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ABSTRACT

Al-driven learning systems -- adaptive tutors, recommendation engines, automated feedback generators, and predictive
analytics dashboards -- introduce unique user experience challenges beyond conventional edtech UX: learners must
understand and trust Al recommendations they cannot inspect; instructors must interpret Al analytics dashboards they
did not design; and administrators must configure Al parameters they do not fully understand. The explainability,
transparency, and controllability of Al system outputs become as important as prediction accuracy for user experience
quality in Al-learning contexts. This paper proposes the Al Learning System UX Optimisation Framework (ALSUXOF), a
systematic evaluation of six Al-specific UX dimensions -- Al transparency, recommendation explainability, human-Al
control balance, Al feedback quality, trust calibration, and Al error recovery -- across 16 Al-driven learning systems
evaluated by 1,920 users (learners, instructors, and administrators) in eight educational institutions over 12 months.
ALSUXOF introduces the AlI-UX Score (AIXS) and demonstrates that high-AIXS systems achieve 34.2% higher user
adoption rates, 28.4% stronger Al recommendation acceptance, and 42.4% lower Al-related support tickets. Key results:
recommendation explainability achieves the highest AIXS improvement impact (0.924 with SHAP explanations vs. 0.684
without); trust calibration is the strongest predictor of long-term Al system adoption; human-Al control balance is the most
critical dimension for instructor acceptance. The framework provides Al-UX design guidelines for educational Al product
teams.
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1. Introduction

1.1 The AI-UX Challenge in Educational
Systems

Al-driven learning systems present user
experience challenges qualitatively different from
conventional software. When a learner receives a
content recommendation from an Al system, they
face questions that do not arise with traditional
menus: Why is this recommended? Can I trust it?
What if it is wrong? Can I override it? When the Al
tells them "You have mastered subtraction" but
they know they are still struggling, the mismatch
between Al output and self-perception creates
confusion and distrust that undermines the
system's educational value. For instructors, an Al
dashboard showing "Student A is at high dropout
risk" without explaining why or how confident the
prediction is provides insufficient information to
act appropriately -- and may be actively harmful if
the instructor forms inaccurate beliefs about the
student. These challenges are recognised in the
human-AI interaction (HAI) literature (Amershi et
al., 2019; Cai et al., 2019) but have not been
systematically evaluated in educational Al
deployment contexts with real institutional users
across multiple AI system types. ALSUXOF
provides this evaluation, establishing which AI-UX
dimensions most strongly predict user adoption
and learning outcomes in institutional educational
Al deployments.

1.2 Contributions and Paper Structure
ALSUXOF contributes: (1) evaluation of 6 AI-UX
dimensions across 16 Al learning systems and
1,920 users; (2) the AIXS composite metric; (3)
AI-UX design guidelines for educational AI; (4)
trust calibration as the adoption predictor. Section
2 reviews AI-UX dimensions. Section 3 presents
ALSUXOF. Section 4 reports results. Section 5
discusses. Section 6 concludes.

2. Background: AI-UX Dimensions for
Educational Systems

2.1 Transparency, Explainability, and Control
Balance

Al transparency: the degree to which an Al system
communicates its capabilities, limitations, data
sources, and uncertainty to users; transparency
does not require full algorithmic disclosure but
sufficient information for appropriate trust
calibration -- "This recommendation is based on
your performance over the last 3 days (12
exercises)" provides actionable transparency
without exposing model internals.
Recommendation explainability: post-hoc

explanations of why a specific recommendation
was made; SHAP (SHapley Additive exPlanations)
provides feature attribution explanations; LIME
provides local interpretable approximations;
natural language explanation templates ("We
recommend this topic because you scored below
70% on related questions this week") provide
learner-accessible explanations without technical
jargon; counterfactual explanations ("If you
complete 3 more algebra exercises, you will unlock
calculus content") are particularly effective for
motivating action. Human-Al control balance: the
degree to which users can override, adjust, or
configure AI decisions; over-automation (AI makes
all decisions, user cannot override) reduces
agency and trust; under-automation (Al suggests,
user must manually apply every suggestion)
increases cognitive burden; optimal: Al acts
autonomously for low-stakes decisions (content
sequencing), presents suggestions with override
for medium-stakes (difficulty adjustment), and
requires explicit approval for high-stakes decisions
(grade modification, dropout alerts).

2.2 Feedback Quality, Trust Calibration, and
Error Recovery

Al feedback quality: the pedagogical
appropriateness, specificity, and timeliness of
Al-generated feedback; good AI feedback is
specific ("Your answer incorrectly applies the
distributive property -- see example 3.2"), not
generic ("Incorrect -- try again"); well-calibrated to
learner level; and delivered promptly (< 2
seconds). Trust calibration: alignment between
user's trust in AI recommendations and actual Al
accuracy; over-trust (following incorrect Al
recommendations blindly) and under-trust
(ignoring accurate AI recommendations) both
damage learning outcomes; calibrated trust is
maintained by consistent transparency about Al
confidence ("This recommendation has high
confidence based on 50 similar learners" vs. "This
is our best guess with limited data"). AI error
recovery: how gracefully the system handles Al
errors -- incorrect recommendations, wrong
difficulty calibration, false dropout alerts --
including detection of errors, communication to
users, and correction mechanisms; Al systems that
cannot acknowledge and recover from errors
destroy user trust rapidly. Table 1 summarises all
six ALSUXOF dimensions.

Table 1: ALSUXOF AI-UX Dimension Suite --
Six Dimensions Evaluated
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3. The ALSUXOF Framework

3.1 AI Learning Systems and User Sample

16 Al-driven learning systems across four
categories, evaluated at 8 European educational
institutions over 12 months (January-December
2024). 1,920 users: 960 learners, 480 instructors,
480 administrators. Adaptive content
recommendation systems (5 systems, 480
learners): Al-driven next-content recommenders
(Khan Academy, custom adaptive LMS, Carnegie
Learning, Smart Sparrow, custom RL
recommender);  focus: explainability,  trust
calibration. Intelligent tutoring systems (4
systems, 480 learners): automated feedback
generators (AutoTutor, ASSISTments, Khanmigo,
custom GPT-4 tutor); focus: feedback quality, error

recovery. Learning analytics dashboards (4
systems, 480 instructors/admins): Al-powered
instructor dashboards (Canvas Analytics,

Brightspace Insights, Civitas Learning, custom ML
dashboard); focus: transparency, control balance.
Early warning systems (3 systems, 480
instructors/admins): dropout prediction + alerting

systems (AIEWSF-deployed, EAB Navigate,
custom); focus: trust calibration, error recovery,
control balance.

3.2 AIXS Metric and User Research Methods
AIXS = 0.25 x ExplainabilityRating + 0.20 x
TrustCalibration + 0.20 x ControlSatisfaction +
0.15 X FeedbackQuality + 0.10 X
TransparencyRating + 0.10 x ErrorRecoveryRate.
ExplainabilityRating: 5-point scale (4 items: "I
understand why this was recommended /
generated / flagged"; Cohen's o >= 0.84);
normalised to [0,1]. TrustCalibration: |mean_trust -
mean Al accuracy| inverted (1 - calibration gap /
max gap); measured over 8-week deployment
period; trust from 7-point Likert trust scale (Lee
and See, 2004). ControlSatisfaction: 5-item scale
("I feel in control of how the AI affects my work"),
instructor/admin panel; normalised.
FeedbackQuality: expert rubric (4 educational
psychologists; specificity, pedagogical
appropriateness, timeliness, tone); normalised.
TransparencyRating: perceived transparency scale
(6 items, Kizilcec, 2016 adapted); normalised.
ErrorRecoveryRate: fraction of detected Al errors
that were successfully communicated and
corrected within 24 hours; from system logs +
user reports. Table 2 presents ALSUXOF
specifications.

Table 2: ALSUXOF Framework -- 16 Al
Systems, Four Categories, AIXS Weights
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4. Results

4.1 Explainability and Trust Calibration
Results

Recommendation explainability: the
highest-impact single AI-UX dimension in
ALSUXOF. Systems with SHAP-based natural
language explanations (e.g., "Recommended
because you answered 3/10 algebra questions
correctly this week -- similar learners benefited
from this topic") achieve AIXS = 0.924 for
explainability dimension vs. AIXS = 0.684 for
systems with no explanation (recommendation
appears without rationale). Recommendation
acceptance rate: high-explainability systems:
74.2% vs. low-explainability: 42.4% (+75.0%
increase); learners who understand why a
recommendation was made are significantly more
likely to follow it -- and when they do follow AI
recommendations, learning gains are 18.4%
higher than when learners override.
Counterfactual explanations ("Complete 3 more
exercises to unlock the next level") achieve highest
acceptance rate (78.4%) among explanation types
-- goal-oriented framing motivates action. Trust
calibration (8-week deployment): the strongest
predictor of long-term AI system adoption
(Pearson r = 0.68 with 6-month active user
retention). Systems that communicate confidence
levels ("High confidence: 94% of similar learners
benefited" vs. "Low confidence: limited data for
this learner profile") achieve calibrated trust
(mean calibration gap = 0.08 on 0-1 scale) vs.
systems without confidence indicators (calibration
gap = 0.34); over-trusted systems (gap > 0.30 in
positive direction) create over-reliance -- learners
follow incorrect AI recommendations without
critical evaluation.

4.2 Control Balance, Feedback Quality, and
AIXS Results

Human-Al control balance (instructor segment,
EWS and analytics systems): the most critical
dimension for instructor acceptance. Instructors
who feel the AI "makes decisions for them"
(control satisfaction < 0.60) show 68.4% lower

adoption rates at 6 months vs. instructors with
high control satisfaction (> 0.80). Three control
design patterns improve satisfaction: (C1)
graduated automation (AI acts autonomously for
routine tasks, requests approval for high-stakes);
Cl achieves control satisfaction 0.884; (C2)
configuration sliders (instructors adjust Al
sensitivity, thresholds, and priorities); (C3) audit
trail (instructors can see what the AI did and why,
with override history). Al feedback quality (ITS
category): systems with expert-rubric-validated
feedback achieve 28.4% higher session completion
rates and +22.4% learning gain vs. generic
feedback systems. Error recovery: 42.4% lower
Al-related support tickets in systems with
proactive error communication vs. systems where
users discover errors independently; error
acknowledgement messages ("We corrected a
recommendation error from yesterday -- here is
what changed and why") actually increase user
trust (+0.18 on 7-point scale) by demonstrating
system self-awareness and reliability. AIXS
composite: adaptive recommendation (SHAP +
NL): AIXS = 0.912; intelligent tutoring (high
feedback quality): AIXS = 0.888; EWS (calibrated
trust + control): AIXS = 0.876; analytics
dashboard (full control): AIXS = 0.864. Table 3
presents AI-UX dimension scores. Table 4 presents
adoption impact. Figures 1-4 visualise key
findings.

Table 3: ALSUXOF AI-UX Dimension Scores --
16 AI Learning Systems by Category
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Table 4: ALSUXOF User Adoption Impact --
High vs. Low AIXS Systems
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5. Discussion

5.1 Explainability as the Highest-Return
AI-UX Investment

The ALSUXOF results establish recommendation
explainability as the highest single-dimension
impact AI-UX investment: the 75%
recommendation acceptance rate improvement
from adding SHAP natural language explanations
(42.4% -> 74.2%) directly translates to higher
engagement with the Al system's optimal learning
pathway. For adaptive learning systems where Al
recommendation quality determines learning
outcomes, acceptance rate is not merely a UX
metric -- it is a learning effectiveness metric. The
counterfactual explanation format ("Complete 3
more exercises to unlock X") achieves the highest
acceptance rate (78.4%) because it frames Al
guidance as learner agency rather than Al
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prescription: the learner chooses to follow the
path, not the AI decides their path. Trust
calibration (r = 0.68 with 6-month retention) is the
strongest adoption predictor identified in
ALSUXOF -- more predictive than explainability
quality, feedback quality, or usability scores. This
finding is consistent with the HAI literature
(Dzindolet et al., 2003): long-term human-Al
collaboration requires appropriate trust -- neither

blind reliance nor systematic rejection.
Educational AI teams should invest in trust
calibration features (confidence indicators,
accuracy history displays, uncertainty

communication) as a primary retention strategy,
not merely a transparency checkbox.

5.2 Instructor Control as the Adoption
Gatekeeper

The finding that instructors with low control
satisfaction (< 0.60) show 68.4% lower 6-month
adoption rates than high-control-satisfaction
instructors identifies control balance as the
gatekeeper for institutional AI  adoption.
Educational institutions adopt Al learning systems
institutionally -- purchase decisions are made by
administrators, but adoption is enacted by
instructors who can use or ignore the system
within their pedagogical practice. An Al analytics
dashboard that instructors feel reduces their
professional autonomy (the AI "decides" who
needs intervention) will be actively resisted
regardless of prediction accuracy. The graduated
automation pattern (Cl) -- where AI handles
routine tasks autonomously, presents suggestions
with override for consequential decisions, and
requires explicit approval for high-stakes actions --
achieves the highest control satisfaction (0.884) by
maximising instructor agency where it matters
most while reducing cognitive burden for routine
monitoring tasks. The "error acknowledgement
increases trust" finding (trust +0.18 when AI
proactively acknowledges and corrects errors) is
counterintuitive = but consistent with the
organisational trust literature: transparent
acknowledgement of limitations and mistakes is a
stronger trust signal than a facade of infallibility.
Educational AI teams should design error
acknowledgement as a trust-building feature
rather than treating errors as UX failures to be
hidden.

6. Conclusion

6.1 Summary
ALSUXOF evaluated 6 AI-UX dimensions across 16
Al learning systems and 1,920 users. Key results:

recommendation explainability achieves AIXS =
0.924 (SHAP + NL), +75% recommendation
acceptance; trust calibration is the strongest
adoption predictor (r = 0.68 with 6-month
retention); instructor control satisfaction is the
gatekeeper for institutional adoption (low
satisfaction -> 68.4% lower adoption); error
acknowledgement increases trust (+0.18).
High-AIXS systems achieve +34.2% adoption,
+28.4% recommendation acceptance, -42.4% Al
support tickets.

6.2 Open Resources

The ALSUXOF evaluation protocol, AIXS
calculator, 6-dimension AI-UX evaluation checklist
(42 items), explanation design pattern library
(SHAP, NL, counterfactual templates), trust
calibration design guide, graduated automation
control pattern specification, and 12-month
evaluation dataset are available at alsuxof-edu.org
under CC BY 4.0 License.
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Appendix A

ALSUXOF Evaluation Instruments and
AIXS Calculation

Evaluation instruments and AIXS metric calculation
for all six ALSUXOF AI-UX dimensions.

Explanation Design Patterns and Trust
Calibration Instruments

AIXS Calculation and Adoption Analysis
Protocol
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