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ABSTRACT

Integrating Al into education makes explainability an ethical imperative. This
analysis examines competency requirements for 5 stakeholder groups — learners,
educators, parents, system leaders, and developers — while evaluating capacity-
building interventions, participatory design, and multi-stakeholder governance
frameworks. Technical disclosure proves insufficient; sustainable implementation
demands distributed responsibility through professional development, human-
centered design, and collaborative governance. Three critical challenges persist:
cognitive overload from complex explanations, equity gaps in interpretive
capabilities, and automation bias fostering over-reliance. Effective educational Al
adoption requires integrating participatory design with institutional governance to
establish shared accountability across the educational ecosystem.

SINTESI

L’integrazione dell’IA nell’istruzione rende la spiegabilita un imperativo etico.
Questa analisi esamina 1 requisiti di competenza per 5 gruppi di stakeholder
valutando interventi di capacity building, design partecipativo e framework di
governance multi-stakeholder. La divulgazione tecnica risulta insufficiente;
I’implementazione sostenibile richiede responsabilita distribuita attraverso
sviluppo professionale, design centrato sull’utente e governance collaborativa.
Persistono 3 sfide critiche: sovraccarico cognitivo da spiegazioni complesse, divari
di equita nelle capacita interpretative e bias di automazione che genera eccessiva
fiducia. L’adozione efficace dell’IA educativa richiede 1’integrazione del design
partecipativo con la governance istituzionale per stabilire responsabilita condivisa
nell’ecosistema educativo.
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Introduction

Explainable artificial intelligence (XAI) is a subfield of Al that aims to clarify
the rationale behind Al system decisions and outputs (EDPS, 2023). While it has
traditionally focused on technical concerns to enhance system reliability and
acceptance among domain-specific users (Ali et al., 2023), the rapid development
of the technology itself, coupled with its broader societal implementation,
particularly of large language models (LLMs), has made explainability an ethical
necessity requiring innovative, human-centered approaches (Liao & Wortman
Vaughan, 2024). As Al becomes more prevalent in educational settings, it becomes
clear that without transparency in how outputs, decisions, or predictions are
reached, learners and teachers cannot trust, contest, or refine Al outputs (Khosravi
et al., 2022).

In the field of education, XAl is a significant frontier that requires explanations
tailored to the comprehension levels of various stakeholders, including students,
teachers, curriculum designers, and policymakers (EPRS, 2019). Compliance with
broader legal and ethical frameworks, such as the European Al Act' and the General
Data Protection Regulation (GDPR?), further emphasizes the necessity of tailored
explainability to protect fundamental rights, ensure data protection, and uphold
accountability within educational systems (EDPS, 2023). Effective explanations
are vital for building trust, enabling informed decision-making, and promoting
accountability in educational settings (Longo et al., 2024). However, technical
openness alone is insufficient for sustainable adoption, which depends on socio-
technical transparency — pairing clear algorithms with literate users. A 2024
systematic review found that XAI leads to higher student motivation precisely
because explanations reveal the logic of the model. Teachers with greater Al self-
efficacy also report more benefits and fewer risks (Tiirkmen, 2024).

According to European policy experts, Al systems in education should provide
clear explanations for their decisions (EC, 2025). When educators understand why
an Al has made a particular judgment, they can question it and remain involved in
the decision-making process. This supports the idea that Al systems should be
designed to keep humans actively engaged, rather than simply accepting whatever
the technology decides (Szymanski et al., 2024).

To successfully utilize Al in education in the long term, it is essential that all
those involved — teachers, administrators, students, and parents — possess the
necessary competencies. These competencies should cover not only how Al works
and its strengths and limitations, but also the ethical issues it raises. People need the
technical skills to use Al tools, as well as the critical thinking skills to understand
their impact (Dominguez Figaredo & Stoyanovich, 2023; U.S. Department of
Education, 2023). Additionally, different Al systems require different approaches
to ensure their decision-making processes are transparent. Simple systems like
decision trees naturally demonstrate their logical pathway. However, complex

! https://artificialintelligenceact.eu/the-act/.
2 https://eur-lex.europa.eu/EN/legal-content/summary/general-data-protection-regulation-
gdpr.html.
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systems such as deep neural networks and large language models are “black boxes”
that make it difficult to understand how they make decisions (Gunasekara &
Saarela, 2025). Additional explanation tools are therefore needed for these complex
systems to help understand their decisions after they have been made. (Kiichemann
et al., 2025).

The challenges often stem from the fact that many people simply don’t trust Al
systems. The Al itself can be biased, and it is often difficult to understand how it
makes decisions (Heiser et al., 2023). In order to bridge these trust gaps and align
Al innovations with educational values, a balanced strategy supported by
interdisciplinary collaboration between mixed expert groups is needed (Longo et
al., 2024). The ultimate objective is to develop Al systems that are comprehensible
and usable by all. This involves identifying why current Al explanations are
ineffective and assisting schools in developing a culture where everyone shares
responsibility for improving Al transparency (Manohara, 2024).

1. Competency domains for educational stakeholders

Making Al understandable isn’t just about creating transparent technologys; it’s
also about developing the skills needed to interpret Al-generated output. Different
groups of stakeholders, such as students, teachers, parents, school leaders, and Al
developers, require different yet related skills.

For example, students need to understand their own learning process to use Al
feedback effectively. They also need basic data literacy skills to interpret data, such
as understanding charts, graphs, and written explanations provided by Al systems.
Students also require cognitive resilience in order to think critically about Al
recommendations, questioning whether they are sensible, understanding how the
Al reached its conclusion, and identifying potential problems or bias (Khosravi et
al., 2022).

Similarly, teachers must translate Al insights into practical teaching strategies,
which requires strong skills in interpreting educational data (Michos et al., 2023).
This involves interpreting elements such as risk scores or attention maps and
translating them into classroom decisions and strategies (Lee et al., 2024). Teachers
must be able to explain Al recommendations in simple terms to students and parents
and be accountable for their teaching decisions. They must also have a good
understanding of the model’s limitations and provenance to avoid placing too much
trust in it (Long & Magerko, 2020).

School leaders must understand laws and regulations such as the GDPR and the
EU AI Act. They also need to analyze data to determine whether Al systems are
helping to achieve fairness and resource goals. Leaders also require oversight skills
— they should commission reviews to assess data protection and ethics and monitor
Al systems for bias prior to their large-scale implementation (Ifenthaler et al.,
2024). In this context, Al developers would need to pay extra attention to a human-
centered design approach, starting with an understanding of users’ needs. They
should research how diverse groups prefer to receive explanations and feedback,

119



WUL RESEARCH

Open Journal of IUL University

designing interfaces accordingly. This involves repeatedly testing visual displays
and text explanations to ensure that people can easily inspect and question Al
recommendations, thereby building appropriate trust into the system from the outset
(Long & Magerko, 2020).

A common issue across these groups is that having transparent Al technology is
not enough. Without the ability to question, understand, and communicate what Al
systems are doing, transparency is of no benefit. Each group needs these essential
skills to ensure that explainable Al becomes an active feature, not just a technical

one.

Stakeholder Competency Examples
Metacognitive Align Al feedback with What-If Tool (https://pair-
skill. self-regulated goals; use | code.github.io/what-if-

dashboards showing Al tool/) to understanding
reasoning to monitor and | Machine Learning
adapt strategies (e.g., systems behavior based on
Khosravi et al., 2022). data input.
Baseline data Read charts, interpret
Students & literacy. confidence bands and
learners. textual rationales so Al
signals are understood,
not ignored.
Critical Probe recommendations
questioning. for credibility — trace
input-to-output pathways
and recognize potential
bias or blind spots.

§ Pedagogical Translate risk With the app NWEA

2 data literacy. scores/attention plots into | MAP Growth, teachers

= curricular insights receive machine-

e (Michos et al., 2023; Lee | generated rationales for

£ et al., 2024). student placement.

2 Critical Al- Understand model Before sharing results,

g. literacy. limitations and educators need to rephrase
provenance to avoid these rationales in plain
over-trust (Long & language for students and

Educators. Magerko, 2020). parents.
Communication | Rephrase machine Teachers stay accountable
skills. rationales in plain by contextualizing Al
language for students and | outputs with human
parents, ensuring judgment.
accountability. https://www.nwea.org/upl
oads/FamilyGuidetoMAP
Growth.pdf
Data- Read school dashboards; | Teacher and caregiver co-
interpretation question Al-driven interpretation of the
Parents & skills. progress reports so they educational data
caregivers. : can engage meaningfully. | dashboard. . .
Privacy & Understand how student | https://dataqualitycampaig
rights data are collected, n.org’/how-can-we-
awareness. shared, and secured; support-parent-
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demand data protection
guarantees (Utter et al.,
2022).

engagement-with-student-
data

Regulatory
fluency.

Apply GDPR, EU AI Act
to ensure policies
safeguard student data
and govern Al adoption
(Ifenthaler et al., 2024).

Equity-focused

Read aggregate analytics

The creation of a public
Al register, listing every
Al/algorithmic system
used in the district to
transparency, procurement
oversight, and community

School leaders, | analytics. vis-a-vis equity/resource | trust.
policymakers. goals; spot disparities in | https://ai.hel.fi/wp-
outcomes before scaling. | content/uploads/White-
Oversight & Commission data Paper.pdf
ethics impact. protection and ethics
assessments; monitor
system outputs for bias
or unintended harms.
Contextual Conduct user research to | Run fairness passes on the
empathy. tailor explanations (depth | explanations and outputs:
+ modality) for students, | check subgroup error/flag
teachers, parents (Long rates and explanation
& Magerko, 2020). differences.
Interface Iteratively test https://research.ibm.com/p
alignment. visual/textual cues so ublications/ai-fairness-
explanations are 360-an-extensible-toolkit-
Developers. inspectable and for-detecting-and-

queryable — calibrating
trust by design.

Ethics-driven
iteration.

Continuously validate
that model explanations
do not introduce new
biases; refine algorithms
with human-in-the-loop
feedback.

mitigating-algorithmic-
bias

TABLE 1 — EXPLAINABLE Al IN EDUCATION

2. Building interpretability through training and co-creation

Explainable Al and interpretability are not solely the property of algorithms;
they are competencies that can be learnt, practiced, and institutionalized. Short,
targeted professional development programs boost teachers’ confidence, hone their
data interpretation skills, and heighten their awareness of bias. These gains translate
into the informed integration of Al tools (Riggs, 2025; Viberg et al., 2024). Similar
efforts in schools demonstrate that practical Al literacy units stimulate students’
curiosity and metacognition and, most importantly, encourage them to question
machine outputs. Consequently, curricula that couple technical concepts with
critical reflection enhance students’ capacity to articulate the workings of Al to their
peers (Casal-Otero et al., 2023).

When teachers and students develop these Al literacy skills, they also become
valuable partners in designing Al systems. Collaborating on dashboards and lesson
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plans demonstrates that engaging educators in the design process reveals the
specific evidence and information they consider when making teaching decisions.
This consequently helps to make Al explanations clearer and better suited to
teachers’ needs (Van Leeuwen et al., 2023). In literacy training, teachers who co-
created Al activities reported a stronger sense of ownership of the generated
outcomes (Kosmas et al., 2025).

To achieve interpretability at scale, efforts must extend beyond individual
classrooms to encompass broader institutional and policy frameworks. Innovation
laboratories and workshops bring together educators, developers, ethicists, and
policymakers to ensure that technical auditing processes align with pedagogical
requirements and regulatory objectives (OECD, 2023). For example, Delphi panels
comprising similar interdisciplinary expertise have developed comprehensive
checklists that address privacy protection, algorithmic trustworthiness, and equity
considerations. These checklists emphasize the critical role of educators in
interpreting audit results prior to system implementation (Ifenthaler et al., 2024).
While these interdisciplinary guideline panels require strong facilitation and ethical
reasoning skills, successful collaborations effectively translate complex audit
findings into practical institutional policies.

3. Tools, formats,
interpretability

and governance mechanisms that support

The concept of interpretability gives rise to several key design strategies,
including visual dashboards, interactive “ask-why/what-if” tools, narrative
scaffolds, and built-in governance widgets. These strategies address different yet
complementary user needs, and when combined, they provide stakeholders with
actionable socio-technical transparency.

Focus area Contribution to interpretability
Visual Real-time, user—ﬁlterable widgets grounq system .signals. in the learner.’s
explanations context, but complexity must match viewers’ visual literacy to avoid
cognitive overload (Masiello et al., 2024; Pozdniakov et al., 2024).
Interactive Scenario exploration and dialogue let users test mental models, calibrate
explanation trust, and personalize explanations on demand (Scheers et al., 2021;
systems Swamy et al., 2024).

Narrative-based
explanations

Natural-language “data stories” translate charts for younger or low-
literacy audiences; automated storytelling scales reach but needs human
quality control (Fernandez-Nieto et al., 2024).

Fairness audits
& accountability
dashboards

Surfacing bias indicators, consent status and audit scores within the UI
keeps accountability visible and increases users’ willingness to act on
recommendations (Simbeck, 2024; Jin et al., 2024).

TABLE 2: FOCUS AREAS OF Al INTERPRETABILITY

Together, these elements can transform explainable Al in education from a
technical disclosure to an authentic socio-technical dialogue. In practice, real-time
teacher—Al collaboration projects at Carnegie Mellon University (e.g., Lumilo
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smart glasses and related classroom tools) demonstrate how clear visualizations and
interactive “ask why/what if” features enable teachers to analyze model signals and
take action during live instruction, calibrating trust and oversight in real time.
Similarly, the UK’s Jisc Learning Analytics program embeds narrative scaffolds
and governance widgets at scale, incorporating consent flows, an ethics code of
practice, and institutional dashboards so that explanations remain actionable and
accountable.

4. Interpretability challenges in educational Al systems

There are three main challenges that undermine the interpretability of Al in
education: cognitive overload, equity gaps, and trust calibration problems. These
challenges reinforce each other, creating additional disadvantages for those with
limited Al literacy.

Cognitive overload occurs when Al systems present users with complex
statistical metrics that overwhelm their processing capacity. Research shows that
excessive information decreases both understanding and trust (Fox & Rey, 2024).
Even simplified explanations require a basic level of digital competence, which
links to equity concerns: those with stronger digital literacy skills can navigate this
complexity more easily, while others are likely to struggle with even the most basic
interpretations (Wang et al., 2024). Educational equity gaps mean that interpretive
skills correlate with prior digital literacy, creating a “rich get richer” dynamic (Al-
Zahrani, 2024). Teachers in under-resourced districts are provided with the same
Al dashboards but lack the training necessary to interpret them effectively. Students
with limited technology exposure find it more difficult to understand Al feedback
than their digitally fluent peers (Aljemely, 2024). When users cannot understand
Al explanations due to an overload of information or insufficient literacy, they tend
to adopt an extreme position: either rejecting Al recommendations entirely or
accepting them uncritically. This automation bias is particularly dangerous when
user-friendly interfaces create false authority through explanations that sound
confident but mask model limitations (Nazaretsky et al., 2022; Saqr & Lopez-
Pernas, 2024).

These challenges create a series of disadvantages for those with limited Al
competencies. Having lower digital literacy means facing a higher cognitive load,
which hinders the development of skills through experience. This gap makes these
users more vulnerable to both under-trust and over-trust, preventing them from
participating meaningfully in human-in-the-loop processes. The implications
threaten educational equity itself. If interpretability remains primarily accessible to
the digitally advantaged, Al systems will amplify rather than reduce inequalities.
Those who need support the most become the least equipped to use Al tools, while
those who are already privileged gain benefits. This divide risks becoming a new
dimension of educational stratification.

To address these challenges, trust strategies must consider cognitive capacity
differences, equity interventions must address interpretive competencies as well as
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technology access, and cognitive load reduction must be adapted to existing literacy
levels. Without such integrated approaches, Al interpretability in education risks
becoming a privilege for the literate elite rather than a tool for educational equity.
This would undermine the potential of Al to democratize learning, creating systems
that benefit those who need them least while neglecting the students and teachers
who could most benefit from personalized support.

5. Cultivating a culture of shared responsibility in educational Al

The rapid integration of Al into education and classrooms has highlighted the
limitations of a compliance-driven approach to transparency. While fulfilling a
“right to explanation” requirement or demonstrating an algorithm’s processes may
satisfy regulators, it does not guarantee that educators and learners can understand
or act on Al outputs. In education, explainability is now considered an ethical
necessity: without a clear explanation of how an Al prediction is made, teachers
and students cannot trust, question, or refine that output. Conversely, greater
explainability in Al outputs could motivate students and enable teachers to perceive
more benefits and fewer risks in using Al tools (Tiirkmen, 2024).

Technical openness alone is insufficient. Sustainable adoption demands socio-
technical transparency, involving transparent models paired with users prepared to
interpret them. In other words, responsibility for meaning-making must be shared.
Al designers should create comprehensible systems, and human stakeholders
should engage with these explanations actively (EC, 2025). This shift from passive
compliance to active interpretation is also evident in policy calls for human-in-the-
loop decision-making. Rather than replacing educators, Al should augment their
judgment, enabling teachers to challenge automated judgments and preserve human
agency (Alfredo et al., 2024).

In this context, interpretability in Al-enhanced education is not just an
algorithmic property; it is also a competence and cultural value that schools and
institutions must cultivate. This involves moving away from expecting individual
power users to understand Al, and instead building a community-wide capacity for
AT understanding and critique. Short professional development sessions have the
potential to boost teachers’ confidence and data literacy skills, leading to greater
uptake of explainable Al tools in the classroom. Similarly, parallel efforts involving
students using game-based Al literacy modules have encouraged learners to
question Al outputs and explain Al reasoning to their peers (Casal-Otero et al.,
2023). Teachers who co-created an Al-driven literacy activity felt a greater sense
of ownership and were better able to explain the rationale of the algorithm to their
primary school students. The pupils, in turn, found the AI’s explanations enjoyable
and meaningful (Kosmas et al., 2025).

Trust in educational Al should be earned through understanding and competence
rather than by asking users to have blind faith. Teachers with higher Al-related
knowledge and self-efficacy reported significantly more trust in Al and fewer
concerns about it (Choi et al., 2022). When educators feel competent with Al they

124



WUL RESEARCH

Open Journal of IUL University

can appropriately trust its recommendations, neither naively nor reflexively
skeptically. Providing users with understandable, instance-level explanations for Al
predictions can increase trust and acceptance without overwhelming them
cognitively (Szymanski, 2024).

However, genuine trust does not equate to uncritical acceptance. According to
Ma and colleagues (2022), interpretive vigilance requires humans to remain in the
loop, ready to question and override the Al when needed.

There is an emerging consensus that users should calibrate their level of trust
based on the system’s performance and their own understanding of how it works.
This necessitates the development of critical Al literacy as a core competence for
all stakeholders.

Rather than encouraging deference to algorithmic authority, schools are
beginning to emphasize the skills needed to interrogate Al outputs and recognize
their limitations.

When teachers, students, and parents are empowered to ask “Does this make
sense?” and have the knowledge to interpret the answer, trust becomes a dynamic
and well-founded product of human—Al collaboration (Wang et al., 2024).
Reaching major Al interpretability in education requires the collaboration of
different stakeholders and their specific contexts, rather than the contribution of a
single stakeholder alone (Figure 1).

Governance mechanisms

Shared practices

XAI Competencies

Students &
Learners

Developers

System Leaders,
Policymakers

Parents &
Caregivers

FIGURE 1 — MULTI-STAKEHOLDER FRAMEWORK FOR AI INTERPRETABILITY IN EDUCATION
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6. Discussion

Al transparency is a socio-technical issue that must be co-constructed by
developers, educators, learners, and policymakers. Compliance-based transparency
of an Al model alone rarely leads to informed action, unless stakeholders have the
knowledge and ability to question a prediction (Khosravi et al., 2022). Therefore,
interpretability should be considered a shared practice rather than an isolated end-
user skill.

A central theme in the ongoing discussion is the redistribution of responsibility
for meaning-making. Studies in participatory design, in which teachers co-create
dashboards or lesson plans, demonstrate that explanations become clearer and more
context-specific when educators encounter the same diagnostic indicators they use
in practice (Van Leeuwen et al., 2023; Kosmas et al., 2025). These findings
challenge the idea that teachers are merely consumers of Al output, instead
positioning them as epistemic partners. The same logic applies to students: game-
based Al literacy units that encourage pupils to question Al systems critically are
an important guardrail against placing too much trust in persuasive yet fallible
systems (Casal-Otero et al., 2023).

However, some obstacles remain to be overcome: cognitive overload occurs
when explanations exceed users’ working memory capacity, reducing
comprehension and trust (Fox & Rey, 2024). Equity gaps also emerge because
interpretive skills correlate with prior digital literacy, which could lead to a “rich
get richer” effect whereby well-resourced schools extract the most value from Al
(Al-Zahrani, 2024). Finally, automation bias can cause users to transition from
healthy reliance to blind acceptance, especially when rationales that sound
confident mask underlying model errors (Saqr & Lopez-Pernas, 2024).

Fortunately, there are already approaches that offer valuable solutions. These
include targeted, iterative professional development for teachers and scaffolded Al-
literacy curricula for students, which strengthen interpretive competence (Riggs,
2025). Human-centered design incorporates layered “ask-why/what-if” features
that translate algorithmic reasoning into familiar pedagogical concepts, reducing
cognitive load while maintaining rigor (Scheers & De Laet, 2021). Multi-
stakeholder governance expert groups align the aspects of technical transparency
with ethical oversight and regulatory mandates (Ifenthaler et al., 2024). Together,
these strategies promote a culture of shared interpretive responsibility, where
everyone, from developers to learners, plays a part in making Al decisions more
transparent, contestable, and, ultimately, better.

Conclusions

The explainability of Al in education cannot be outsourced to algorithms alone;
it must be cultivated through people, practices, and policies that prioritize
transparency as a form of dialogue rather than disclosure. Creating this culture
involves empowering stakeholders through sustained, context-sensitive literacy
programs, designing interfaces and curricula that address genuine classroom
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requirements, and establishing governance mechanisms that ensure transparency,
privacy, and accountability.

A multi-stakeholder perspective on Al interpretability can offer practical
guidance across the educational ecosystem. For schools and educational
institutions, this means developing comprehensive Al literacy curricula
differentiated by stakeholder role; establishing clear competency benchmarks for
responsible Al adoption; and creating governance structures that balance
innovation with student protection. EdTech developers can use these insights to
design interfaces that match actual user competencies rather than assumed
expertise, implement layered explanation systems that adapt to different literacy
levels, and engage educators as design partners rather than passive recipients of Al
tools. Policymakers can use this framework to craft regulations that ensure
meaningful transparency and go beyond technical compliance, develop funding
priorities that support capacity building alongside technology acquisition, and
provide assessment criteria that evaluate technical explainability and stakeholder
comprehension. By operationalizing interpretability as a shared practice rather than
a technical feature, each stakeholder group can contribute to and benefit from more
equitable and effective Al integration in education.

Future research should shift its focus from principles to measurements, asking:
“Do in-UI consent and audit cues change teachers’ override rates, time to
intervention, and decision equity?”’; “Across age groups, which explanation
modality — visual dashboards, interactive ‘what if’ scenarios, or narrative
summaries — best improves model accuracy and calibrated trust?”; “Does co-
designing plain-language rationales with teachers and families increase perceived
usefulness, fairness, and uptake of recommended actions?”. Only by distributing
interpretive work across human and technical systems can educational Al evolve
from an opaque black box into a trustworthy partner that enhances, rather than
hinders, human decision-making processes.
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