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Learners’ awareness of their own affective states (emotions) can improve their meta-cognition, which is
a critical skill of being aware of and controlling one’s cognitive, motivational, and affect, and adjusting
their learning strategies and behaviors accordingly. To investigate the effect of peers’ affects on learners’
meta-cognition, we proposed two types of cues that aggregated peers’ affects that were recognized via facial
expression recognition: Locative cues (displaying the spikes of peers’ emotions along a video timeline) and
Temporal cues (showing the positivities of peers’ emotions at different segments of a video). We conducted a
between-subject experiment with 42 college students through the use of think-aloud protocols, interviews,
and surveys. Our results showed that the two types of cues improved participants’ meta-cognition differently.
For example, interacting with the Temporal cues triggered the participants to compare their own affective
responses with their peers and reflect more on why and how they had different emotions with the same video
content. While the participants perceived the benefits of using AI-generated peers’ cues to improve their
awareness of their own learning affects, they also sought more explanations from their peers to understand
the AI-generated results. Our findings not only provide novel design implications for promoting learners’
meta-cognition with privacy-preserved social cues of peers’ learning affects, but also suggest an expanded
design framework for Explainable AI (XAI).
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1 INTRODUCTION
Meta-cognition refers to the awareness and control of one’s cognitive, motivational, and emotional
states (also called affects), and adjusting their own learning strategies and behaviors [34, 49, 68, 69].
Recent studies have begun to explore meta-cognition in social and online learning environments,
and have identified important meta-cognition processes such as sharing ideas and inviting peers to
evaluate them [69]. To facilitate meta-cognition for improved learning experiences and reflections,
tools are needed to raise learners’ awareness about their own and peers’ learning affects [13, 49]. For
example, Automatic Emotion Recognition (AER) via facial movements is an Artificial Intelligence
(AI) technology and can be applied to detect learner’s affective states at low expense [3, 15, 48].

However, there is a lack of research on sharing AER-based affects and little is known about the
effect of using AI-generated peers’ affects for improving individuals’ learning experiences. Also,
with regard to AI-based solutions, privacy, and trustworthiness are important ethical factors to
consider [15, 41, 51]. It is crucial to understand learners’ willingness to share their AER-based affects
and how the potential ethical concerns could impact their perceptions and use of the AI-generated
affects of themselves and their peers.
To address the voids, we designed and prototyped MirrorUs, an AER-based reflection tool for

reflecting on video-based learning. It presents learners’ own affects with peers’ affects that are
generated by an AER-based technology via facial movements. We named the tool MirrorUs, hoping
that learners can be more aware of their own learning affects by mirroring others’. Through a
need-finding study and drawing from existing literature, we proposed two types of AI-generated
affect cues that aggregated peers’ affects: Locative cues that display spikes in peers’ emotion along
the video timeline and Temporal cues that show the positivities of peers’ emotions at different
segments of a video. We conducted a between-subject study with three groups of participants:
Locative (N=15), Temporal (N=14), and the control group (N=13) to evaluate the two designs. We
examined participants’ think-aloud, interaction with the affects cues, interview feedback, and
survey input.
Our work makes significant contributions to the CSCW community. First, we provide new

empirical evidence showing that AI-generated peers’ affects could trigger three types of meta-
cognition processes in reflection, e.g., (dis)agreement with peers affects, recalling content to explain
own affects, and building shared knowledge. Specifically, Temporal cues had a positive effect on
improving (social) meta-cognitive processes. Second, our findings provided new insights into
collecting human input to explain AI-generated results. Specifically, participants looked for human
input for explaining the AI-generated affects so as to improve participants’ trust in the tool. This
finding suggested an expanded explainable AI design framework proposed in [25] by adding a
“How” category (e.g., explaining how the AI results are generated) to the existing 4W (What, why,
who, and when) categories for improved social transparency of AI-based systems.

2 RELATEDWORK
2.1 Learner’s Affects and Meta-Cognition in Online Learning
Meta-cognition allows learners to become more aware of their own learning processes and to adjust
their own learning strategies and behaviors [46, 49]. Research has found that by improving learners’
awareness of their own and peers’ affects, such as engagement, flow, curiosity, frustration, and
boredom [11], meta-cognition can be increased. This awareness can also help learners understand
and monitor their own learning performance [15, 21, 23, 24]. Additionally, observing how peers
respond to a certain situation can create a feeling of curiosity that encourages learners to think
more deeply about how their actions differ from those of their peers [24], which can be beneficial
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for meta-cognition. Our goal is to increase meta-cognition by improving awareness of one’s own
and peers’ affects.
A growing body of research is investigating the impact of meta-cognition in online learning

environments. Studies have demonstrated that meta-cognitive strategies, such as self-regulation,
can lead to greater academic success and improved learning outcomes in offline settings [19].
Research has further argued that meta-cognition is beneficial for enhancing social learning in online
environments, with self-regulatory strategies promoting collaborative learning success [22, 66].
Chan [13] investigated the social aspects of meta-cognition and demonstrated that computer-
supported collaborative learning environments help learners conduct social meta-cognition to be
aware of knowledge differences between themselves and other group members. However, few
studies have investigated the impact of promoting meta-cognition with peers’ affects in online
learning settings, particularly with Automatic Emotion Recognition (AER) technology (explained
in the following section).

2.2 Automatic Emotion Recognition (AER) in Online Learning
With the advance of AI, Automatic Emotion Recognition (AER) technologies have been widely
used in both research and industry settings. AER is a sub-field of AI that involves the development
of algorithms and models that can automatically detect and interpret emotions. AER technologies
detect emotion using input channels such as body movements [65], speech [59], and brain activities
[1]. Recent AER technologies build on facial recognition models to predict affective states based
on images [58, 60]. AER technology for analyzing and visualizing facial movement and detecting
learners’ affects is an important part of online learning environments. For example, AER via facial
movements helps teachers become more aware of learners’ emotions and behaviors in online
learning [26, 44, 47], to conduct online communication skills training [50, 56], and to proctor online
exams [41]. More importantly, visualizing emotions identified by AER via facial movement in an
online learning system can raise learners’ self-awareness and support reflections [3, 14, 15, 48].
Learners’ affects can be represented in categorical emotions (e.g. surprise, enjoyment [33, 39])

or dimensional spaces (e.g. arousal and valence features [6, 57]). Russell et al. [54] introduced the
circumflex model which categorizes emotions into two-dimensional arousal-valence circle. An
arousal scale ranges from -1 (extremely calm) to 1 (extremely excited) that measures the intensity
of excitement, while a valence scale ranges from -1 (extremely negative) to 1 (extremely positive)
that measures pleasantness [6]. AER technology is able to detect learners’ emotional states through
facial movements in both categorical and dimensional affects in online learning. Dimensional
affects are preferred for dynamic analyzing emotional states’ intensity and transitional behaviors.
To illustrate, the self-regulated learning systems MetaTutor and Mirror used dimensional space to
track learners’ performance and awareness of their own affects, respectively. Chen et al. [15] found
that when learners used a two-dimensional model rather than a categorical model for self-reflection,
they had more freedom to interpret their own emotions due to the imperfection of AER data. In
this work, we utilized a facial recognition model (MTCNN API [20]) to represent learning’s affects
in dimensional spaces (arousal and valence feature).

2.3 Explainable and Ethical AER-based Online Learning Systems
The primary goal of Explainable AI (XAI) aims to provide explanations to make AI models’ actions
and decisions understandable to humans [43]. In the context of learning systems, most of the
existing studies in XAI are model-centered rather than human-centered [25], namely, they do not
address the emotional responses of humans as they interact with the explanations [29]. Ehsan et al.
[25] proposed a human-centered perspective that takes into account sociotechnical factors and
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considers the 4W contexts (What, Why, Who, and When) to improve the social transparency of AI
systems by explaining how they mediate decision-making.

In intelligent learning systems, some recent works started to explore learner-centered approaches
to explain AI-based learning systems. For example, Afzaal et al. employ techniques in learning
analytics with XAI models to provide intelligent feedback and aid in promoting self-regulation of
learning [2]. Conati et al. designed an explanation function with personalized hints in the intelligent
tutoring system and found that their design helped students use learning tools in open-ended
learning environments, by making computational models more transparent and interpretable to
learners [18]. However, these explainable AI-based learning systems have not yet integrated AER
technologies nor have they been implemented for online learning systems.

In order to effectively implement AER-based online learning systems, it is crucial for AI to provide
explanations that are understandable to both educators and learners. Madumal et al. mentioned
that XAI or explanations has the potential to resolve ethical issues related to the actions, decisions,
and behaviors of AI in online learning systems towards learners [45]. For instance, ethical concerns
include but are not limited to, the accuracy of the AER technology along with privacy concerns
[15, 31, 51]. Learners have expressed concerns about not being able to control whether the system is
detecting their emotions and if their data is shared with others [15, 47]. Sharing emotion-sensitive
information could raise privacy concerns and transparency issues [37, 41, 67]. Moreover, the access
to data collected by the emotional system raised risk of surveillance on both students and tutors
[9, 41, 51]. From the technical perspective, there have been concerns about the accuracy of facial
expression recognition algorithms, namely, users’ own interpretations of the emotions may not be
accurately perceived [4, 28, 53] and how these systems handle and distribute users’ images obtained
through facial expression recognition algorithms [47, 56]. In summary, limited studies are made on
understanding and addressing ethical concerns of XAI for these online learning systems [36].

2.4 ResearchQuestions
In Section 2.2, we discussed how AER technology has exhibited the potential in identifying learners’
emotional states. Our first research question (RQ1) aims to explore how these recognized affects can
aid learners’ metacognition in online learning when utilizing peers’ affects. However, it’s crucial to
note that AER technology requires transparency and raises ethical concerns, as stated in Section 2.3,
which includes disclosing data, algorithms, and resulting outputs. Therefore, our second research
question (RQ2) focuses on investigating the impact of ethical concerns on learners’ willingness to
share their detected affective states with others. This study aims to analyze the interaction between
learners and their peers’ affective states in RQ1 and to understand whether learners are willing to
participate in the ecosystem by sharing their affective states with their peers in RQ2.

• RQ1: How do learners reflect on their learning experience by navigating peers’ affects in Mir-
rorUs?

• RQ2:What are learners’ perceptions of sharing own affects in MirrorUs for peers’ reflection?

3 MIRRORUS SYSTEM DESIGN
To answer our research questions regarding the effectiveness of reflecting on peers’ AER-based
affects and perceptions of sharing their own AER-based affects for other system users, we conducted
two need-finding sessions. In Round I, our goal was to explore what types of peer affects learners
would find useful in video-based learning. In Round II, our goal was to identify the system features
that supported the representation of peers’ affects and were preferred by learners for interaction
and reflections. We proposed two types of peers’ affects leveraging AER via facial movements,
Locative cues (displaying peers’ emotion spike along the video timeline) and Temporal cues (showing
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the positivities of peers’ emotions at different segments of a video) shown in Figure. 1. These two
types of peers’ affects were evaluated in RQ1 and RQ2. Our system supports video-based learning
and the whole system flow includes individual video watching, self-reporting learning moments,
and reflection with own and peers’ affects as shown in Figure 2.

Fig. 1. Different Peers’ Cues Presented in MirrorUs for Reflections among Three Groups. One treatment
group displayed AI-generated Locative cues: aggregated peers’ emotion spikes from AER; one treatment group
presents AI-generated Temporal cues: aggregated peers’ dominant emotions from AER as shown in Figure 1.
The control group only displayed peers’ comments without peers’ affects. The feature of displaying peers’
comments to facilitate reflection is the same across all three groups informed by need-finding studies. In
our evaluation study (RQ1 and RQ2), the peers’ comments and the AER were mock-up data, as explained in
Section 3.2.2.

3.1 Need-finding in Two Rounds
3.1.1 Round I - Identifying Different Types of Peers’ Affects Useful for Reflections. For this activity,
participants were asked to describe to the researcher what types of peers’ affects theywere interested
in interacting with for reflection purposes by viewing their own and one peer’s emotion intensity
graphs generated from AER via facial movements. 16 participants were recruited for this activity
(10 female, 6 male, ages 19-28, students in higher education, F1-F16).

Study Process: Participants were first asked to watch a 15-minute video on the topic of Augmented
Reality. In the next step, participants were asked to provide text-based comments at self-selected
video timestamps regarding their learning moments and affects, also denoted as “self-report” in the
rest of the paper. Participants were then asked to reflect on their learning experience through the
think-aloud protocol while engaging interactively with a graph showing the emotional intensity of
a peer and themselves (as shown in Appendix A.2). The peer learner’s graph had been collected by
a researcher prior to the activity and was presented to all participants. Think-aloud is commonly
used by researchers to collect data on how users understand visualization. e.g. [17, 55]).

System Details of Generating Own and Peer’s Emotion Intensity Graph from AER via Facial Move-
ments: We created an emotional intensity graph by recording facial images of a learner during the
viewing of an online video and applying the state-of-the-art regression algorithm (MTCNN [20]) to
predict the arousal-valence pairs. The system stores the captured images on the learner’s computer
and then sends them to the remote server for AER via facial movements. To map the arousal-valence
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Fig. 2. The User Interaction Flow ofMirrorUs: (Step 1) The system uses a webcam to detect facial movements
and interpret user affect from AER while the user is watching the video; (Step 2) user self-reports their affects
after watching the video through emoji and text; (Step 3) user reflects with their own effects with additional
peers’ affects on the post-learning dashboard. Post-learning dashboard has seven areas: (a) displaying the video
recording, (b) displaying peers’ cues and differ among the three groups (in our study, text comments are
mocked-up with previous learners’ self-reports) (c) visualizing own time-based AER data via facial movements,
(d) tagging self-reported learning moments, (e) providing video selfies captures at the selected timestamp
(illustrated according to a captured image by researchers to preserve participants’ privacy; video selfies did
not automatically show up and users needed to click ’Refresh’ for it to show up (f) providing a legend for
time-based AER data of own affects, and (g) providing a legend for peers’ affects (this is not shown for the
control group). The sample data was from L14.

pairs into visual graphics, we generated a 2D scatter plot by using the HSL color wheel to color-code
each point according to its angle from the arousal-valence 2D values. Additionally, we provided
a corresponding legend of arousal-valence 2D space on the interface to interpret the affects. The
legend uses a continuous rainbow with cool colors representing negative results and warm colors
representing positive results [15, 32, 40] to depict the relationship between arousal and valence.
The emotional intensity graph and its legend were implemented the same in the formal study as
shown in Figure 2 area (c) and (g). To ensure the privacy of the data, the process of predicting
emotional data from images was handled on the remote server, while the process of capturing own
facial images is stored locally.

All 16 participants reflected on their interactions on their own and peers’ emotion intensity
graphs. A total of 47 interactions were recorded in relation to the video content reflection. In
particular, interest in mentioning peers’ positive/negative segments was reflected about 28 times,
while 19 reflections emerged regarding peers’ arousal. Our analysis of participants’ feedback
revealed two cues that facilitate time-wise comparison: mostly positive/negative, and observed
emotion spike. Participants intended to explain why a video segment had dominant positive or
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negative emotions as well as compare whether their peers had similar experiences. Our think-aloud
transcripts illustrated how participant F11 tried to find common affects from the peer graph. “In the
beginning, there was a change from orange to yellow, and I know it was like a mix between curiosity,
delightful and recognizing fresh research. Seems like this peer felt similarly mostly positive, as I did."
Participants were also interested in reviewing video content that caused spikes in the emotion

intensity graph. Participants wanted to determine whether they had overlooked any content that
was particularly intriguing or confusing as the spikes were perceived as being caused by interesting
content. For example, F9’s think-aloud revealed the motivation to rewatch a specific segment in the
video. “Oh there is a peak around the middle part, but I didn’t have any spikes here. Maybe I missed
something here [Rewind Video]. I see, I also found it very exciting and really attracted my attention. I
actually wanted to take a self-report for this part while watching the video but I forget, it was about
the AR for NGO."

Findings: Two Types of Affects via AER for Post-Learning Reflections Recent works on AER have
proposed two metrics to capture transient affects: emotion spikes, which are brief and intense
changes from the expected mean emotion; and dominant emotions, which are the most prevalent
emotion labels throughout a given time-frame [35]. Our findings from Round I align with these
metrics. Participants observed sharp changes in the emotion intensity graph, which correspond to
emotion spikes, and the use of mostly warm/cool colors to represent positive/negative emotions in
a time segment, which correspond to dominant emotions. Consequently, we plan to propose two
types of peers’ affects reflecting emotion spikes and dominant emotions based on AER.
Findings: Self-Reporting After Watching Videos for a Focused Learning Experience: Participants

suggested that self-reporting and watching the video should be done separately. Self-reporting
while watching a video would require pausing and resuming, particularly when the video is 15
minutes long. This process involves recalling and articulating one’s feelings about the video content,
which might disrupt the learning process. Therefore, our workflow consists of three steps: watching
a video, providing self-reported learning moments, and navigating affective cues for reflection.
This is illustrated in Figure 2.

3.1.2 Round II - Features to Support Reflections using Peers’ Affects. This study was designed to
understand features that can support reflection on the peers’ affects. The same 16 participants of
Round Study I were invited to this study one month later, and ten of them participated.

Study Process: First, participants marked out positive/negative dominant emotions and timestamps
with emotion spikes on their own emotion intensity graph from Round Study I. This was done to
help them become familiar with their own affects data, and for researchers to collect participant
affects to aggregate peers’ affects cues in the formal study. Secondly, participants viewed four
prototypes to stimulate their thoughts and consideration when comparing their own and peers’
affects. We focused on designs that would help with effectively comparing 2D arousal-valence
affects, as prior research suggested that users find it challenging to interpret these data together in
the 2D scatter space [15, 27]. An example of prototype: an interface highlighting sections across
two time-series line graphs of own and peers’ affects, which is the AI-recognized differences.

Feature-1: Aggregated Affects for Anonymous Comparison: Participants expressed strong concerns
about privacy when it comes to sharing affective data at a small granularity, such as their own
affects. They suggested that even anonymous own affect graphs should not be shared. They also
considered personal emotion eliciting privacy issues and not as valuable for other learners. Instead,
they felt that the most beneficial data for other learners is the collective affects of the whole class,
which should be shared in an aggregated form.
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Feature-2: Parallelize Own Affects and Peers’ Cues for Time-wise Comparison: Wile participants
acknowledged the potential of system-generated suggestions for comparing different expressions,
they expressed skepticism as to the accuracy of using the system to define AER differences. To
ensure accuracy, participants preferred to manually compare AER in the context of their own
emotional expressions. This study focused on giving users the ability tomake time-wise comparisons
themselves, rather than exploring designs that would increase the perceived accuracy of AI.

Feature-3: Prefer Reading Text Comments to Facilitate Recall. Participants indicated that providing
textual comments as a means of interpreting and verifying the affects derived by the AER models
would be helpful. Some participants noted that seeing textual comments can assist them in recalling
video content they might have overlooked. Participants also realized that text comments can help
them compare their own interpretations of video content with others’. In other words, participants
wanted to see text comments from their peers to identify whether their learning experiences were
similar or discrepancies.

3.1.3 Proposing Two Types of Cues Aggregating Peers’ Affects based on AER via Facial Movements.
Here, we propose Locative cues and Temporal cues as a result of taking account into Round 1
takeaway on different types of affects participants perceived useful, and Round II takeaway that
aggregating the peers’ affects (Feature-1) along the timeline (Feature-3) and providing text comments
(Feature-3), as illustrated in Figure 1. The peers’ cues in the control group had no information about
peers’ affects and are only text comments to facilitate recall (Feature-3) along the video timeline
(Feature-2).

We named the aggregated peers’ common emotion spikes as Locative cues, while the peers’
common dominant emotions were named as Temporal cues. In the Locative cues, emotion spikes
are displayed with up and down arrows to represent peers’ high and low arousal. In the Temporal
cues, dominant emotions are presented using segments in the video timeline, with positive and
negative emotions highlighted with colors Pastel Magenta and Teal respectively. We integrated
the parallelize own affects and peers’ cues for time-wise comparison (Feature-2) by arranging the
peers’ cues vertically above the own affects (as shown in Figure 2).

3.2 FinalizedMirrorUs Design to Support Reflection using Affects
Our major workflow consists of three steps: watching a video, providing self-reports, and navigating
affective cues for reflection. Such learning processes using the MirrorUs system are illustrated in
Figure 2. Step 1, step 2 and step 3 in Figure 2 are detailed in Section 3.2.1. In Section 3.2.2, we
described how we mocked-up affects data to support consistency across participants in terms
of Locative and Temporal cues. Our mock-up approach to simulating peers’ affects is not the
only possible approach. Rather, it is one of the methods that emerged through our two rounds of
need-finding.

3.2.1 MirrorUs Workflow.
Step 1: Collecting Own AER data while Watching Video: In our system, a state-of-the-art regression

model (MTCNN [20]) is used to detect individual affects using facial images. The system captures
continuous image streams, locates human faces, crops the images into square shapes that contain
only the learner’s head region, and then feeds the resulting images into the model for predicting
arousal-valence values. The arousal-valence values are visualized as emotion as an intensity graph
to appear in Figure 2 area (c).
Step 2: Self-Report Affects: After watching the video, participants were presented with a table

containing a timeline of the video and were asked to write a reflection associated with each point
in the timeline. They were also asked to select an emoji from a list of nine options that represented
confusion, frustration, surprise, curiosity, delight, flow, fresh research, bored, neutral. These emoji
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options were presented in an arousal-valence matrix, which has been used in previous models to
predict affective states in learning [33, 39]. Once the participants provided their comments and
selected an emoji, the affective states were pinned onto the timeline shown in Figure 2 area d.
Step 3: Reflection with Own and Peers’ Affects After Watching Videos MirrorUs features two

variations of time-wise comparison, as illustrated in Figure 1. The first one presents peers’ cues
of high and low emotion spikes. The individualized graphs help learners make sense of their own
affects, especially changing between different emotional states. Learners are able to compare their
own affects with those of their peers by clicking anywhere on their own graph. A vertical red
dotted line is displayed in both own and peers’ affects to enable comparison.
Self-report is the same process and feature that exists in all three groups. A Kruskal-Wallis

test and Dunn’s test analysis indicated that participants’ self-report in step 2 quantity in formal
evaluation (RQ1 and RQ2) show no statistical significance difference between the three groups (M=
6.9, SD=3.3). Also, in the think-aloud session, the majority of participants did not click self-report
(on average 0.10 time per participant) in step 3. Therefore, we do not focus on self-report in the
main finding sections and reflect on its design in the discussions.

3.2.2 Mock-Up Data of Locative and Temporal Cues. In this study, we mocked-up peers’ affects
using the data from ten participants that attended both rounds of need-findings. We introduces
our mock-up process below. Kaur et al. presented an approach for identifying emotion spikes and
dominant emotions by using grid searches and algorithms, and its outputs were then confirmed
by human participants [35]. Instead of confirming with participants, our research directly used
each participant’s manual mark out emotion spikes, dominant emotions collected in Round II of the
need-finding and researchers aggregated the affects data.
In order to display high-realistic peers’ affects, researchers first reviewed all intensity graphs

that included text labels of emotions on multiple video segments that participants in Round II had
manually labeled. For each 1-minute interval, the percentage of participants that marked it as a
positive segment, negative segment, high intensity peak and low intensity peak was added up.
The top eight segments with the highest percentage of more than 50% participants expressing
positive or negative were marked as “common agreed positive/negative“ and displayed as Temporal
cues, while the top eight agreed high/low peaks were chosen to display in Locative cues. The
reason for selecting the top eight was that in Round I, the average self-reports per person was
7.5, thus most participants were comfortable with a cognitive load consisting of reflections across
eight timestamps. Then for peers’text comments, The researcher screened 87 self-reported texts
to identify the ones that match the chosen time intervals and the AER data to present as peers’
comments. Eight qualified peers’ comments were selected for each time interval in Locative cues;
Eight qualified peers’ comments were selected for each time interval in Temporal cues. As for the
control group, four from Locative cues and four from Temporal cues were displayed. The peers’
comments were displayed anonymously to ensure comfort for sharing.

4 METHOD
4.1 Study Design forMirrorUs Evaluation
To understand how learners would use MirrorUs for video-based learning, we conducted a three-
session user study, as illustrated in Figure 3. We recruited 42 participants (21 female, 20 male) and
randomly assigned them to one of the three groups. The control group has 13 participants, while
the group reflecting with Locative cues and Temporal cues had 15 and 14 participants each. In the
remainder of this paper, we denoted the participants who were provided with the Locative cues by
L01-L15 and the participants with the Temporal cues by T01- T14. Participants from the control
group were denoted as C01-C13.

Proc. ACM Hum.-Comput. Interact., Vol. 7, No. CSCW2, Article 288. Publication date: October 2023.



288:10 Si Chen et al.

All participants are current college students, including 16 who reported pursuing a graduate-level
degree. Of the 42 participants, 29 were majoring in information sciences, computer science, or
engineering, while the other participants were majoring in education, mathematics, linguistics,
statistics, physiology, or food science. As for ethnicity, 29 out of 43 participants described themselves
as Asian, while six are White, five are African, one is American Indian, one is Mixed, and one
participant preferred not to share ethnicity. Note that all participants in this round of evaluation
did not participate in our previous studies discussed in Section 3, nor did they know the prior
studies. None of them reported accessibility needs in their everyday learning. We compensated
each participant 10 USD per hour. Each study took about two hours (Figure 3).
We used the same 15-minute video on introducing Augmented Reality from the need-finding

study and recruited participants with no prior background in it. While they were watching the
video, individuals were asked to turn on their webcams with consent granted in advance, and then
self-report their feelings. We also asked them to reflect on their learning experience using the
post-learning dashboard and participate in an exit survey and interview to answer RQ1 (think-aloud,
survey, and interview data) and RQ2 (survey and interview data). The study was approved by our
university’s Institutional Review Board.

Fig. 3. Three sessions were included in the study: 1) capturing participant’s affective states from two methods,
i.e., automatically recognized by the MirrorUs and self-reported by the participants; and 2) recording use
behaviors via think-aloud; and 3) collecting participants’ perceptions of the tool-use through survey and
interview.

4.1.1 Recording User Behavior: Think-Aloud using Post-Learning Dashboard (Verbalization + Interac-
tion with MirrorUs). The second session followed prior research on users’ interactions with personal
data visualizations [17]. A researcher first demonstrated the MirrorUs interface via screen-share
on Zoom. Afterwards, the researcher asked the participants to ‘think aloud’ as they explored the
interface on their own computers. The researcher observed the participants’ interactions with the
interface and asked them to describe their observations. Each participant’s reflection lasted 5-15
minutes. Two participants’ think-aloud was not fully recorded due to internet connection issues
and was excluded from the analysis. No participants reported difficulties with think-aloud.

4.1.2 Collecting User Perceptions: Survey and Exit Interview. The exit survey was designed to
measure participants’ perceived usefulness for meta-cognition, cognitive demand, and perceptions
of using MirrorUs to reflect on their video-based learning experience. All questions used a seven-
point Likert response scale (1 Strongly Disagree - 7 Strongly Agree). The first part of the survey
included ten questions on Perceived Usefulness for Meta-cognition adapted from existing meta-
cognitive scale MCQ-30 [61] and two questions on Cognitive Demand using MirrorUs. The second
part of the survey included six questions on the perception of sharing own affects with peers users
using MirrorUs informed by ethics of AI in education framework [31]. Trust was measured using
two questions, from both the increase and decrease side, inspired by [10] that suggested increased
trust and reliance in computing systems is not necessarily beneficial. This session lasted between
25 minutes to 50 minutes. In the exit interview, we asked participants questions on user experience
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and concerns of interacting with MirrorUs. Note that due to schedule conflicts, four participants
did not take the exit interview.

4.2 Data Analysis
We conducted a think-aloud study to understand reflection using visualizations [17]. We first
established properties of the data through open coding, followed by axial coding using the frame-
work of meta-cognition and social meta-cognition developed by Chiu & Kuo [16]. Two researchers
independently read and coded 50% of the transcripts, and then they discussed and compiled their
codes together via three rounds of discussions. The inter-rater agreement after each code-book
refinement was 83%, 92%, and 97%. Then one researcher individually coded the rest of the 50% data.
We also analyzed the effect of group membership on verbalizing meta-cognition processes and
survey questions using statistical models. Finally, we conducted thematic analysis [8] on partici-
pants’ interview feedback and identified several themes, such as “effectiveness and challenges of
reflection with peers’ cues,” “ suggestions to improve effectiveness,” “concerns in sharing affects
while reflection,” and “ suggestions to address concerns.”

5 FINDINGS
5.1 Peers’ Affects: Locative and Temporal Cues Promoting Meta-cognition (RQ1)
To examine the types of meta-cognitive processes that participants conducted using the peers’ cues,
we annotated their think-aloud data. Fig 4 shows one example of the coded think-aloud data from
T03. The results were then triangulated with participants’ survey results about their perceived
usefulness and cognitive load of using the two different cues (5.1.1). We further qualitatively
investigated interview results to understand why and how the two proposed cues impacted the
participants’ meta-cognition (5.1.2).

5.1.1 Three Meta-cognitive Processes Triggered by Peers’ Cues. During the think-aloud session
(as shown in Figure 3), each participant interacted with MirrorUs and reflected on multiple
frames/segments of the video. Participants’ spoken sentences allowed us to identify three types of
meta-cognitive processes below:

• (Dis)agreeing with Peers - Participants only encapsulated whether they (dis)agreed with and/or
understood the peers’ affects without further explanations ( 1 in Figure 1).

• Recalling Content to Explain Own Affects - Participants recalled and retrieved video content
to evaluate and explain their own affects ( 2 in Figure 1).

• Building Shared Knowledge - Participants explained how and why they (dis)agreed with
and/or (fail to) understand peers’ affects in detail ( 3 in Figure 1).

As shown in Figure. 5, statistical analysis of think-aloud data revealed Temporal participants
verbalized more on building shared knowledge than participants in the control group, while no
significant group differences were found in the two remaining meta-cognitive processes. Specifically,
one-way ANOVA testing on the building shared knowledge process indicated there is a significant
difference for the three groups (F(2, 35)=23.6, p<.001). Post-hoc comparisons using the Tukey HSD
test indicated that the mean score for Temporal participants (M=7.8, SD=4.7) was significantly
higher than the control participants (M=2.7, SD=2.9), with the power analysis resulted in a value
equal to 0.8. Post-hoc comparisons found no significant differences between Locative participants
and control participants (p=.077), Locative participants and Temporal participants. Before and after
removing outliers, the results are the same.
The survey results confirmed that the two cues significantly improved participants’ perceived

usefulness of the tool for supporting their awareness of their own thoughts (i.e., meta-cognition).
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Fig. 4. A sample of think-aloud analysis for meta-cognition: the left image presents a think-aloud transcript
from T03; the right annotations show how the researchers coded the transcription in terms of different
meta-cognition processes, e.g., Building Shared Knowledge.

Fig. 5. Boxplot of sentences that participants verbalizing different types of meta-cognition processes among
three groups when usingMirrorUs. Participants in Temporal groups verbalized significantly more sentences in
Building Shared Knowledge than participants in the control group (p < .05, denoted *). There are no significant
differences among the three groups in (Dis)agreement with Peers Affects and Recalling Content to Explain Own
Affects

Specifically, when rating "This tool can help me constantly examine my thoughts in video-based
learning," the Locative participants (M=5.7, SD=1.4) and Temporal participants (M=5.4, SD=1.1) gave
significantly higher scores than the participants of the control group (M=4.2, SD=1.2, F(2,39) = 0.9,
p < .01), with the power analysis resulted in a value equal to 0.92 calculated using existing package
[12]. There are no differences between Locative and Temporal cues.

Participants in the two treatment groups also found it much easier to understand their own affects
than the participants in the control group. ANOVA and Post-hoc analysis revealed a significant
difference (F(2,39)=6.306, p <.01) among the three groups, with the power analysis resulted in a
value equal to 0.80. Locative participants (M=3.1, SD=1.6) (p<.05) and Temporal participants (M=2.4,
SD=1.2) (p<.01) found understanding their own affects fairly easy, while those in the control group
(M=4.5, SD=1.7) found understanding their own affects moderately difficult. Participants in all
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Peers' Affects 0.744 ** 0.288 0.511
Own Affects 0.476 0.524 0.131

Peers' Affects 0.445 0.894 *** 0.820 ***
Own Affects 0.526 0.062 0.262

Temporal Group

Locative Group

(Dis)agreeing with 
Peers

Building Shared 
Knowledge

Recalling Content to 
Explain Own Affects

Table 1. Correlations between meta-cognition processes and participants’ interactions with AI-generated
affects, i.e., peers’ and own affects: clicking their own graphs for AI-generated affects (area 3 in Figure 2));
clicking AI-generate peers’ cues (area 2 in Figure 2). We observed that Temporal and Locative had different
effects on how participants verbalized meta-cognition processes. Clicking peers’ Temporal cues encourages
participants to recall video content when making comparisons between their own positive and negative
affects and those of their peers. This helps them to build shared knowledge. The table only displays the data
from the two treatment groups, as the control group only showed peers’ text comments without peers’ affects
cues. Significant results with p < .01 are denoted **, and results with p < .001 are denoted ***.

three groups found understanding peers’ cues easy with no significant differences found among
the groups.

5.1.2 Two Types of Peers’ Affect Cues Leading to Different Meta-cognition Processes. Though both
cues triggered participants’ three meta-cognition processes, we found that how they support these
processes vary. Specifically, we first conducted Pearson’s correlation tests to assess the relationship
between clicking their own individual graphs for AER affects (area 3 in Figure 2)) (M=2.2, SD=2.5)
and the quantity of verbalizing (dis)agreement with peers, recalling content to explain own affects and
building shared knowledge. Then we conducted Pearson’s correlation tests to assess the relationship
between clicking peers’ cues to observe how peers perceived the same video (area 2 in Figure 2)
(M=15.0, SD=6.5) and the three meta-cognition processes.

The correlation results are shown in Table 1. We observed Temporal and Locative cues had
different effects on how participants verbalized meta-cognition processes, and we interpret them by
triangulating think-aloud and interview data qualitatively below. There is no significant correlation
between clicking own affects and verbalizing three meta-cognition processes among both two
proposed designs.

Locative cues associated with meta-cognition of (dis)agreeing with peers. We found
a strong and positive correlation between clicking peers’ affects and verbalizing (dis)agreeing
with peers (r = .744, p < .01), with the power analysis resulting in a value equal to 0.9. Locative
participants used peers’ affects spikes as hints to visually mark out timestamps’ where they have
their own emotion spikes, then they were inspired by peers’ spikes to find alignment between
self and peers. Either their own peaks or peers’ spikes intrigued users expressing (dis)agreement
with peers; a sample think-aloud quote from L11 is “I see a peak in my graph, and the arrow is
also on the same... [click a timestamp on peers’ affect]... I should have read (about this video content)
before so I don’t associate with this (peers’) low-intensity peak.” Interview quotes suggested that
all Locative participants found the peers’ cues to be very “intuitive" and “heuristic" to make sense
of and found these cues useful to assist them in interpreting their own graph. At the same time,
Locative participants reported only a few possible alignments regarding their own and peers’ spikes
and felt discouraged to reflect.
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Temporal cues associated with recalling video content and building shared knowl-
edge.We found a strong and positive correlation between clicking peers’ affects and verbalizing
(dis)agreeing with peers (r = .894, p < .001), with the power analysis resulting in a value equal to 0.92.
We also found a strong and positive correlation between clicking peers’ affects and verbalizing
building shared knowledge (r = .820, p < .001), with the power analysis resulting in a value equal to
0.90. The Temporal participants compared their own graph to peers’ affects around timestamps
chronologically (from left to right on the interface). Upon explaining their own learning affects and
becoming more aware of themselves by recalling content to explain own affects, participants were
able to verbalize their awareness of the differences between their own and peers’ learning affects
in order to build shared knowledge.

During think-aloud, Temporal Participants expressed a strong interest in reflecting on the whole
video content and segmenting the video into several sections to reflect on. More specifically, words
describing temporal aspects of the video instead of clicking on their own graph, e.g., “part, section”,
were used 33 times, compared to less than ten times in total by the other two groups. An example
quote from T10 is, “I already mentioned that there were at least two standout sections in this presenter
that I found visually engaging and humorous.” Especially, they need to visually segment their own
graph into positive, negative, and neutral sections based on graph color while recalling video
content. An example think-aloud quote from T03 confirmed the segmenting process: “I think the
biggest difference (between me and others), hmmm, is at the last section. It’s where the video talks
about the mechanism of AR and some details of its visualization.” When reviewing their peers’ cues,
individuals closely read peers’ comments to recall video content when their own affect graph shows
an equal mix of warm and cool colors, making it difficult to differentiate between positive and
negative affects and further comparison. Most Temporal participants said during the interviews that
they compared their own affects with peers’ and reviewed their own graph at nearby sections to
“contextualize own and peers’ affects" and “find similarities/differences,” which is cognitive-demanding.

The Temporal participants showed curiosity about “Tied” content. Temporal participants per-
ceived Temporal cues to cover the whole video by assigning meanings to blank segments in Figure 1
as neither ’agreed negative’ nor ’agreed positive,’ with 50% expressed positively and 50% expressed
negatively. Such 50-50 contradiction indicates the content to be controversial and worth of discus-
sion. T08 explained how such segments intrigued her to read peers’ comments during the interview:
“I am so excited to read more peers’ comments on a segment where people don’t have an agreed positive
content, not just one, conversations are even better. I love to see how people hate each other! ... Seriously,
that’s something you can hardly see in person, but let you know how different people think differently.”

Summary: First, by coding participants’ think-aloud data, we identified three types of meta-
cognition processes when reflecting on peers’ cues: (dis)agreement with peers affects, recalling
content to explain own affects, and building shared knowledge. Temporal participants verbalized
significantly more on building shared knowledge than participants in the two other groups, as
shown in Figure 5. Furthermore, the survey results showed that participants also perceived the two
proposed affect cues as significantly more useful in supporting their meta-cognition.
Additionally, Temporal and Locative cues had different effects on the types of meta-cognition

processes conducted during think-aloud. Specifically, clicking Temporal cues (aggregating peers’
positive/negative emotions) encouraged participants recalling content to explain own affects and
further verbalize on building shared knowledge, as shown in Table 1. Temporal participants segmented
their own graphs based on positivities and intended to reflect on the whole video, resulting in a
cognitively engaging process.
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5.2 Participants’ Perceptions of Sharing Own Affects with Peers (RQ2)
We compared participants’ survey scores in the three groups to examine the effect of the proposed
designs on participants’ trust in the tool, awareness of the system limitations, and perceived privacy
concerns. The interview results explained some effects.

5.2.1 Potential Factors Mitigating the Trust in AI-Generated Peers’ Affects. Survey results showed
that participants in all three groups agreed that peers’ cues increased trust, and disagreed that
peers’ cues decreased trust. Additionally, participants reflected on the two AI-generated affects and
identified factors that mitigated their trust in the system.
When asked to rate agreement in “I think navigating peers’ cues increases my trust in the tool

then only seeing my own emotion,” participants in all three groups found MirrorUs increased
their trust. No effect of group membership was found on increased trust using ANOVA testing.
Locative participant (M=4.9, SD=1.2), Temporal participant( M=4.2, SD=1.4), and participants from
the control group (M=4.8, SD=1.6) all perceived that navigating peers’ cues improved their trust
in using the tool. Interview results suggest that while navigating peers’ cues, participants’ trust
increased as the peers’ cues led them to believe many other users were also using MirrorUs and
created a sense of social presence.

When asked “I think navigating peers’ cues decreases my trust in the tool then only seeing my
own emotion,” participants in all three groups disagreed that navigating peers’ cues decreased trust.
Compared to participants from the control group that disagreed with navigating peers’ decreasing
trust, participants in the two treatment groups were significantly more neutral towards decreased
trust. Specifically, ANOVA and Post-hoc comparisons using the Tukey HSD test showed Locative
participants (M = 2.9, SD = 1.1) (p < .01) and Temporal participants (M = 2.9, SD = 0.8) (p< .05)
reported significantly higher value than that of the control group (M = 1.8, SD = 0.7, F(2,39) = 6.5, p
<.01). There was no significant difference between the two treatment group. The resulting power is
0.82.

Compared to the control group that had shared agreement towards decreasing trust, participants
in the two treatment groups had more diverse views, and a few strongly agreed that navigating
peers’ cues decreased trust. Participants in the two treatment groups 1) suggestedmore transparency
in how text comments are selected to motivate sharing, and 2) complained that the accuracy of the
AER model needs to be improved.

The majority of participants in the two treatment groups expressed that the system only displayed
one peer’s comment for each timestamp, which caused them to wonder if the system was hiding any
comments and how it selected the comments. For example, L10 said “I wonder why (the system) only
displays one text comment (for each arrow showing common emotion intensity peak). I bet you have
collected many comments, as I provided five myself. How did you select which one to display? Are you
hiding some comments? ... I want more transparency. Yeah, more transparency, I wouldn’t say I don’t
trust it... I would like more transparency in order to motivate me to share.” The quote indicates how
the system displayed peers’ comments triggering participants to start thinking about how their own
comment is processed by the system. Some participants questioned whether the AER data displayed
was aggregated from multiple participants or if only the affect of the comment contributor was
given higher weight when they saw only one peer’s text comments for each timestamp.
Another theme is that when navigating AI-generated peers’ cues, the inaccuracy in AER made

participants in two treatment groups less willing to trust or share their own AER data. By navigating
peers’ affects, they got a sense of how their own affects data would be processed by the system
(e.g. extracting AER spikes to generate aggregated emotion spikes) and displayed to peers. However,
they don’t perceive such processes to represent their own effects accurately and fairly, leading
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to a decrease in trust. For example, L14, as shown in Figure 2, said: “My graph does not display
any intense spikes, which could be attributed to the fact that I may express emotions differently than
other people. To ensure better accuracy and inclusion, the system should incorporate positive/negative
qualities that more accurately reflect my emotions when compared to other users. This will make the AI
and comparison more trustworthy and appealing, likely leading to more people utilizing the system.”

5.2.2 AI-Generated Peers’ Affects Improving the Awareness of Learning Affects, however, with Limi-
tations. Survey results showed that Locative participants rated the highest level of agreement (M=
5.7, SD=0.8) when asked to assess the statement: "I think navigating peers’ cues help me notice
the actual evidence behind the tool than only seeing my own emotion." The results of the Locative
study indicate that peers’ cues were the most effective in helping participants to become aware of
their own and their peers’ emotions, as well as to recognize the system’s constraints that prevented
them from noticing affects. Temporal participants (M=3.8, SD=1.3) and those from the control group
(M=4.4, SD=1.7) were neutral towards awareness of the tool limitations. ANOVA and Post-hoc
comparisons using the Tukey HSD test indicated a significant difference at p < 0.01 level between
Locative participants and participants from the two other groups. The resulting power is 0.90.

Data from interviews revealed that the system’s main limitation was its lack of capability to give
sufficient explanations that reflect the views of varied individuals. The insufficient explanation
hindered participants’ ability to comprehend and empathize with peers’ affects. L13’s quote explains
the expectation for “diversity visibility”: “I was actually expecting to see more diverse opinions and
more text comments, like in a classroom discussion. The majority is not always right, and someone
and the minority might offer thought-provoking perspectives. And sometimes, people who seem to be
different from the majority are the ones that really need resonating and peers’ emotional support!” The
quotes suggest participants need semantically rich explanations to understand AI-generated peers’
cues, especially to make sense of different causes of affects and resonate with them.

Eight participants from the two treatment groups suggested that the system should display text
comments for both majority and minority AER-based affects. T10 gave an explanation summarising
multiple reasons for this, “People can feel the same way for different reasons, or people should have the
right to express differently, and we as viewers should also be given the opportunities to see from different
points of view. The current design could cause people not to have individual thoughts and stop those who
feel different from others from expressing themselves. And in class, knowing that someone else also has
negative emotions makes learners more confident in asking questions." Her explanation, from both the
contributor and consumer perspectives, revealed the value of increasing the visibility of different
viewpoints. Showing fewer peers inputted text comments makes AI-generated peers’ affects less
authentic and discouraging for learners to share their own text comments. Our current interview
themes could not explain the differences between Locative participants and Temporal participants
in different awareness of limitation, and the discussion section revealed possible explanations.

5.2.3 AI-Generated Peers’ Affects Raising More Privacy Concerns. When asked in the survey “I think
navigating peers’ cues increases my privacy concerns more than only seeing my own emotion,”
participants in the two treatment groups perceived significantly higher privacy concerns. On
average, Locative participants had a slight increase in privacy concerns (M = 4.2, SD = 1.9), Temporal
participants were neutral towards increased privacy concerns (M = 3.5, SD = 2.3), while participants
in the control group disagree with increased privacy concern (M = 1.6, SD = 0.7). ANOVA found
a significant group effect (F(2, 39) = 7.918, p < .01 ) on increased privacy concerns and Post-hoc
comparisons using the Tukey HSD test showed that the mean score for Locative participants (p <
.01 ) and Temporal participants (p < .01 ) was significantly higher than that of participants from the
control group. The resulting power is 0.97.
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According to the interview, participants were more concerned about how their facial images
were processed by the system. For example, the peers’ cues made the participants wonder whether
their facial images were stored elsewhere, instead of in their own local computers, as T07 shared, “
After watching the video and seeing my own results, I was interested to see how my data was being
processed and sent to where both my self-report and facial data were being stored. I was a bit concerned
about the privacy of my data, but I appreciated that you asked us to see the peers’ cues after viewing
the results. If I had been informed earlier about how my data was being shared with others, I would
likely have been less expressive with my facial expressions because I was worried about it (privacy
issue) ”. Participants suggested that the system should only display aggregated affects of peers.
They also suggested the system notify the users whether their facial images were uploaded to a
cloud server whenever the system displayed information related to facial information, such that
users would not be surprised to see the cues.

Summary: The results indicated that participants in the two treatment groups felt a lack of
transparency in the display of peers’ text comments and the accuracy of the AER model, leading to
mitigated trust. Interviews revealed that more semantically rich comments could help participants
better resonate and comprehend their peers’ affects. Additionally, the two AI-generated peers’
affect cues caused participants to be significantly more concerned about privacy than the control
group.

6 DISCUSSION
6.1 Social Meta-Cognition through AER-based Peers’ Affects
Through need-finding, we proposed two types of cues by AI-generated AER-based peers’ affects.
Specifically, the Locative cues aggregated common emotion spikes among peer learners, and the
Temporal cues aggregated positive and negative dominant emotions among peers. According to
participants’ use of the cues and their survey input, both designs were found to be significantly more
useful for meta-cognition and easier for understanding their own affects than without providing
the affect cues (in the control group). The AER solution enabled tracking affects continuously and
visualizing them in segments along the video timelines at a low cost.

This study bridges the knowledge gap in the relationship between regulation and meta-cognition
pointed out by recent literature review work in online learning [13] by finding reflecting on peers’
affects aggregated from AER can support an individual’s development of meta-cognition in video-
based learning. Think-aloud data in RQ1 showed participants verbalized both meta-cognition from
an individual and social perspective using AER-based peer affects and we further explain it below.
Expanding on [35]’s work on AER, we empirically found that aggregating the two distinct metrics of
AER, emotion spikes and dominant emotions, lead to different effects on meta-cognition, as evidenced
by RQ1. As shown in Figure 5, one of the two proposed peers’ affects cues, Temporal cues, elicited
significantly more quantity on building shared knowledge than the two other groups. This indicates
that reflecting on peers’ common positive/negative affects can promote the development of social
meta-cognition, where group members’ questions, evaluations, repetitions, and elaborations help
individuals see their limitations, build shared knowledge, and expand their understandings [16, 30].
Clicking Temporal cues elicited more comparison opportunities between self and peers, leading to
a higher quantity of meta-cognitive processes - recalling content to explain own affects, and building
shared knowledge as shown in Table 1.

However, RQ2 results suggest that peers’ AER cannot replace peers’ semantic narrative of affects.
Moreover, for all three groups, the tool displayed peers’ text comments along with the AER data,
which can outperform reflection with its own affects [15] by supporting new meta-cognition
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processes in RQ1 - (dis)agreement with peers affects and building shared knowledge. Further research
should better examine the complementary relationship between learner-inputted text and AER-
based data. Future research can further explore how different types of affects inter-relate and how
to collect more genuine data in a more natural and efficient way, for example, by using AER to
detect learning moments and remind learners to provide comments to share with peers.

6.2 Design Implications
We provide design implications to support effective reflection with peers’ affects informed by RQ1
and discuss future design goals to address participants’ concerns in sharing their own affects RQ2.

6.2.1 Temporal and Locative Cues at Different Learning Stages (RQ1). From the participants’ think-
aloud, survey, and interview data obtained in RQ1, we discovered that Locative cues support fast and
heuristic understanding of affect, i.e., extracting emotion spikes in their own graph, while Temporal
cues require a contextualized understanding to recall video context and explain own affects. We
provide implications for the use of both cues in pre-, in-, and post-learning. For in-class learning,
where instructions are usually provided, real-time Locative cues can be presented with learners’
own emotion spikes to quickly capture learners’ attention when mind-wandering is detected while
minimizing the use of cognitive resources. For post-class learning, where reflections are common
[42, 49, 68], Temporal cues with own dominant emotions can be used to facilitate diverse types of
reflections, specifically recalling video content and explaining how/why learners’ agree with peers.
To make the Temporal cues more effective in facilitating successful recalls, the system can extract
video content to help with recall, e.g., by using NLP to divide the video into segments based on the
learning material. For pre-class, effort planning and cognitive engagement take place [42], Locative
cues can be employed to increase motivation (e.g., system displaying viewers have expressed
excitement in three knowledge points) together with Temporal cues (e.g., system displaying viewers
expressed negative and found 20% of video boring) to give learners an overview of the class and
support task analysis.

6.2.2 Promises in Designing Peers’ Affect Cues for Reflections (RQ2). Our RQ2 found that the two
peers’ affect cues improved trust in the system and elicited significantly greater privacy concerns
than participants from the control group when sharing AER-based affects with peers. Our research
provides insights for future directions on engaging participants in genuinely shared modes of
regulation.

Before beginning active learning, addressing privacy concerns is essential. It is not surprising that
sharing AER increases privacy concerns in RQ2. Participants’ preferences in need-finding sessions to
aggregating affects anonymously did not fully address privacy concerns. It confirms prior research
[47], that found participants consider affects data to be personal and wanted AER algorithms to
run locally. Despite some participants saying the concerns helped them to be more conscious of
using technology in post-learning reflections, they perceive the concerns to be distractive while
learning. To allow learners to focus on the learning task designs that share AER should take into
account these privacy concerns beforehand.

Addressing limitations in AI by providing diverse and semantically-rich explanations. Participants
from both Temporal and Contextual groups suggested displaying contradicting comments to better
understand and resonate with peers’ affective states in RQ2. This aligns with the suggestion by
Temporal participants under RQ1 to allow learners to see “tied” content where a similar amount
of peers are negative and positive. Participants in both two groups also mentioned more peers’
comments that contradict each other’s sentiments, as well as better designs that can show multiple
comments simultaneously, such as danmauku. Danmaku comments are overlaid on the screen of
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videos without displaying users’ information and have been found to significantly promote user
participation compared to traditional linear comment sections [63, 64].

Improving accessibility by enabling social connectivity. As mentioned in the trust section under
RQ2, social presence introduced by peers’ cues was appreciated and was associated with increased
trust in all three groups. Peers’ affects can also provide opportunities to increase accessibility
and promote inclusive learning among deaf and hard-of-hearing students, who often rely on self-
teaching strategies in classrooms and online learning environments, and are commonly isolated
as facial expressions are often inaccessible to them in front-facing classrooms [52]. Considering
this, peers’ affect cues and comments should be adapted to different learners’ communities and
probe social connectedness opportunities between them, such as collaborative learning to augment
video-based learning captioning [7]. For example, AER may also be utilized to detect when deaf and
hard-of-hearing students show confusion and frustration and provide social support accordingly.

6.3 Expanding an XAI Design Framework towards Social Transparency in AI Systems
A new design framework for AI called Social Transparency, has recently been introduced. This
socio-technically informed perspective takes into account the socio-organizational context in
order to explain AI-mediated decision-making in industry settings. This framework includes the
“4W” design categories: What - Action taken on AI decision outcome, Why - Comments with
rationale justifying the decision, Who, and When, and has been found to calibrate trust in AI,
improve decision-making, and cultivate holistic explainability [25]. Building on this work, we make
an implication by proposing the addition of a new design category to the 4W framework: How.
Our findings suggested that participants intended to understand how their AI-generated affect is
generated. This led to participants’ need for more transparency in AI-based systems and comments
on AER algorithm accuracy. Our findings also showed that peers’ text comments (explaining how
the peers’ cues were generated) helped participants reflect on how their own data was processed
by the AI-based system. This can be explained as a Social Mirror process, which is defined as
predicting different emergent levels of consciousness, together with their attendant perceptions of
need, according to what the social environment can reflect [62].
As such, we suggest that explaining how the AI results are generated should be included to

inform and empower end-users to take informed and accountable actions. Further research should
investigate how the How + 4W framework may be used to enhance Social Transparency in AI-based
systems. The How focuses on the purpose of end-user reflections and could be insightful for other
settings that aim to improve self-consciousness, such as self-tracking of mental/physical health
[5, 38].

6.4 Limitations and Future Work
There are a few limitations in our study. First, we only used AER via facial movements to recognize
the emotion of the learners. There are also other AER technology, such as body movements [65],
speech [59], and brain activities [1]. Second, our study only included current college students, and
the results may not apply to all populations. More studies should be conducted on a more diverse
population. Third, in our system, the common emotion spikes and dominant emotions were manually
labeled by the participants and then aggregated by researchers. Future works may examine how
to automatically recognize emotions considering grid search to choose the more preferred time
granularity [35].

7 CONCLUSION
Recent research has examined the effects of awareness of peers’ affect on learners’ meta-cognition
in online learning, however, few studies have explored the implications of using Automatic Emotion
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Recognition (AER) technology to track and visualize peers’ cues in order to facilitate meta-cognition.
To investigate this, two types of AI-generated cues were proposed: Locative cues (peers’ common
emotion spikes) and Temporal cues (peers’ common positive/negative dominant emotions ). Think-
aloud, interview, and survey methods were used to evaluate the effects of these cues on learner
meta-cognition, as well as the potential ethical concerns of sharing personal affective data. Results
of this study suggest that peers’ AER-based data can be advantageous for learners’ meta-cognition,
however, potential issues with privacy and trust should be taken into consideration. Results found
that the two cues supported different meta-cognitive processes, and Temporal cues supported
significantly more explanations of how andwhy learners (dis)agreed with and/or (fail to) understand
peers’ affects than the two other cues. While the learners perceived the benefits of using AI-
generated peers’ cues on improving the awareness of their own learning affects, they also looked
for more peers’ narratives that can explain the AI results.
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APPENDICES
A.1 SURVEY QUESTIONS
We list all our survey questions below. All Questions are in 1-7 Likert scale with 1 as strongly
disagree, 2 as disagree, 3 as moderately disagree, 4 as neutral, 5 as moderately agree, 6 as agree,
and 7 as strongly agree.
(1) Usefulness for Metacognition
(a) Cognitive Confidence

• This tool can help me improve trust in my memory in video-based learning
• This tool can help me overcome poor memory in video-based learning
• This tool can help me increase confidence in my memory for actions in video-based
learning

• This tool can help me increase confidence in my memory for the learning content in
video-based learning

• This tool can help me avoid my memory from misleading me at times in video-based
learning

(b) Cognitive Self-Consciousness
• This tool can help me be constantly aware of my thinking in video-based learning
• This tool can help me think a lot about my thoughts in video-based learning
• This tool can help me constantly examine my thoughts in video-based learning
• This tool can help me monitor my thoughts in video-based learning
• This tool can help me be aware of the way my mind works when I am thinking through
a problem in video-based learning

(2) Cognitive Demand
• I found reflecting on my own emotion difficult.
• I found reflecting on peers’ cues difficult.

(3) Privacy Concerns
• I think navigating peers’ emotions/cues increases my privacy concerns than only seeing
my own emotion

(4) Awareness in Limitations of data, bias, and representation
• I think navigating peers’ emotions/cues help me notice the actual evidence behind the tool
than only seeing my own emotion

(5) Trust
• I think navigating peers’ emotions/cues increases my trust in the tool than only seeing my
own emotion

• I think navigating peers’ emotions/cues decreases my trust in the tool than only seeing my
own emotion
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A.2 SUPPORTIVE IMAGES FOR NEED-FINDING STUDIES

Fig. A1. Post-Learning Interface used in Round I. Participants could navigate the five areas illustrated above:
(1) playback of the video along with the participants’ selfie captured when watching the same moment of the
video, (2) tagged self-reported moments of affective states, (2) time-based AI results of the participants and
the other learner’s affective states via facial movements, (4) a legend for interpreting time-based AI results,
and (5) the summary of AI results for the participants’ data.

Fig. A2. Two examples of participants self-labeled emotion intensity graph in Round II of the study. A total of
ten participants from Round I labeled the graph using Google Slides in Round II.
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