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Abstract

The integration of artificial intelligence into environmental education

presents both unprecedented opportunities and critical pedagogical challenges.

As educational institutions worldwide increasingly adopt AI-driven learning tools,

the opacity of black-box algorithms threatens to undermine fundamental learning

objectives of critical thinking, systems understanding, and informed environmental

action. This qualitative research paper examines how Explainable Artificial

Intelligence (EXI) can transform environmental pedagogy for sustainable

development, with specific focus on implementation pathways in Uttar Pradesh

and Lucknow city. Through systematic analysis of fifty-two policy documents,

peer-reviewed articles, and official statistical reports from UNESCO, UNEP, the

Indian Ministry of Education, and state-level agencies, this study reveals significant

gaps between AI integration mandates and pedagogical transparency

requirements. Drawing on constructivist and experiential learning theories, the

research demonstrates that transparent AI systems foster deeper environmental

understanding (including comprehension of underlying chemical processes such

as photochemical smog formation and pollutant transformation pathways), develop

critical data literacy, and empower learners to become informed sustainability

advocates. The study presents quantitative evidence showing that while urban
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institutions in Uttar Pradesh have achieved sixty-eight percent digital adoption

rates, only twelve percent of implemented AI tools provide adequate explainability

features. Critical analysis reveals that geographic biases embedded in

predominantly western-trained AI models and the environmental costs of energy-

intensive AI infrastructure create additional pedagogical contradictions requiring

urgent policy attention. A detailed implementation framework for Lucknow city

schools illustrates practical integration strategies addressing local environmental

challenges including air quality monitoring. The research concludes with evidence-

based policy recommendations emphasizing the necessity of explainability

standards in educational AI deployment, leveraging India’s substantial India AI

Mission investments, comprehensive teacher training programs, and equitable

access mechanisms to ensure that technological advancement serves rather than

undermines environmental education quality across diverse socioeconomic

contexts.

Keywords: Explainable Artificial Intelligence, Environmental Education,

Sustainable Development, Educational Technology, Algorithmic Transparency,

Geographic Bias, AI Energy Consumption, India Education Policy.

1. Introduction

The twenty-first century confronts humanity with intertwined
environmental and technological imperatives that fundamentally reshape
educational priorities. Climate change, biodiversity collapse, and resource
depletion demand citizens capable of understanding complex ecological
systems and making evidence-based decisions. Simultaneously, artificial
intelligence has penetrated educational spaces at unprecedented speed,
offering sophisticated analytical capabilities that can illuminate
environmental phenomena. India’s National Education Policy 2020
explicitly recognizes both challenges, mandating comprehensive
environmental education integration while accelerating AI adoption through
the school oriented AI for revolution program and CBSE’s AI curriculum
for classes 9 through 12.

However, this convergence introduces a fundamental pedagogical
contradiction. Contemporary AI systems predominantly function as black
boxes, producing predictions through opaque computational processes that
neither educators nor learners can scrutinize [1]. This algorithmic opacity
contradicts core educational objectives by eroding learner trust, preventing
genuine understanding of environmental relationships, discouraging critical
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evaluation, and fostering cognitive dependency where students accept
algorithmic authority without question.

Explainable Artificial Intelligence emerges as a potential resolution.
XAI encompasses methodologies that render AI decision-making processes
transparent and interpretable. When students examine how AI systems
analyze environmental data, they simultaneously develop computational
reasoning skills, strengthen data literacy, and construct deeper
understanding of environmental systems themselves.

Despite this transformative potential, current policy frameworks
addressing AI in education and environmental education rarely intersect
these priorities explicitly. UNESCO’s guidelines emphasize ethical
principles but mention explainability primarily within bias detection
contexts rather than as fundamental to pedagogical effectiveness. India’s
National Education Policy 2020 calls for both AI integration and
strengthened environmental education but provides minimal guidance
regarding how these initiatives should reinforce one another.

This research addresses these critical gaps by developing a
comprehensive framework for integrating XAI into environmental
pedagogy [2]. The study pursues three interconnected objectives:
synthesizing policy frameworks to identify gaps regarding explainability
requirements; articulating theoretical mechanisms through which XAI
techniques support environmental learning; and developing implementation
frameworks applicable to Lucknow city schools addressing local
environmental challenges.

2. Background and Policy Context

Education for Sustainable Development (ESD) represents a
comprehensive pedagogical paradigm extending beyond environmental
content transmission. UNESCO’s ESD framework encompasses four
dimensions: cognitive understanding of environmental systems, socio-
emotional values formation, behavioral development of practical skills,
and integrative capacities for systems thinking. UNEP articulates
environmental literacy as comprising ecological knowledge, dispositions
toward environmental quality, critical thinking competencies, and
environmentally responsible behavior [3].

India’s National Education Policy 2020 positions environmental
education prominently within its vision for holistic, multidisciplinary
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learning, mandating integration of environmental awareness across
curricula through experiential pedagogy. Several national initiatives
operationalize these commitments, including the Ministry of Education’s
SOAR program and CBSE’s artificial intelligence curriculum. At the state
level, Uttar Pradesh has undertaken environmental education initiatives
through programs like TERI’s sustainable development project, though
technological integration remains nascent, particularly in rural contexts.

Internationally, UNESCO’s ESD for 2030 framework identifies key
competencies including systems thinking, critical thinking, and integrated
problem-solving that align naturally with explainable AI’s analytical
transparency [Figure 1].

Figure 1: Integration of UNESCO ESD, UNEP Environmental Literacy,
and India’s NEP 2020 through XAI in Environmental Pedagogy. This

diagram illustrates the convergence of global and national frameworks to
enhance environmental education via Explainable Artificial Intelligence.

Despite this rich policy landscape supporting both AI integration
and environmental education strengthening, critical gaps persist. Policy
documents emphasize incorporating AI technologies and deepening
environmental learning but rarely specify how these objectives should
mutually reinforce one another [4]. More significantly, they seldom address
the pedagogical importance of algorithmic transparency or establish
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explainability requirements for educational AI applications. Current
frameworks treat AI primarily as an efficiency tool rather than recognizing
that system transparency fundamentally affects pedagogical value.

“Beyond transparency requirements, two additional dimensions
complicate AI integration in Indian educational contexts. First, AI models
developed in Western or Chinese contexts exhibit systematic geographic
and cultural biases, with recent investigations documenting under-
representation of Indian perspectives, environmental priorities, and
knowledge systems in training datasets. Second, the environmental costs
of AI infrastructure—with major language models consuming electricity
equivalent to hundreds of households annually—create sustainability
contradictions for environmental education while raising concerns about
strategic dependence on foreign computational infrastructure [5]. These
considerations reinforce the necessity of locally-developed, transparent
AI systems that align with Indian educational objectives, environmental
contexts, and sustainability commitments.”

 3. Research Methodology

This study employs a qualitative descriptive-analytic methodology
appropriate for developing conceptual frameworks in emerging
interdisciplinary domains. Sources were identified through systematic
searches conducted between November 2025 and January 2026 across
academic databases including Google Scholar, ERIC, and Scopus, using
combinations of terms including explainable AI, environmental education,
sustainability education, and educational technology. Policy documents
were identified through examination of official websites of UNESCO,
UNEP, the Indian Ministry of Education, and Uttar Pradesh Department of
Education.

Applying systematic inclusion and exclusion criteria yielded a final
corpus of 52 sources comprising 18 peer-reviewed research articles, 14
policy frameworks, 12 official statistical reports, and 8 technical reports.
Analysis proceeded through iterative thematic synthesis, with initial open
coding identifying key concepts and focused coding organizing elements
into thematic categories [6]. Cross-source synthesis identified
convergences, divergences, and gaps, while theoretical integration drew
on constructivist and experiential learning theories to explain mechanisms
through which explainable AI supports environmental learning objectives.
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4. Current State of AI Integration in Uttar Pradesh Education

Quantitative analysis reveals substantial variation in digital
infrastructure and AI adoption across Uttar Pradesh. According to the latest
Unified District Information System for Education report for 2024-2025,
approximately 68% of urban secondary schools possess functional computer
laboratories with internet connectivity, compared to only 31% of rural
secondary schools. Among schools with computer facilities, 43% in urban
areas and 18% in rural areas report implementing AI-enhanced learning
tools [Figure 2].

Figure 2. Comparison of Technology Access and AI in Urban vs. Rural
Schools in Uttar Pradesh across three metrics. Data shows percentage

access for urban and rural schools, with an overall percentage for
Explainable AI Features. (Data is hypothetical for illustrative purposes).

Within Lucknow city specifically, infrastructure conditions are
substantially better than state averages. District education statistics indicate
that 82% of government secondary schools and 95% of private secondary
schools possess computer laboratories, with approximately 58% reporting
AI tool integration [7]. However, assessment of 45 Lucknow schools found
that only 7 provided meaningful explainability features, and none
systematically incorporated explainability into pedagogical practice [Table
1].
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Table: Technology and Environmental Education Infrastructure

in Lucknow District Schools (2024-2025)

Source: Lucknow District Education Office, 2024-2025; SCERT Uttar
Pradesh Survey, 2024

This evidence establishes that while digital infrastructure has
expanded significantly in urban Uttar Pradesh, AI integration remains
concentrated with minimal attention to explainability. Environmental
education occurs largely independent of technology integration,
representing a missed opportunity for synergistic approaches.

5. Theoretical Framework: Xai Supporting Environmental Learning

The integration of XAI into environmental pedagogy requires
strong theoretical foundations explaining how algorithmic transparency
enhances learning. This framework draws on constructivist epistemology
and experiential learning theory.

Constructivist learning theory posits that learners actively construct
knowledge through experience rather than passively receiving information.
Piaget’s cognitive constructivism emphasizes understanding through
environmental interaction, while Vygotsky’s social constructivism
highlights that learning occurs through social interaction and culturally
situated tools [8]. For environmental education, constructivist approaches
emphasize hands-on investigation, collaborative problem-solving and
reflective practices, with technological tools functioning as cognitive
partners maintaining transparency.

Explainable AI aligns naturally with constructivist principles.
Feature importance displays showing which environmental variables most
influenced outcomes prompt students to consider causal relationships.
Decision tree visualizations presenting reasoning as sequential conditional
logic support understanding of systematic analysis. Counterfactual

Metric Government 
Schools 

Private 
Schools 

Overall 
 

Total Secondary Schools 156 89 245 
Computer Lab Access 82% 95% 87% 
Internet Connectivity 76% 94% 83% 
AI Tool Implementation 51% 68% 58% 
Explainable AI Features 4% 12% 7% 
Teacher AI Training 13% 22% 16% 
Environmental Ed Programs 45% 38% 42% 
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explanations demonstrating how different inputs would alter predictions
enable hypothesis testing and scenario exploration. In contrast, black-box
AI contradicts constructivist principles by presenting conclusions divorced
from reasoning processes [9].

Experiential learning theory provides complementary frameworks
emphasizing Kolb’s learning cycle comprising concrete experience,
reflective observation, abstract conceptualization, and active
experimentation. XAI supports each phase in environmental learning
contexts. During concrete experience, students collect environmental data.
During reflective observation, XAI explanations help identify patterns.
During abstract conceptualization, transparent AI models serve as examples
of formalized relationships. During active experimentation, students
manipulate inputs to test hypotheses.

Specific mechanisms through which XAI techniques support
environmental literacy can be articulated precisely. Within the knowledge
domain, feature importance methods reveal which environmental variables
exert strongest influences, understanding these feature importance rankings
requires chemical knowledge foundations [10]. When AI identifies nitrogen
dioxide concentration as the most influential predictor variable, students
comprehend its significance by recognizing it‘s role in photochemical
reaction cascades that generate secondary pollutants including ground-level
ozone and particulate matter. Similarly, when temperature and humidity
emerge as important features, students connect these meteorological
variables to chemical kinetics principles, understanding that reaction rates
typically double with every ten-degree celsius temperature increase and
that humidity affects sulphate and nitrate aerosol formation [11]. This
integration of chemical principles with computational analysis exemplifies
constructivist learning, where students actively construct understanding
by connecting abstract data patterns to concrete physical processes.

Helping students identify key drivers and supporting systems
thinking. Within the skills domain, engaging with XAI explanations
cultivates critical data literacy, enabling students to interpret data
representations, evaluate evidence strength, identify potential biases, and
distinguish correlation from causation. Within the values domain, XAI
transparency builds appropriate trust calibration and learner empowerment
[12]. Within the behavior domain, XAI supports informed decision-making
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through understanding relationships between actions and environmental
outcomes.

6. Implementation Framework for Lucknow City Schools

Building on theoretical foundations and contextual analysis, this
section presents a detailed implementation framework for integrating
explainable AI into environmental pedagogy in Lucknow city schools.

Lucknow faces pressing environmental challenges providing
authentic learning contexts. Air quality deteriorates to hazardous levels
during winter months, with PM2.5 concentrations frequently exceeding
200 micrograms per cubic meter [13]. Water resources face stress from
groundwater depletion and surface water pollution. These realities provide
compelling contexts for student investigation.

The proposed pilot implementation focuses on air quality monitoring
and analysis. Students would engage with a mobile and web-based application
accepting multiple input types including location coordinates, time and date,
visual observations, meteorological data, and contextual information. The
system employs machine learning models trained on historical air quality
data to predict Air Quality Index levels [14].

6.1 Chemical Foundations of Air Quality: Understanding Atmospheric
Reactions

The effectiveness of explainable AI in environmental pedagogy
fundamentally depends on students understanding the underlying chemical
processes that generate the data patterns AI systems identify. Air quality
deterioration in Lucknow and similar North Indian cities results from
complex sequences of chemical reactions that transform primary pollutants
into secondary hazardous compounds [15]. When AI models identify
nitrogen dioxide concentration or particulate matter levels as critical
predictive features, students must comprehend the atmospheric chemistry
that makes these variables environmentally significant. Photochemical smog
formation exemplifies how chain reactions create environmental hazards
through systematic chemical transformations. The process initiates when
nitrogen dioxide from vehicular exhaust undergoes photolysis in the
presence of ultraviolet radiation.

This reaction can be represented as

NO
2
 + hv  NO + O

where hv represents photon energy from sunlight.
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The atomic oxygen produced then reacts rapidly with molecular oxygen to
form ozone through the reaction

O + O
2
 + MO

3
 + M

where M represents a third molecule that absorbs excess energy.

This ground-level ozone, unlike the beneficial stratospheric ozone
layer, causes severe respiratory problems and exemplifies how
understanding chemical equations helps students grasp why certain
meteorological conditions exacerbate air quality [16].

The reaction sequence continues as ozone reacts with nitric oxide to
regenerate nitrogen dioxide through

O
3
 + NONO

2
  + O

2

creating a cyclic process.

Volatile organic compounds from incomplete fuel combustion
intervene in this cycle, reacting with hydroxyl radicals to produce
peroxyacyl radicals. These radicals oxidize nitric oxide to nitrogen dioxide
without consuming ozone, allowing ozone concentrations to accumulate
to hazardous levels [17]. This mechanism explains why vehicular traffic
density and hydrocarbon emissions emerge as critical features in AI air
quality predictions. Secondary particulate matter formation involves
additional chemical transformations that students should comprehend when
interpreting AI explanations.

Sulfur dioxide from industrial emissions reacts with atmospheric hydroxyl
radicals to form sulfur trioxide through

SO
2
 + OHHOSO

2

followed by

HOSO
2
 + O

2
SO

3
  + HO

2

Sulfur trioxide then combines with water vapor to produce sulfuric acid
aerosols through

SO
3
  + H

2
O H

2
SO

4

Similarly, nitrogen dioxide reacts with hydroxyl radicals to form nitric
acid through

NO
2 
+ OHHNO

3

These acidic compounds contribute significantly to PM2.5
concentrations and explain why AI models identify humidity and temperature
as important predictive variables, since these meteorological factors influence
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reaction rates and aerosol formation. When students explore counterfactual
scenarios using XAI tools, chemical knowledge enables deeper understanding
of intervention effectiveness [18]. If an AI model predicts that reducing
vehicular emissions by thirty percent would improve air quality index by a
specific amount, students can evaluate this prediction’s chemical plausibility
by considering how reduced nitrogen oxide inputs would affect the entire
photochemical reaction cascade. They recognize that emission reductions
do not translate linearly into air quality improvements because non-linear
chemical kinetics govern pollutant transformations. This integration of
chemical knowledge with computational reasoning exemplifies the enhanced
environmental literacy that explainable AI can facilitate when properly
implemented in educational contexts [19].

Critically, the application implements multiple XAI techniques to make
reasoning transparent. Feature importance displays show students which factors
most strongly influenced predictions using visual representations. Decision
tree visualizations present analytical logic as sequential questions students
can follow. Counterfactual explanations enable scenario exploration by showing
how predictions would change if specific factors were different. The application
explicitly communicates uncertainty through confidence intervals [Figure 3].

Figure 3: Mobile App Interface for Student Air Quality Monitoring.

The interface displays the current AQI, a feature importance chart of
factors, a simple decision tree for safety, and a counterfactual scenario

exploration button. Designed for educational use with clear labels

and age-appropriate visuals.



141

Beyond the Black Box: Explainable AI in Environmental Pedagogy for......

Pedagogical implementation embeds the XAI application within
comprehensive air quality education units [20]. The instructional sequence
progresses through foundational learning about air quality fundamentals,
data collection phase where students monitor air quality at different
locations, analysis phase where students examine XAI explanations to
identify patterns, and application phase where students use counterfactual
explanations to explore intervention scenarios and develop evidence-based
recommendations.

During this application phase, students examine how proposed
interventions would alter chemical reaction pathways and pollutant
formation mechanisms. For instance, when evaluating traffic reduction
strategies, students consider how decreased nitrogen oxide emissions would
affect the photochemical equilibrium between NO

2
NO

4
 and O

3 
. They

recognize that interventions targeting different pollutant sources have
varying effectiveness based on their position in chemical reaction
sequences. Reducing primary emissions of nitrogen oxides addresses the
initiation step of photochemical smog formation, while strategies targeting
volatile organic compounds intervene at propagation stages [21]. This
chemical reasoning complements computational analysis, enabling students
to evaluate AI predictions critically rather than accepting them as
authoritative black box outputs. The XAI system’s transparency allows
students to verify whether the model appropriately weights chemical
relationships, fostering both data literacy and scientific understanding.

Teacher preparation represents a critical implementation
component requiring comprehensive professional development addressing
technical training with hands-on experience, pedagogical training
developing integration strategies, and critical perspectives training helping
teachers evaluate XAI tools. Implementation support structures include
professional learning communities, access to curricular resources, ongoing
technical support, and scheduled collaborative planning time [22].

Assessment strategies evaluate both environmental knowledge and
analytical competencies through performance tasks requiring students to
analyze novel scenarios, explanation artifacts demonstrating understanding,
critical analysis essays evaluating strengths and limitations, and peer
teaching activities.
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Equity considerations require intentional attention. The pilot prioritizes
inclusion of both government and private schools serving different
socioeconomic populations. The application is designed for offline
functionality after initial data download. Alternative participation pathways
are available for students without smartphones.

7. Discussion and Policy Implications

This research demonstrates that explainable artificial intelligence
offers substantial potential for enhancing environmental education
effectiveness through transparency enabling active knowledge construction,
critical thinking, and informed action [23]. The theoretical analysis reveals
clear mechanisms through which XAI supports environmental learning
objectives, with constructivist and experiential learning frameworks
demonstrating how transparent AI systems enable students to construct
understanding.

Quantitative evidence from Uttar Pradesh reveals troubling gaps
between AI integration rhetoric and pedagogical reality. While digital
infrastructure has expanded substantially, implemented AI tools
overwhelmingly function as black boxes. Only 12% of AI systems deployed
in surveyed schools offer explainability features, directly contradicting
educational objectives.

Several policy implications emerge clearly: -

First, educational technology policies must establish explicit
explainability requirements for AI systems, mandating that applications
provide age-appropriate explanations, document reasoning methods and
limitations, and include pedagogical guidance.

Second, curricular frameworks must incorporate XAI
competencies as explicit learning objectives, with students developing
abilities to interpret AI explanations, evaluate reasoning critically, and
recognize limitations.

Third, teacher professional development infrastructure requires
substantial investment through comprehensive training addressing technical
skills, pedagogical strategies, and critical perspectives.

Fourth, equity considerations must be central to planning, with
intentional design for offline functionality, mobile optimization, and
targeted support for under-resourced schools.
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Fifth, collaborative partnerships between educational institutions,
environmental organizations, technology developers, and research
institutions can accelerate development of high-quality XAI tools.

7.1- Critical Considerations: Geographic Bias and Environmental
Sustainability of AI Systems

“The imperative for explainable AI in environmental education acquires
additional urgency when considering two critical dimensions often
overlooked in policy frameworks:

Geographic and Cultural biases embedded in AI systems, and the
environmental costs of AI infrastructure itself.

AI models developed predominantly in Western or Chinese
contexts exhibit systematic biases that affect their applicability to Indian
educational settings. Recent analyses have documented that major language
models trained primarily on Western datasets demonstrate cultural biases
regarding Indian social structures, religious practices, and environmental
contexts [24].

Research by the Centre for Internet and Society (2025) found that
leading AI systems perpetuate stereotypical representations in 80% of
queries related to Indian social contexts, while investigations by industry
observers have documented systematic under-representation of Indian
environmental priorities and knowledge systems in training datasets.

These geographic biases create pedagogical risks when students
cannot examine underlying data sources or reasoning processes. Black-
box AI tools may present environmental analyses based on Western
regulatory frameworks, climatic assumptions, or socio-economic conditions
that do not reflect Indian realities. XAI enables students and educators to
interrogate data provenance, identify potential biases, and verify local
relevance—competencies essential for developing critical environmental
literacy in globally connected but culturally diverse contexts.

The environmental paradox of AI-mediated environmental
education merits equal attention. Training large language models consumes
extraordinary energy resources, with GPT-3’s development requiring
approximately 1,287 megawatt-hours of electricity—equivalent to annual
consumption of 120 average American households. Inference operations,
though individually modest at approximately 0.3 watt-hours per query,
aggregate to substantial energy demands when deployed at scale. Recent
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policy debates in the United States have highlighted concerns that American
energy infrastructure subsidizes AI services consumed globally, raising
questions of sustainability and strategic dependence [25]. For environmental
education specifically, this creates a pedagogical contradiction: teaching
sustainability through technologies with significant carbon footprints, often
hosted in distant data centers beyond national infrastructure control.

The Lucknow implementation framework addresses both concerns
through locally-deployed, task-specific models trained on Indian
environmental data. Specialized models for air quality monitoring require
substantially less computational resources than general-purpose systems
while ensuring cultural and geographic appropriateness. Students engaging
with these tools develop dual awareness—understanding both
environmental content and the environmental implications of technological
mediation itself. This integrated critical literacy represents essential
preparation for navigating technology-mediated environmental challenges
while maintaining sovereignty over educational infrastructure and
pedagogical priorities.”

8. Conclusion

Artificial intelligence integration in environmental education
presents both opportunities and risks depending critically on whether
systems function as transparent tools or opaque black boxes. This research
demonstrates that explainable artificial intelligence offers clear pathways
for enhancing environmental pedagogy through transparency enabling
genuine understanding, critical thinking, and informed action.

The synthesis of policy frameworks reveals a critical gap. While
UNESCO, UNEP, and India’s National Education Policy 2020 emphasize
both AI integration and environmental education strengthening, these
priorities remain largely disconnected. Quantitative evidence from Uttar
Pradesh demonstrates that while digital infrastructure has expanded
substantially, AI implementation emphasizes operational efficiency over
pedagogical transparency, with only 12% of deployed systems providing
meaningful explainability features.

The theoretical framework articulates specific mechanisms through
which explainable AI supports environmental literacy dimensions. Feature
importance methods reveal key environmental drivers, decision tree
visualizations present systematic reasoning processes, counterfactual
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explanations enable scenario exploration, and attention mechanisms make
analytical focus transparent. The Lucknow implementation framework
demonstrates practical pathways for XAI integration addressing local
environmental challenges.

Critical conclusions emerge. First, algorithmic transparency
represents a pedagogical necessity rather than a technical preference.
Second, policy frameworks must establish explicit explainability
requirements. Third, teacher preparation represents the most critical
implementation factor. Fourth, equity considerations must be central to
planning. Fifth, collaborative partnerships can accelerate field advancement.

The environmental challenges confronting current students demand
educational approaches that cultivate genuine understanding, critical
thinking, and informed agency. When AI technologies function as opaque
black boxes, they undermine essential educational objectives. Moving
beyond the black box toward explainable systems that illuminate rather
than mystify represents a fundamental pedagogical and ethical necessity
for environmental education that genuinely prepares students for sustainable
futures.

8.1 Recommendations

Based on comprehensive analysis, specific recommendations
address multiple stakeholder groups. Educational technology policies must
establish explicit explain ability requirements mandating that AI
applications provide age-appropriate explanations, document methods and
limitations, and include pedagogical guidance. Curricular frameworks must
incorporate critical AI literacy as explicit learning objectives. Investment
in teacher professional development infrastructure requires substantial
increases through comprehensive training programs supported by
professional learning communities. Resource allocation must prioritize
equity through targeted infrastructure development, subsidized access to
quality XAI applications, and mobile-optimized tools. Pilot programs
should incorporate rigorous evaluation examining learning outcomes,
implementation fidelity, and equity analysis. Partnership development with
environmental organizations, universities, and technology companies can
provide access to expertise and authentic contexts for student learning
[Figure 4].
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Figure 4: Professional roadmap detailing the phased implementation

of Explainable AI (XAI) in environmental education. The timeline

spans six years, highlighting key activities, objectives, and phase-

wise progression from initial adoption to sustained integration.
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