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Abstract:
Recent advancements in artificial intelligence (Al) and affective computing have opened new

frontiers in higher education, shifting instructional technology from transactional informational
exchanges to relational feedback encounters. This paper presents a comprehensive, multi-
source synthesis of empirical interventions, sensing frameworks, and ethical controversies
surrounding affect-aware learning technologies (AALTS). First, we establish the theoretical
foundations of AALTSs, grounded in Reinhard Pekrun’s Control-Value Theory (CVT) of
achievement emotions and socio-cognitive paradigms of self-regulated learning (SRL).
Second, we synthesize quantitative and qualitative evidence from randomized controlled trials
involving 425 engineering students, detailing how emotionally enriched feedback significantly
mitigates task-related anger and annoyance without compromising academic standards or
engagement time. Third, we examine multi-modal sensing technologies, contrasting vision-
based facial expression recognition (FER) systems (e.g., MP-FERS) with natural language
processing (NLP) of reflective writings and speech emotion recognition (SER) techniques. We
highlight how multi-modal fusion overcomes unimodal biases, exposing a significant sub-
population of “visually disengaged but cognitively engaged” students (comprising over 20%
of learners). Finally, we apply a Reflexive Principlism framework to evaluate the ethical and
political anxieties of applied classroom surveillance, detailing demographic biases, risks of
punitive pipeline feedings, autonomy-inhibiting consent dynamics, and the performative trap
of synthetic emotions. We conclude by warning against the illusion of automated Al “care,”

asserting the non-substitutable nature of authentic human relational pedagogy.

1. Theoretical Foundations of Affect-Aware Educational Technology
Online and virtual learning environments have traditionally suffered from a structural

limitation: the absence of the rich physical, social, and pedagogical cues that define face-to-
face instruction [9]. In conventional classrooms, experienced educators continuously read the
room, adjusting their pacing, tone, and feedback based on visible cues of student frustration,
confusion, or boredom. As digital learning platforms have scaled, particularly in the post-
pandemic era, instruction has frequently degenerated into purely transactional exchanges. To
overcome these constraints, researchers and educational technologists are developing Affect-
Aware Learning Technologies (AALTS) designed to decode and respond to the emotional
states of learners in real time.
The conceptual foundation for analyzing these systems is Reinhard Pekrun’s Control-Value
Theory (CVT) of achievement emotions [6, 9]. CVT posits that academic emotions are directly
determined by two primary categories of cognitive appraisals: control appraisals and value
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appraisals. Control appraisals relate to a student’s perceived agency over their learning

activities and outcomes (e.g., “Can I successfully complete this task?”’). Value appraisals relate

to the perceived significance and utility of the material (e.g., “Is this task meaningful or useful
to me?”). Together, these appraisals determine the nature and intensity of academic emotions,
which are classified along two dimensions: valence (positive vs. negative) and activation

(activating vs. deactivating).

e Positive Activating Emotions (e.g., enjoyment, hope, pride): occur when a student
perceives high control and high value [10]. These emotions are highly beneficial, as they
expand interest, preserve cognitive resources, and motivate students to employ deep,
flexible, and self-regulatory learning strategies.

e Negative Activating Emotions (e.g., anger, anxiety, shame): are characterized by
complex cognitive and motivational outcomes [9]. For instance, anxiety about potential
failure can motivate a student to exert effort (acting as a temporary positive force), but it
simultaneously drains cognitive capacity by inducing irrelevant thoughts.

e Negative Deactivating Emotions (e.g., boredom, hopelessness): occur in low-control or
low-value settings and are universally detrimental, leading to cognitive disengagement,
attentional drifting, and learning burnout [9].

In contemporary educational architectures, these emotional dynamics are closely tied to
sociocognitive theories of learning, particularly Self-Regulated Learning (SRL) [6, 2]. In
constructivist, student-centered environments like learner sourcing platforms, students are not
merely passive recipients of knowledge; they actively construct learning resources (such as
multiple-choice questions, notes, and worked examples) and write peer reviews. To participate
effectively in these demanding activities, students must exercise significant metacognitive
control. However, studies show that complex SRL activities can generate significant negative
emotions when students are overwhelmed by the cognitive load of peer review or authoring.
Consequently, integrating affective scaffolding into digital systems is a necessary prerequisite

for sustaining the emotional well-being and persistent motivation of self-regulated learners.

2. Intervention Paradigms: Empirical Insights from Emotionally Enriched

and Persuasive Al Feedback
To evaluate how emotional scaffolding can be deployed programmatically, researchers

have investigated the effect of emotionally enriched and persuasive Al-generated feedback in
university settings [6, 3]. Grounded in CVT and persuasive technology design, recent field-
based randomized controlled trials (RCTs) conducted within the RiPPLE adaptive educational

platform offer critical empirical insights.

VNSGU Journal of Research and Innovation (Peer Reviewed / Refereed)
ISSN:2583-584X
Volume No. 5 Issue No.:2 April to June 2026

550



2.1 Experimental Design and Methodology
The RCT involved a cohort of 425 first-year undergraduate and graduate students enrolled

in an introductory web design course at the University of Queensland [6, 3]. The study ran over
a multi-week semester, with platform activities integrated directly into the course assessment
design, contributing 10% toward students’ final grades. Students were randomly assigned to
one of two feedback conditions:
1. Control Group (Neutral Feedback): Received constructive, task-focused critiques
generated by a Large Language Model (GPT-3.5) with a strictly objective and neutral tone.

The average word count of these responses was 190.9 words [3].

2. Experimental Group (Emotionally Enriched Feedback): Received constructive
critiques generated from the same prompt, but with the LLM instructed to incorporate
persuasive and emotionally supportive design features. These included explicit praise for
student effort, personalized greetings, reminders for outstanding tasks, and strategically
placed visual symbols (emojis). The average word count of these enriched responses was
278.6 words [3].
The design principles contrasting these two conditions are detailed in Table 1. Of the 425
initial participants, active research consent and complete interaction logs were obtained for 381
students (representing 192 in the control group and 189 in the experimental group) [6, 3].

Table 1: Comparison of Al Feedback Design Principles (adapted from [6, 3])

Feedback Dimension Control Group (Neutral) Experimental Group
(Persuasive)

Tone and Style Obijective, direct, task-focused Empathetic, supportive,
relational
Praise & Motivation Absent Explicit appreciation of effort

(“Great job!™)

Visual Cues Text-only, no emojis Emojis used strategically as
visual/affective cues

Actionable Prompts Direct list of suggested edits Encouraging guidelines, social
accountability

Mean Word Count 190.9 words 278.6 words

2.2 Quantitative Results and Statistical Analysis
At the end of the intervention, researchers compiled helpfulness ratings (graded by students

on a 1-5-star scale immediately after receiving feedback) and surveyed emotional responses
using an adapted version of the Achievement Emotions Questionnaire-Short (AEQ-S) [6, 3].
The results revealed several statistically significant findings:
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e Usefulness Perception: Students who received emotionally enriched feedback perceived
it as significantly more beneficial. For the peer-review moderation task, the experimental
group rated feedback usefulness significantly higher (Mrank = 190.74, N = 103) than the
control group (Mrank = 139.79, N = 91), a highly robust difference (p < 0.001, effect size
Ir| = 0.289) [3]. In the content-creation task, the experimental group again reported higher
usefulness scores (Mrank = 54.43, N = 42) compared to the control group (Mrank = 43.89,
N = 54), demonstrating statistical significance (p = 0.040, |r| = 0.206) [3].

e Emotional Well-being and Anger Reduction: While there were no statistically significant
differences in positive achievement emotions (enjoyment, hope, and pride remained
moderate and comparable across both groups), a profound suppression of negative
achievement emotions was observed. Students receiving neutral feedback reported
moderate levels of anger (Mdn = 2.61) on an AEQ-S 5-point scale, whereas the
experimental group reported significantly lower levels of anger (Mdn =1.89, p = 0.013, |r|
=0.126) [3]. Furthermore, motivational annoyance in response to the specific statement, “I
get annoyed about having to address Al suggestions for improvements on my task,” was
heavily suppressed in the experimental group (Median = 2.58) compared to the control
group (Median = 3.22, p = 0.005, |r| = 0.279) [3].

e Behavioral Engagement: Engagement was measured by tracking the log-file duration (in
seconds) between a student receiving Al feedback and submitting their revised resource. In
the content-creation task, the control group exhibited a significantly longer median
engagement time (Mdn = 76.55 seconds, N = 707) than the experimental group (Mdn =
70.69 seconds, N = 696, p = 0.026, |r| = 0.059) [3]. For the moderation task, engagement
times were virtually identical (Control Mdn = 3.45s vs. Experimental Mdn = 3.46s, p =
0.920) [3].

e Academic Work Quality: Each student-authored resource was evaluated and assigned a
quality score (0-5) compiled through peer ratings, instructor moderation, and trust
propagation algorithms. The analysis revealed no statistically significant difference in work
quality (Mdn = 4.10 for both conditions, p = 0.470), proving that emotional feedback does
not compromise performance standards [3].

A summary of these quantitative findings is compiled in Table 2.

VNSGU Journal of Research and Innovation (Peer Reviewed / Refereed)
ISSN:2583-584X
Volume No. 5 Issue No.:2 April to June 2026

552



Table 2: Quantitative Findings of RIPPLE RCT (N = 381, adapted from [6, 3])

Metric Control Experimental p-value
Group (Mdn)  Group (Mdn)

Moderation Helpfulness Rating 3.97 441 <
.001***
Creation Helpfulness Rating 4.16 4.57 0.040*
Task-Related Anger 2.61 1.89 0.013*
Motivational Annoyance (Suggestions) 3.22 2.58  0.005**
Creation Engagement Time (seconds) 76.55 70.69 0.026*
Moderation Engagement Time (seconds) 3.45 3.46 0.920
Resource Quality Score (0-5) 4.10 4.10 0.470

2.3 Theoretical Interpretation: The Cognitive Cost of Anger
These findings present a compelling pedagogical paradox: the control group spent more

time reading and addressing feedback yet produced work of identical quality to the
experimental group. Under CVT, this behavior is explained by the cognitive resource
consumption of negative emotions [9, 3]. When students in the control group received neutral,
blunt critiques, they experienced higher levels of task-related anger and annoyance. Anger acts
as an activating force that demands cognitive processing, thereby consuming precious working
memory capacity and attentional focus. These students were forced to expend significant
mental effort regulating their emotional irritation, resulting in a slower, less efficient revision
process.

Conversely, the experimental group received feedback wrapped in encouraging language
and emojis. These positive visual and textual cues bolstered their control and value appraisals
[6, 3]. Feeling satisfied and reassured, they experienced minimal anger, allowing them to
allocate their entire cognitive capacity directly to the task. They processed the suggestions
rapidly and completed their revisions efficiently, achieving identical quality scores in less time.
This suggests that emotionally enriched Al feedback acts as an effective clinical intervention,
optimizing the learning journey and protecting student emotional well-being without

compromising intellectual rigor.
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3. Sensing Paradigms: Computer Vision, NLP, and Vocal Affect

Recognition in Applied Learning
While the RIPPLE trials investigated scaffolding student emotions through text, another

vital domain of AALT research focuses on sensing emotions as they occur. This utilizes
computer vision, natural language processing (NLP), and speech analysis.

3.1 Computer Vision and Facial Expression Recognition (FER)
A prominent vision-based technology is the Multiscale Perception Facial Expression

Recognition System (MP-FERS) [4]. Deployed on localized edge computing hardware with
input frame resolutions of 640 x 640 running at 5 frames per second (fps), MP-FERS is
designed to overcome real-world classroom challenges such as camera angle shifts and facial
occlusions. It utilizes a convolutional neural network (CNN) backbone combined with Vision
Transformer (ViT) architecture, specifically structured as Multiscale Local and Global
Perception (MLGP) blocks. To bypass the rigid limitations of categorical emotion classifiers
(which force expressions into discrete buckets), MP-FERS integrates the PAD (Pleasure-
Displeasure, Arousal-Nonarousal, Dominance-Submissiveness) emotional state model [4].
Expressions are continuously mapped into a three-dimensional continuous vector space. The
overall emotional learning engagement (ELE) score, denoted as E, is calculated dynamically

using a weighted linear combination driven by an attention mechanism:

E=0(=107 PP_j+BY=107 AP j+v G107 DP_j (1)
where P_j is the probability distribution of the j-th discrete emotion category, and P, A, and

D represent the established psychological mapping constants for the seven basic emotions (as
shown in Table 3).
Table 3: Continuous PAD Mapping Values for Basic Emotions (adapted from [4])

Emotion Category (j) Pleasure (P) Arousal (A) Dominance (D)
Neutral 0.00 0.00 0.00
Happy 2.77 1.21 142
Angry -1.98 1.10 0.60
Fearful -0.93 1.30 -0.64
Disgusted -1.80 0.40 0.67
Sad -0.89 0.17 -0.70
Surprised 1.72 1.71 0.22

Empirical validation of MP-FERS across 108 physics students in six high school science
lessons demonstrated its robustness [4]. The system-generated ELE scores achieved a

moderate, statistically significant correlation with self-reported Science Learning Engagement

VNSGU Journal of Research and Innovation (Peer Reviewed / Refereed)
ISSN:2583-584X
Volume No. 5 Issue No.:2 April to June 2026

554



Scale (SLES) scores (r = 0.496, p < 0.01, R2 = 0.25), establishing concurrent validity.
Crucially, the objective computer vision metrics proved to be superior predictors of academic
achievement (final exam scores) compared to subjective surveys. Students frequently over-
reported their engagement due to social desirability bias (reporting high engagement despite
visible signs of boredom in class videos). This predictive validity of automatic emotion sensing
is supported by broader educational data mining research, where supervised learning
algorithms like Neural Networks can predict academic exam success with up to 98.6%
accuracy when using comprehensive behavioral and profile inputs [7]. Additionally, MP-FERS
captured immediate fluctuations in classroom dynamics: students exhibited significantly higher
emotional engagement during active, student-centered group work compared to passive,
teacher-centered lectures (p = 0.003, Cohen’s d = 0.66) [4].

3.2 Textual Sentiment Mining and Reflection Analysis
Sensing is also applied to written reflections. In gross anatomy courses within medical

education, reflective writing is a key tool for professional identity formation and empathy
development [8]. In a series of studies analyzing 1,365 anonymous essays from 132 medical
students, researchers deployed R’s sentimentr package to process text and account for valence
shifters (negators, amplifiers, de-amplifiers, and adversative conjunctions).

Using the National Research Council Emotion Lexicon (EmoLex), which matches 14,182
English words to eight primary emotions, the NLP models analyzed how students
conceptualized their own bodies versus those of their deceased anatomical donors [8]. The
analysis revealed that students maintained a profoundly humanistic and person-centered
perspective. The emotional signatures for both their own bodies and their donors’ bodies were
highly aligned, dominated by strong feelings of trust, joy, and anticipation. This proved that
computational sentiment mining can successfully track the development of clinical empathy at
scale, bypassing the immense grading burden of traditional qualitative assessments.

3.3 Multimodal Learning Analytics (MMLA) Frameworks
To address the inherent limitations of single-channel (unimodal) tracking, researchers have

introduced Multimodal Learning Analytics (MMLA) frameworks that integrate visual and
textual feeds in parallel [5].

A representative MMLA model developed for online health science education combined a
visual CNN (for facial expression and attention classification) with a fine-tuned textual BERT-
base model (bert-base-uncased) to process student comments. The visual CNN models
achieved validation accuracies exceeding 92%, while the fine-tuned BERT sentiment classifier
achieved 88.1% accuracy (F1 = 0.87) [5].
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By feeding these parallel predictions into a rules-based integration engine, researchers
discovered four distinct student engagement typologies (outlined in Table 4) [5]. Most notably,
the MMLA system identified a large sub-population of “visually disengaged but cognitively
engaged” learners (Cluster 2), comprising 21% of the entire cohort. These students displayed
low facial focus and looked away from their screens, but wrote highly sophisticated, positive,
and on-topic reflections. This discovery highlights the danger of relying on simple visual
tracking: a unimodal vision system would misclassify over 20% of these highly motivated,
cognitively active learners as disengaged or off-task, potentially triggering unnecessary and
distracting interventions.

Table 4: Multimodal Student Engagement Typologies (N = 1,000, adapted from [5])

Cluster  Typology Visual Textual (BERT)  Cohort

(CNN) %

1 Completely Engaged Engaged Positive/Satisfied 34%

2 Visually Disengaged, Disengaged Positive/Neutral 21%
Cognitively Engaged

3 Visually Engaged, Engaged Dissatisfied/Negative 18%

Cognitively Disengaged

4 Fully Disengaged Disengaged  Dissatisfied/Negative 27%

3.4 Vocal Affect and Speech Emotion Recognition (SER)
Beyond vision and text, Speech Emotion Recognition (SER) represents a rapidly

developing sensing channel [11]. Taxonomic reviews of vocal databases—ranging from acted
and elicited corpuses (e.g., IEMOCAP, RAVDESS, SAVEE, MELD) to spontaneous, “in-the-
wild” recordings (e.g., MSP-Podcast)—reveal a major methodological challenge.

Historically, there has been a 30% acted-to-spontaneous transfer gap: models trained on
clean, theatrical studio recordings fail when deployed on natural, messy human speech in actual
collaborative learning environments [11]. Spontaneous speech is characterized by subtle pitch
variations, acoustic noise, overlapping voices, and nonverbal vocalizations. To bridge this gap,
modern SER architectures are shifting toward self-supervised learning (SSL) speech encoders
(such as Wav2Vec 2.0, HUBERT, and WavLM) [11]. By pre-training on thousands of hours of
unannotated speech, these foundation models capture robust, cross-modal representations of
prosody and phonetic structures, dramatically increasing classification accuracy in spontaneous

multi-party learning settings.

4. Critical Synthesis: Ethical, Societal, and Psychological Controversies
Despite the compelling technical capabilities of AALTSs, their rapid deployment has

triggered profound ethical, psychological, and sociopolitical anxieties. Utilizing a Reflexive
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Principlism framework (evaluating technologies across the ethical pillars of Autonomy,
Beneficence, Nonmaleficence, Justice, and Explicability), we can synthesize several crucial
controversies [1].

4.1 Justice and Nonmaleficence: Demographic Bias and the Surveillance Pipeline
The deployment of computer vision in applied classrooms presents immediate risks of

systemic injustice [1]. Extensive evaluations of commercial facial analytics and webcam-based
test-proctoring software reveal deep racial biases: these algorithms consistently fail to
recognize black and brown student faces, frequently flagging students of color as “absent” or
“suspicious” due to lighting and camera sensitivity issues. Furthermore, universalist FER
models completely disregard neurodiversity. Autistic students or those with other physical and
cognitive accessibility needs often exhibit atypical facial action units and expressions that do
not conform to Western-centric “universal” emotion categories. Under automated tracking,
these students’ expressions are systematically misclassified as negative or disengaged.

Of even greater concern is how these biometric metrics can feed punitive surveillance
models [1]. Historically, student data in administrative bureaucracies has been used to fuel the
“school-to-prison pipeline.” For example, in Pasco County, Florida, the Sheriff’s Office
utilized student grades, trauma histories, and attendance data from school district systems to
feed predictive policing models, targeting children and their families for localized law
enforcement harassment. Integrating real-time emotional and biometric tracking into school
databases presents an existential risk, providing state and administrative entities with
unprecedented access to students’ inner psychological profiles.

4.2 Autonomy and the Performative Trap of Synthetic Emotions
Applied emotion sensing fundamentally violates student autonomy [1]. Due to the power

imbalance inherent in educational institutions, students cannot provide voluntary, un-coerced,
or truly informed consent to biometric tracking. Choosing to “opt-out” in a 1:1 laptop district
is practically impossible for students who must use district-issued software to complete graded
assignments.

Furthermore, when students are aware that their emotional states are being monitored and
analyzed by an Al system, they naturally alter their behavior, falling into a “performative trap”
[1]. To ensure they are categorized as “engaged” or “positive,” students engage in emotional
labor, fabricating expressions of focus and compliance to satisfy the algorithm and protect their
grades. This performative behavior consumes significant cognitive resources, detracting from
actual learning. More dangerously, it interferes with organic developmental processes,

conditioning students to suppress genuine feelings of confusion, frustration, or doubt. In
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pedagogy, states of “productive confusion” and constructive struggle are essential catalysts for
deep conceptual change; forcing students to maintain a synthetic facade of positive affect
directly undermines their cognitive and emotional maturity.

4.3 The Illusion of Al “Care”
Finally, we must critically dismantle the marketing narratives surrounding affect-aware Al

tutors that claim to offer personalized, emotionally responsive “care.” This represents a
fundamental category error: care is a deeply relational, reciprocal, and authentic human
interaction. An algorithm, regardless of its statistical complexity or conversational polish, does
not experience empathy, worry, or affection. It merely executes mathematical optimization
functions to match inputs with pre-programmed text.

Promoting AALTSs as cheap, scalable replacements for human relational support is an
illusion [1]. Forcing artificial empathy onto vulnerable, developing learners’ risks eroding their
capacity for genuine social and emotional connection. While Al-driven feedback can serve as
a valuable, objective tool for qualitative scaffolding, educational institutions must reject the
reductionist belief that automated surveillance can replace the authentic, relational care
provided by human educators. Affective technologies must remain strictly restricted to low-
stakes, voluntary research settings, and must never be weaponized as evaluative or disciplinary

tools in applied classrooms.
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