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Learning in the Loop: A Gentle Revolution in Everyday University Teaching 

Punnag Choudhary 

Step into any university classroom and you will witness the same silent screenplay. Heads bend over 

laptops, pens tap, eyes flick between slides and Instagram. The lecturer asks, “Any questions?” A 

polite hush answers. Thirty minutes later, the learning-management system confesses that a third of 

the students never opened the quiz. At two in the morning, the same cohort spills its heart to ChatGPT: 

“I am lost.” The problem is not a lack of data; it is a lack of now. Emotions such as confusion, curiosity, 

and boredom are not mood music, they are the soundtrack of memory itself. When we catch them 

early, we can stretch a single minute of class into a breakthrough. When we catch them late, we 

schedule extra revision sessions that the same anxious students avoid. 

Imagine a fourth way between expensive eye-tracking labs and blind chatbots: a gentle layer of real-

time listening that lives inside the laptops students already carry. No robots, no goggles, no sci-fi tutor, 

just a courteous whisper that helps teachers do what they already do best: notice, respond, and connect. 

The first waves of educational technology tried to do this in their own ways, but each ran out of breath 

before reaching the heart of the classroom. Adaptive quizzes in the first wave could master fractions 

but ignored feelings; half of MOOC students still drifted away. The second wave added emotion, 

galvanic skin sensors, high-definition cameras, eye-trackers priced like small cars. Brilliant studies, 

but zero scalability. Then came the uninvited third wave: ChatGPT, which answers brilliantly at two 

a.m. yet never sees the hesitating face on the other side of the screen. What we need now is a fourth 

wave that is affordable enough for departments on tight budgets, simple enough for lecturers who still 

print their slides, and kind enough for students already worried about being watched. 

The current tools force a blunt choice. Either we rely on high-resolution rigs that can’t scale beyond a 

few labs, or we settle for scalable text analysis that lacks any real-time emotional feel. The missing 

middle is classroom-ready affective analytics, signals harvested from the devices already on students’ 

desks, translated into plain-English rules any teacher can tweak between sips of coffee. The obstacle 

is not algorithmic genius; it’s classroom compatibility: zero installation, zero calibration, zero cloud 

cost, and full human oversight. The good news is that much of the required hardware is already sitting 

in front of us. A 2020 MacBook Air, for instance, owns three sensor channels: a webcam, a 

microphone, and a keyboard that timestamps every key-down. Modern “tiny-ML” models can read 

confusion from a two-second brow-furrow, hesitation from an elongated “umm,” and overload from 

frantic typing followed by silence. All the processing can stay on-device; only anonymous event 

stamps say, “confusion flag at 14:23”, ever leave the machine. The battery drain is minimal, roughly 

the cost of leaving Bluetooth on, and latency is well inside the five-second window educators call “the 

moment of opportunity.” 

But data are useless unless a teacher can act. So, the signal is piped into a simple Google Sheet 

populated with plain-English rules. Each rule has three parts: a trigger, an action, and an optional 

message or meme. A typical trigger might read, “If confusion lasts three seconds AND long keyboard 

pause,” while its action could be, “Pop-up: ‘Try explaining line 7 aloud to yourself, then click 

Continue.’” Instructors can switch rules on or off mid-class like muting Zoom. Because the logic is 

visible, discussions in staff meetings revolve around pedagogy rather than Python code. One lecturer 

replaced the generic pop-up with a discipline-specific analogy; another simply disabled facial detection 

during group work. The AI becomes a courteous intern rather than an opaque oracle, present but not 

intrusive, guiding but not judging. This transparency builds trust; teachers feel in control rather than 

automated, and students sense that technology is serving learning rather than monitoring it. 

We tested this idea in a second-year Python course at a public university, with ninety-four students 

participating and the previous cohort serving as a quasi-control group under identical conditions but 

without the affective layer. Students installed a browser plugin that issued, on average, 4.3 
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interventions per two-hour lab session. Sixty-eight percent of the pop-ups were clicked within five 

seconds. End-of-course surveys showed encouraging results: positive affect (PANAS) rose from 29.8 

to 32.1 (p = 0.02), help-seeking chat messages increased by 14 percent, and code-tracing scores 

improved by 0.28 standard deviations, with the largest gain 0.52, among students who entered with the 

lowest prior knowledge. Qualitative interviews echoed two main themes: “Someone is watching” 

raised accountability, while “AI nudges felt less judgmental than raising my hand” reduced stigma. 

Interestingly, withdrawal rates remained unchanged, suggesting the intervention complemented rather 

than disrupted traditional assessment patterns. 

For busy lecturers, the system was deliberately designed to demand little. It begins with one class, one 

rule, and one week. Install the browser extension, which asks only for course name and language. 

Import the starter rule sheet, disable any trigger that feels intrusive, and show students a two-slide 

explainer. Most lecturers report that the first week runs itself, the only visible change is a small mood 

icon in the corner of the projector screen. By the second week, they glance at the dashboard the way 

one glances at the clock. If confusion spikes, they pause and ask students to explain the concept to a 

neighbour. The technology doesn’t teach; it simply nudges teachers to do what they already do, just 

sooner. Over time, these micro-adjustments become invisible habits, the kind of attentiveness that 

defines great teaching but scaled with digital precision. 

Students, too, described the experience in human terms. “I usually wait until I am completely lost 

before I raise my hand,” said one. “The pop-up felt like a friend tapping my shoulder.” Another 

reflected, “The meme made me laugh when I was ready to throw the laptop out the window. I stayed.” 

A third said, “I wrote my own rule. Seeing it pop up on someone else’s screen, best feeling in the 

course.” The common thread was clear: students don’t want a replacement teacher; they want an ally 

that lowers the social cost of admitting confusion. Beneath every quote was a subtle shift in classroom 

culture from performance to participation, from silent endurance to visible engagement. 

Beyond its emotional benefits, the model is inexpensive and sustainable. The entire stack is open-

source, with no license fees, cloud subscriptions, or specialized hardware. A single Raspberry Pi in a 

departmental cupboard can aggregate anonymous event stamps for a thousand students. Updating rules 

is as simple as editing a shared Google Sheet. In an era of shrinking budgets, the greatest expense is 

time, about thirty minutes a week reviewing dashboard patterns. Yet this half-hour is an investment, 

not a burden. It replaces the extra hour often spent re-explaining concepts that half the room missed 

the first time. Over a semester, that efficiency compounds into deeper understanding and calmer 

classrooms. 

Of course, the idea of continuous affect sensing raises valid concerns about surveillance. These are 

mitigated through four simple design principles: all processing happens locally, raw video never leaves 

the laptop, an opt-out toggle remains visible at all times, and students receive weekly “data hygiene” 

summaries showing what was stored, timestamps only. Even so, limitations persist: facial models 

remain less accurate on darker skin tones (15 percent false-neutral versus 8 percent overall). We 

publish these results openly and invite the community to submit more diverse training clips. Consent 

is renewed annually, and students can delete their event history with a single click. The goal is not to 

monitor but to share attention, to transform surveillance into transparency. 

Compared to commercial early-warning systems that predict at-risk students’ weeks in advance, this 

approach flips the timeline. It sacrifices macro predictive power for micro corrective action. Instead of 

predicting who might fail by midsemester, it helps a teacher act in the moment a student begins to drift. 

The two paradigms are complementary, early warning versus just-in-time pivot and together they could 

reshape how learning analytics and pedagogy meet in real time. 

If we look five years ahead, it is easy to imagine lecture theatres where the front wall displays a 

minimalist “mood ring” that drifts from calm blue to curious yellow to confused red. The lecturer, 
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mid-sentence, sees the hue redden and instinctively slows down: “I feel a ripple, let’s unpack that 

definition once more.” After class, the timeline is saved as a private note: “Minute 23 spike review 

pointer arithmetic next week.” Later, students can view their own emotional arcs, reflecting on when 

and why they typically struggle. No pop-ups, no memes, just gentle ambient feedback that makes the 

invisible visible. The technology is already feasible; what remains is the collective will to design it 

kindly. 

Universities, understandably, worry about surveillance and governance. The pilot team proposed three 

simple steps that satisfied both institutional review boards and student unions: adding a clear clause to 

the student handbook, forming a joint committee of staff and students to review logs each term, and 

requiring annual opt-in renewal. These steps ensure accountability while preserving trust. Over time, 

such policies could form a new social contract for digital learning, one where data serve dialogue, not 

discipline. 

The framework also scales easily across disciplines and continents. The browser extension is domain-

agnostic, currently being tested in a community-college biology lab (“If microscope confusion > 5 s 

→ suggest switching to 10× objective”) and a high-school Spanish class (“If hesitation on verb 

conjugation → pop-up: ‘Try saying the sentence aloud in English first’”). Early results show the same 

pattern everywhere: small affective gains, larger help-seeking gains, and zero teacher tech trauma. A 

consortium in South Africa is translating the rule sheet into isiZulu and Afrikaans, while a polytechnic 

in Singapore is adapting it into Mandarin and Malay. Because the rules are written in plain text, 

translations happen in days, not months, and local humor can be woven in seamlessly. This 

collaborative spirit may be the project’s most enduring lesson: technology spreads best when it listens, 

not when it dictates. 

The cost of adoption, in the end, is not technological but temporal. One lecturer summarized the weekly 

routine perfectly: open the dashboard Monday morning while the kettle boils, glance at Saturday’s lab, 

note a spike in confusion at minute 19, jot a reminder to review that example, toggle one rule, and 

delete raw logs older than 30 days. Total: seven minutes. The remaining twenty-three minutes are 

reclaimed later, fewer panicked emails, shorter office-hour queues, and fewer end-of-semester 

rewrites. Multiply this across a department, and you reclaim entire afternoons of teaching time. 

Perhaps the most surprising development is student co-creation. During the pilot, three undergraduates 

proposed new triggers; one of their rules is now part of the default package: “If keystrokes >120 wpm 

AND compile errors >3 in 60 s → pop-up: ‘Slow down—what do you expect this line to do?’” In the 

next design cycle, the first lab of term will be dedicated to “rule hacking,” turning the AI into a 

collective artifact that reflects the community’s own heuristics. Early sketches include peer-nominated 

memes, culturally specific jokes, and even mindfulness GIFs designed by the campus counseling 

center. The future may belong to such hybrid ecosystems, half pedagogical, half playful where teachers 

and students share authorship of their own learning tools. 

Ultimately, the vision is ambient, not invasive. Today’s pop-ups could evolve into tomorrow’s subtle 

classroom cues or personalized recaps: “Hi Sam, you seemed unsure about recursion, here’s a two-

minute refresher.” Over time, student-authored rules could circulate between institutions, forming an 

open-source library of micro-pedagogies. Each layer of the system remains opt-in, transparent, and 

editable. The north star is “invisible infrastructure” technology that fades into the background because 

it feels like common courtesy. 

Real-time affective analytics are no longer the domain of elite research labs. The same laptop students 

use to scroll through TikTok can now tell us when they are stuck, provided we ask politely and act 

transparently. Our experiment shows small but significant gains in emotion, help-seeking, and 

learning, with no extra staff time and minimal privacy risk. The deeper promise, however, is cultural: 

a shift from delivery to dialogue, from surveillance to shared attention. When an instructor pauses 
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because a dashboard whispers, “Confusion spike in row three,” technology becomes invisible and 

pedagogy takes the stage. The future of AI in education may not be a brighter screen but a quieter 

mirror, one that helps teachers see what they already care about: the moment a student almost, but not 

quite, understands. 


