedback should be considered 
primarily positive (praising) or actionable (coaching) in 
nature. Coaching is presented as private feedback between 
the instructor and the student, while praising is public, avail-
able for other students in the platform to see. Features of this 
system also include the ability to ‘feature’ student posts, and 
archiving posts in a highly identifiable place in the platform 
as an example to other students of quality work. Coaching 
can help instructors establish a sense of teaching presence 
within the classroom, an essential element of the Commu-
nity of Inquiry Model (COI), promoting student cognitive 
presence (Park et al., 2015) as well as perceived learning and 
satisfaction (Arbaugh, 2010).

In line with COI, the public nature of ‘praising’ or ‘fea-
turing’ a post gives opportunity to instructors to more easily 
enact the role of the facilitator or co-creator of a social envi-
ronment that favors active and successful learning (social 
presence) (Garrison & Anderson, 2003). The combination of 
discussion prompt, AI-mediated feedback, and visible pub-
lic praise provides students with the directions to facilitate 
themselves, reducing some of the burden on the instructor 
(Zydney et al., 2012). Instructor-initiated interaction that 
is highly visible but sporadic may offer students room to 
engage in behaviors typically associated with high teaching 
presence (Park et al., 2015). With curiosity scores acting, 
in theory, as a way for instructors to better identify which 
students’ posts may deserve positive or actionable feedback, 
instructors may have additional time to capitalize on prior 
research that suggests discussion coaching helps students 
facilitate higher-order thinking skills (Stein et al., 2013).

Schartel (2012) argues that feedback or coaching is an 
essential element of learning, including in online discussions 
(Rochera et al., 2021). According to Schartel (2012) good 
quality feedback should be specific, focused on knowledge, 
behaviors, or actions and not on the person. The credibil-
ity of the feedback provider has an influence on students’ 
acceptance. In giving critical feedback, guidance that 
encourages student self-reflection can mitigate the possi-
ble emotional response to criticism. In online discussions, 
reinforcement feedback that is regularly provided by instruc-
tors also appears to aid students’ understanding of the topics 
(Rochera et al., 2021).

Despite the existence of these tools, comparatively little 
research has been done in validating how different kinds of 
feedback do or do not effect student post patterns. Addition-
ally, while the value of an AI-generated metric such as a 
curiosity score may have value to instructors as a quick, 
interpretable method of identifying student areas of success/
improvement, little research has been done on whether a 
score appears to quantitatively represent what it intends to 
for real instructors in the field. The purpose of the present 
study is threefold, 1) validate if a third-party, AI-generated 
construct successfully corresponds to more traditional mark-
ers of student effort; 2) determine how different actions, 
both those that give positive vs. constructive feedback and 
have an instant vs. non-instant time commitment, taken by 
instructors toward student discussion posts affects the effort 
displayed in future student posts; and 3) identify if the pat-
terns of action taken by instructors correspond in expected 
ways in both AI-generated and more traditional markers of 
student effort. Specifically, the present study seeks to answer 
the following research questions (RQs):

RQ1) Does a third-party AI-generated construct (‘curios-
ity score’) successfully correspond to an instructor-driven 
marker of student effort?
RQ2) How do patterns of instructor interaction impact 
students’ effort in subsequent discussion posts?

Methods & Materials

Method & Participants

Conducted at a public research university in the Southern 
United States, this study investigated over 14,000 discussion 
posts on the discussion platform over 3 semesters, Fall 2019, 
Spring 2020, and Fall 2020. Over 800 students from 15 class 
sections (including, but not limited to, 1000 level biology, 
2000 level research methods in psychology, 4000 level race 
psychology, and 4000 level investigations in human rights) 
consented to allowing their posts to be reflected in the 
14,599 analyzed posts. While not reflected in the present 
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study, students in Fall 2019 and Spring 2020 semesters were 
also concurrent participants in another study directly com-
paring Packback to innate LMS supported discussion boards 
(Hudson et al., 2020). As participation in the present study 
involved only skimming existing data (discussion posts) 
from students and data extracted from the platform itself, 
students were not given formal surveys with demographic 
information.

The instructors involved in the research are three tenured 
professors, averaging two- decades of teaching experience. 
They have all used discussion forums extensively in online 
or in-person classes. The instructor of political science had 
prior experience teaching with AI-supported online discus-
sions. The instructor teaching a high-enrollment biology 
course was supported by five teaching assistants (TAs), all of 
whom had previously completed an entirely online semester-
long TA development program (Heap et al., 2020).

The platform creators provided the deidentified data pack-
ets for how students used the platform, which were compiled 
into a single dataset to analyze student posting patterns from 
week to week throughout the semester. Additionally, each 
post came individually flagged if the instructor/TA inter-
acted with the post, and in what way. In doing so, students 
were evaluated at the individual level for how the effort met-
rics of their posts changed in the posts following the initial, 
instructor-tagged post. Specifically, researchers set flags for 
the next four posts following the initial post that were cre-
ated by the student after the instructor had given feedback, 
marking the posts with a number from 0 (the initial) to 4. For 
example, if a student posted three times in one day and the 
instructor interacted with the post a week later, the next four 
posts the student made after the timestamp of the instruc-
tor would be considered the four posts of interest. In cases 
where instructors interacted with posts in a relatively short 
time, such as a student only having time to make two posts of 
interest before the instructor interacts with their posts again, 
the flag counter would reset. No post was counted more than 
once for purposes of evaluating changing effort metrics.

Markers of Student Effort

Within the discussion platform, students made posts in one 
of two ways. First, both instructors and students could pose 
open-ended questions, with supporting contextual infor-
mation, which acted as the main ‘response chain’ of the 
asynchronous discussions. Typically, instructors posed a 
theme related to that week’s material and asked each stu-
dent to come up with open-ended questions that explored 
that theme. Second, students posed their own answers to the 
questions of their peers. This pair of responses, a question 
and an answer, often fulfilled the minimum post requirement 
for students each week.

While providing each type of response, students were not 
held to strict posting standards. Evidence of effort, such as 
providing meaningful citations or a word count significant 
enough to properly elaborate upon an idea, were not required 
by instructors, but were encouraged by the platform itself 
through live estimations of the student’s potential curios-
ity scores. These curiosity scores are automatically publicly 
provided to each student’s question and answer, acting as an 
AI-generated representation of a student’s final effort of their 
discussion response. Scored on a scale from 1–100, a curios-
ity score was automatically calculated for each student post 
based on post length, sentence structure, lack of repetition, 
and successful use of citations. While this curiosity score is 
strictly not a grade (e.g., a student may receive a curiosity 
score of 70 but meet all the instructor-specific requirements 
for an A on that week’s posts), the score is intended to be 
a reliable method of reducing instructor workload by read-
ily identifying students who may be devoting considerably 
more, or less, time to their discussion posts than their peers.

Though the usefulness of such a metric for instructors is 
apparent, some problems arise when considering that the 
score is based on the good faith of a third-party company’s 
AI. This is compounded by the fact that the formula for 
the generation of these scores is protected by the platform 
designers and not publicly available for review. Therefore, it 
is imperative that, if being used as a quantitative evaluation 
of student post effort, additional, more traditional metrics of 
effort are considered alongside curiosity scores. One metric 
of student effort that is quickly, quantitatively helpful is post 
word count, especially in absence of mandatory post-length 
minimums. While not an iron-clad representation of student 
effort, there is precedent to consider word count to be a use-
ful heuristic representation of the amount of detail students 
devote to their posts (O’Brien & Baugh, 2013). Through 
checking how instructor input affects both metrics, not only 
do we arrive at a more holistic understanding of how input 
is related to student outcomes in their posts, but how the 
AI-generated curiosity score stands in contrast to other effort 
measurements.

Patterns of Instructor Interaction

In interacting with student posts, instructors are afforded 
three main courses of action: coaching, praising, and featur-
ing student posts. When coaching posts, the platform asks 
instructors to provide private feedback to students on how 
the targeted post could be improved through edits, and to 
also give students advice on what to keep in mind for future 
posts. Praising posts, which are public, likewise asks instruc-
tors to provide two main lines of feedback to a targeted post, 
why the post is important for other students, and what the 
student did well in the targeted post that should be emulated 
in future posts.
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The final action, featuring posts, differs from praising 
and coaching in the amount of time instructors invest in the 
action. Unlike praising and coaching, where instructors are 
asked to provide specific feedback that can be up to a para-
graph in length, featuring is a one-button action that informs 
the class that a post is noteworthy. Within praising posts, 
instructors are offered an option to praise the post on the 
same page but can also complete the action outside of the 
praise user interface (UI) with one click. In all three methods 
of interaction, students receive an email and within-platform 
notification of the instructor action.

Results

Research Question 1) Validation of the AI Generated 
‘Curiosity Score’

We investigated patterns of how the AI-generated curiosity 
score was related to overall patterns of student word count 
at the post level. To validate whether the curiosity score was 
meaningfully related to this more traditional method of evalu-
ating student effort, a linear regression was conducted using 
post curiosity score (m = 72.08, SD = 17.07) as the independ-
ent variable and post word count (m = 119.48, SD = 59.21) as 
the dependent variable. Evaluating over 14,500 student posts 
(N = 14,599), overall regression results suggest a statistically 
significant effect [F (1, 14,597) = 4505.93, p < 0.001)] with 
a robust effect size (Adj. R2 = 0.24), suggesting that a post’s 
curiosity score helped explain nearly a quarter of the variabil-
ity in post word count. Moreover, a one-point change in curi-
osity score (scored on a scale of 0–100) roughly corresponded 
to about a two-word increase in post wordcount (β = 1.78, 
p < 0.001), implying that the higher the post’s curiosity score, 
the more detail students were adding to their posts.

Research Question 2) Student Post Outcomes 
and Instructor Feedback

We evaluated how each type of instructor interaction was 
related to patterns of student effort in our metrics of interest, 
by conducting a series of within-subjects MANOVAs using 
the order of the flagged posts as the independent variable, 
and post curiosity score and word count as the dependent 
variables. After checking assumptions, one MANOVA was 
run for each type of instructor interaction: private coaching, 
public praising, and public featuring.

Coaching

The first MANOVA was conducted to investigate the effects 
of coaching on post curiosity score and word count from an 
initial, interacted post to the next four posts. MANOVA results 

revealed an overall significant effect of coaching as related to 
both curiosity score [F(4, 1096) = 23.09, p < 0.001] and post 
word count [F(4, 1066) = 12.34, p < 0.001], suggesting a differ-
ence exists between the count of both metrics between the five 
posts on average. When we investigated MANOVA descriptives 
(Table 1) and ran follow-up post-hoc tests (Tukey’s HSD) we 
found that across both curiosity score and word count, the origi-
nal flagged post coached by the instructor showed a statistically 
significant difference with all four follow-up posts. Interestingly, 
among the four follow-up posts, none showed statistically sig-
nificant differences from each other, implying that, though there 
was a jump in both curiosity score and wordcount in posts fol-
lowing the initial coached post, the effect was stable, with no 
decline over the next several posts.

While it may be tempting to attribute this effect to students' 
early posts simply being less effective than their follow-up posts 
by virtue of being either unfamiliar with the platform or sim-
ply needing some time to learn about instructor expectations, 
evaluations of overall student trends suggest that this is not the 
case. To better contextualize the present results, we evaluated 
all students (not just those who had posts that were coached, 
n = 811), by conducting an exploratory MANOVA using the 
first, and last, post students made during the semester to test 
if students naturally improved in their curiosity score or post 
wordcount over the semester. Results revealed that there was 
not a statistically significant difference in either curiosity score 
[F(1,1611) = 1.91, p = 0.17] or word count [F(1,1611) = 3.07, 
p = 0.08]. Descriptive evaluations of the average difference in a 
student's first and last post for the semester likewise revealed a 
difference in less than two points, from 68.70 to 70.38, in student 
curiosity score, and about four words, from 112.40 to 116.51, in 
student wordcount. Though both metrics showed slight improve-
ment for students on average, neither result was statistically sig-
nificant or of a particularly large effect size. Students who had 
posts coached, comparatively, showcased an average increase 
of nearly 15 points in curiosity score and almost 40 words on 
average in their following four posts.

Table 1  Coached Post Descriptive Statistics

** indicates a statistically significant between-groups test at p < 0.001
a,b  groups of posts that are significantly different from one another (a 
is significantly different from b)

Post flag Curiosity 
Score (m)

Word Count 
(m)

Curiosity 
Score (SD)

Word 
Count 
(SD)

0 (n = 235) 58.50**a 86.20** a 25.29 61.28
1 (n = 235) 73.06**b 115.70**b 15.57 49.79
2 (n = 226) 70.04**b 108.48**b 17.19 43.21
3 (n = 221) 71.06**b 110.10**b 16.38 42.08
4 (n = 191) 71.35**b 106.03**b 15.86 32.83
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Praising

We conducted a second MANOVA on instructor praising posts 
using a similar approach to our coaching analysis. Post flags 
were used as the grouping variable and curiosity score and post 
wordcount as the dependent variables. MANOVA results sug-
gested no overall effect in either curiosity score [F(4,800) = 0.91, 
p = 0.56] or wordcount [F(4,800) = 1.20, p = 0.31] for posts that 
followed an instructor’s praise. In investigations of descrip-
tives (Table 2), no two sets of posts revealed themselves to have 
noteworthy differences across either curiosity score or word-
count, with post-hoc tests returning no statistically significant 
result. Overall, results suggest that praising did not influence the 
amount of effort students put into their following posts. How-
ever, when evaluated in contrast to coaching results, we do see 
that posts instructors identified as worthy of praising scored con-
siderably higher than initial posts instructors elected to coach, 
featuring a difference of almost 20 points in the curiosity score 
average and over 40 words in the average wordcount. In addition, 
while coached posts did show a jump in scores after instructor 
intervention, on average, these posts were not brought in line 
with the standards of students with praised posts. When con-
sidering the curiosity score as a marker, present results suggest 
that this score was ultimately related to the choice of effortful 
action (praising vs. coaching) instructors decided to take, with 
posts that were coached scoring considerably lower than posts 
that were praised, adding to the strength of the measurement as 
a tool for aiding instructors in identifying relevant post patterns.

Featuring

The final MANOVA on featuring was conducted using an 
identical analysis to praising and coaching. Here, there was 
an overall significant MANOVA effect for featured posts 
across both curiosity score [F(4, 2062) = 22.79, p < 0.001] 
and wordcount [F(4, 2062) = 8.95., p < 0.001]. However, 
when we examined descriptives for student post patterns fol-
lowing an instructor featuring their post, we saw statistically 
significant downticks in both curiosity score and wordcount 
(see Table 3). Post-hoc tests revealed that the initial, featured 
post came in at about 7 curiosity score points higher and 20 

words longer than the following four posts (at p < 0.001), with 
this initial post registering a statistically significant difference 
than each of the following four posts. The following four 
posts, in turn, were not statistically different from each other.

Although an initial read might suggest that perhaps fea-
turing a post may inspire students to devote less effort on 
following posts, we see that posts that were featured as well 
as the posts that followed them typically earned higher curi-
osity scores and wordcounts than general student posting 
averages. When compared directly to praised posts, featured 
posts appear to be of even higher quality, with the average 
featured post showcasing similar amounts of improvement 
to praised posts that followed the feature. Important contex-
tual information is also relevant to note, though instructors 
had the option to feature praised posts, more than twice the 
number of posts were featured (n = 447) than were praised 
(n = 168). This suggests that instructors were more likely 
to make use of the ability to feature quality posts than they 
were to praise them, perhaps due to the ease of the one-but-
ton validation of the post’s effort. However, though featured 
posts appeared to be of particularly high quality on average, 
even more so than praised posts, results suggest that this 
course of action did not inspire students to maintain that 
level of effort at a significant level in their following posts. 
While students with featured posts did maintain a level of 
post quality that appeared to be better than average, featur-
ing posts likely served more as an indicator of an especially 
high-level post from already high-achieving student, who 
appeared to revert to a lower, but still relatively high achiev-
ing mean after their post was featured.

Discussion and Future Directions

The purpose of this study was to determine the influence 
of an artificial intelligence (AI)-driven discussion platform 
on student discussion efforts and quality of different types 
of instructor-student interaction. More specifically, with 
concerns over AI replacing human action (Nedelkoska & 

Table 2  Praised Post Descriptive Statistics

Post flag Curiosity 
Score (m)

Word Count 
(m)

Curiosity 
Score (SD)

Word 
Count 
(SD)

0 (n = 168) 79.86 128.39 14.19 56.19
1 (n = 168) 78.55 138.51 11.92 65.45
2 (n = 166) 77.27 130.81 14.14 60.63
3 (n = 162) 77.50 130.27 13.36 64.72
4 (n = 142) 77.11 126.91 13.57 50.05

Table 3  Featured Post Descriptive Statistics

** indicates a statistically significant between-groups test at p < 0.001
a,b  groups of posts that are significantly different from one another (a 
is significantly different from b)

Post flag Curiosity 
Score (m)

Word Count 
(m)

Curiosity 
Score (SD)

Word 
Count 
(SD)

0 (n = 447) 84.79**a 155.50**a 11.41 77.69
1 (n = 447) 78.02**b 138.26**b 14.54 84.55
2 (n = 431) 77.64**b 136.02**b 14.88 60.53
3 (n = 402) 77.99**b 129.17**b 14.17 64.72
4 (n = 341) 77.23**b 133.42**b 14.18 50.05
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Quintini, 2018), this study intended to investigate whether 
an AI-driven discussion platform provides the opportunity 
for effective human intervention. Additionally, we sought 
to understand how an AI-generated score compares to 
more traditional metrics of post effort.

Our findings indicate that instructor coaching appears to 
positively impact both curiosity scores (i.e., the platforms’ 
AI-generated metric of post quality) and word count, with 
later posts being longer and scoring higher than the origi-
nal post that received instructor coaching. This effect was 
not limited to only students who posted early in the semes-
ter, with instructors coaching all throughout a semester 
showing similar levels of improvement in posts that fol-
lowed. Instructor praising and featuring, on the other hand, 
did not appear to have an overall positive effect on the 
amount of effort students put into their following posts. 
However, posts instructors identified as worthy of praising 
scored significantly higher than initial posts instructors 
elected to coach. This suggests some validity to the AI-
driven measurement as a tool in assisting instructors to 
assess post quality (i.e., there was a high overlap between 
posts the AI flagged as high quality and posts the instruc-
tors elected to publicly praise).

One possible explanation for this effect is that posts 
coached by instructors had more room to grow than posts 
that were already high-quality. Students at the highest-
level curiosity score may not have much room for improve-
ment in their already high-level posts and were simply 
encouraged to keep up the effort rather than improve on 
it. Posts elected by instructors as worthy of being featured 
appeared to be of even higher quality than praised posts, 
coming in at about seven curiosity score points higher and 
20 words longer than following posts. Yet, our findings 
suggest that featuring did not inspire students to maintain 
that significant level of effort over the next several weeks. 
Again, this may be due to the students already providing 
an unusually high level of effort in featured posts. Given 
that following posts often actually fell significantly in 
terms of both curiosity score and word count, it is also 
possible that these featured posts captured students at the 
outliers of their effort, with many regressing to a more 
reasonable effort ‘mean’ in the following weeks.

Formalizing our results into instructor recommenda-
tions, beyond the studied platform, the actions of praising, 
coaching, and featuring can be essentialized into their core 
components. First, in terms of coaching, our results sug-
gest that targeted, one-on-one digital feedback with stu-
dents can drive students who may be struggling in their 
online discussion to achieve at least an adequate (pass-
ing) level of effort in their posts, with this effect persist-
ing over the student’s next several submissions. Compare 
that to praising, or the act of providing public feedback 
that is not necessarily constructive, but congratulatory 

in nature. While students may appreciate the gesture, the 
present results suggest that instructor time may be better 
served elsewhere (such as with the low-scoring students) 
if the sole goal of instructor feedback is to improve student 
performance. Finally, in featuring, or the act of publicly 
indicating a post is worthwhile but NOT accompanying it 
with any sort of feedback, may also not be a high priority 
for instructors who wish to devote their time to students 
who may benefit more from intervention. Unlike praising, 
though, these acts that give kudos to a student via a simple 
‘button click’ may still be undertaken by a busy instructor, 
thus interacting with students who may not need interven-
tion to improve their performance but may appreciate the 
sentiment, with minimal investment of instructor time due 
to the immediacy of the effect.

The use of AI can further time saved for instructors in 
other ways, such as using curiosity scores as a means of 
quickly flagging posts in need of intervention and auto-
moderating posts that would have needed intervention. 
Prior studies have demonstrated that feedback in the form 
of coaching can help students increase higher-order thinking 
skills (Stein & Wanstreet, 2020; Stein et al., 2013). Coaching 
and feedback also help establish a sense of teaching pres-
ence, a core element of the Community of Inquiry model 
(COI) (Garrison & Anderson, 2003) which is associated 
with improved cognitive presence (Park et al., 2015) and stu-
dents’ perceived learning and satisfaction (Arbaugh, 2010). 
Part of what drove improvement for coached students may 
be the feedback integrating the instructor into the online 
discussion community. Additionally, in using social media-
like tools and learning technologies, knowledge is individu-
ally generated but socially mediated. With the present plat-
form, students formulate their own questions, moving a step 
beyond traditional discussion protocols, enabling students 
to discuss personally meaningful topics with one another, 
under the guidance of an instructor. Looking back at the 
COI model (Garrison & Anderson, 2003), the AI appears to 
be designed to partly replace a few more mundane aspects 
of human intervention such as grading (Teaching Presence) 
and moderating (Social Presence), which in turn plays a role 
in influencing student learning and writing skills (Cognitive 
Presence), efforts which are reflected in the displays of effort 
by students when coached by the instructor.

The ability for an AI-driven tool to enhance human inter-
vention and free up time for more creative activities appears 
to be well received particularly among instructors teaching 
high-enrollment classes, for whom a traditional discussion 
forum is challenging to manage at scale (Smith, 2019). For 
one of our current instructors, a biology professor, the use 
of AI-driven assistance was a noted positive compared to 
previous, LMS based discussions. Online Contemporary 
Biology for non-majors is a required core course. Often stu-
dents are not enthusiastic about participating in the topic. 
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The AI-driven platform created a patterned change not only 
in the quantity and quality of the discussion posts, which 
were vast improvements from previous semesters which 
used a Canvas based platform, but also in the quality of 
their writing assignments. Whereas students in previous 
semesters struggled to include meaningful citations in their 
assignments, improvement was noted in the semesters which 
included the AI-driven discussions.

A limitation to consider is that two of the three studied 
semesters were in the middle of the COVID-19 pandemic. 
Results show very similar trends across semesters on the 
impact of individual coaching and public featuring and 
praising of posts. However, students with pre-existing hous-
ing insecurity and poorer health reported greater disruption 
to their learning (Bartolic et al., 2022), which also reflected 
into students’ reading (Domingue et al., 2021), writing, and 
general digital literacy skills (Indrajit & Wibawa, 2020). A 
follow-up study could look into subsequent semesters post-
pandemic and lockdown measures and draw comparisons 
with AI-driven interventions pre-pandemic, to investigate 
the extent to which AI may or may not assist instructors and 
students in developing digital literacy skills efficiently and 
in disruptive contexts.

The AI takes the burden of grading and moderating off 
the instructors, freeing up time for human-driven interven-
tions such as providing feedback, which this study indicates 
being impactful for students’ writing skills. However, this 
study did not compare time spent engaging in AI-supported 
platforms vs. traditional platforms. A follow up mixed-
methods study could observe time spent by instructors in 
traditional vs. AI-supported discussion boards, as well as 
collect instructors’ self-assessment of time spent, to deter-
mine if AI-supported initiatives do indeed save instructors’ 
time compared to non-AI-supported.

Further exploration of the impact of AI-driven interven-
tions on student learning and quality of instructor-student 
interactions could also include case studies from other sub-
ject disciplines that we have not tapped into, as well as nar-
rowing efforts onto unrepresented or more diverse student 
demographics, given the dearth of evidence-based recom-
mendations in AI-driven STEM education applicable to 
a diverse student body (Skowronek et al., 2022) and con-
cerns over bias and equity in AI implementations (E. Gil-
bert, 2021). Furthermore, while no direct effect of praising 
or featuring was observed on the students who submitted 
the posts, the present study does not account for the public 
nature of praising or featuring on the posts of other students. 
While the present data suggests that praising and featuring 
are ineffective ways of increasing an individual student’s 
effort, the public nature of these interactions may provide a 
blueprint for quality that other students may follow. Future 
studies may do well to account for the public vs. private 
nature of feedback on student post efforts. Student posting 

effort was also only tracked for four follow-up posts to the 
initial post. Four posts may have been as little as one week 
of work. As such, the effect of instructor coaching beyond 
an arbitrary post cut-off, or perhaps indeed outside the dis-
cussion platform, would be a prudent next direction. Other 
directions include investigating the impact of instructor-
driven interventions that include a wider instructor demo-
graphic, from full-time instructors to adjuncts and teaching 
assistants (TAs).
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