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Abstract

AI-powered educational tools proliferate globally, reaching hundreds of millions of learners
through national education platforms, EdTech products, and AI tutoring systems. A crit-
ical gap persists between the pace of AI deployment and the depth of cognitive grounding
that underlies these systems. This paper argues that responsible AI for education requires
a cognitive grounding phase before scaling: a systematic, empirically validated assessment
of what existing educational systems actually demand cognitively, and whether AI tools are
designed to enhance or merely replicate those demands. Drawing on a decade of empirical
research classifying over 3,000 assessment items from national school board examinations
using the revised Bloom’s Taxonomy, we demonstrate that the dominant examination sys-
tems in a major Global South context overwhelmingly test the lowest cognitive levels,
precisely the levels at which large language models perform most capably. We introduce
the concept of digital rote to describe the phenomenon in which AI systems technologi-
cally reproduce pedagogically shallow learning at scale, and propose a three-stage Cognitive
Grounding Framework — Cognitive Audit, Cognitive Specification, and Cognitive Valida-
tion — developed in the context of LLM-based assessment generation and extensible in
principle to other AI-in-education applications. We demonstrate the framework’s practical
viability through a patented AI-based assessment system whose design was directly in-
formed by cognitive-level analysis. Finally, we discuss policy implications for national-scale
AI deployment in education and outline open questions for the responsible AI-in-education
community.

Keywords: AI in education, cognitive grounding, Bloom’s Taxonomy, assessment quality,
responsible AI, learning theory, digital rote, Global South

1. Introduction

The integration of Artificial Intelligence into educational systems is accelerating globally,
with particular momentum in the Global South where national-scale deployments aim to ad-
dress access and quality challenges simultaneously. Government-supported digital platforms
in several countries now deliver AI-augmented content — tutoring systems, automated as-
sessment generators, and adaptive learning platforms — to tens or hundreds of millions of
learners, at scales unimaginable a decade ago. These deployments are frequently motivated
by compelling access arguments: AI can deliver educational content at a cost and scale that
human instructors alone cannot match (Thakur and Mittal, 2025).

However, this acceleration creates a fundamental tension. Most AI-in-education systems
are designed to optimize technical performance metrics such as accuracy of generated con-
tent, engagement duration, task completion rates, or user satisfaction scores, rather than
pedagogical quality metrics grounded in learning science. The assumption, often implicit, is
that technically proficient AI systems will produce educationally valuable outcomes. This
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assumption is not warranted, and the evidence suggests it may be actively harmful in con-
texts where the underlying educational system is itself pedagogically misaligned.

This paper articulates a specific diagnosis of this problem and proposes a framework
for addressing it. Our central argument is that responsible AI deployment in education
requires what we term a cognitive grounding phase — a systematic, empirically validated
assessment of the cognitive demands of the educational system into which AI is being inte-
grated, conducted before AI tools are deployed at scale. We develop this argument primarily
through the lens of LLM-based assessment generation, which is the AI-in-education appli-
cation most directly aligned with the cognitive-level concerns we raise, and we sketch in
Section 7 how the framework would extend to other AI-in-education modalities. Without
this grounding, AI risks becoming what we call digital rote: a technologically sophisticated
mechanism for reproducing the same low-order cognitive demands that traditional educa-
tional systems already over-emphasize, now delivered at unprecedented scale and with the
veneer of technological innovation.

2. Related Works

Our work connects three streams of research: cognitive taxonomies in educational assess-
ment, responsible AI frameworks, and the emerging literature on AI in education.

2.1. Cognitive Taxonomies and Assessment Quality

The revised Bloom’s Taxonomy (Anderson and Krathwohl, 2001) provides a six-level hi-
erarchy of cognitive processes — Remember, Understand, Apply, Analyze, Evaluate, and
Create — that has been widely used to classify educational objectives and assessment
items. Webb’s Depth of Knowledge (Webb, 1997) and the SOLO Taxonomy (Biggs and
Collis, 2014) offer alternative frameworks with somewhat different emphases but a shared
commitment to distinguishing levels of cognitive demand. These taxonomies have been ap-
plied extensively in curriculum design and assessment quality research, but their application
to AI system design remains rare. Our contribution is to argue that cognitive taxonomies
should serve not merely as analytical tools for evaluating existing assessments but as design
constraints for AI systems that generate, curate, or evaluate educational content.

2.2. Responsible AI Frameworks

The responsible AI literature has developed extensive frameworks for fairness auditing
(Mehrabi et al., 2021), bias detection (Suresh and Guttag, 2021), and impact assessment in
AI systems. The EU AI Act1 classifies educational AI as “high-risk,” requiring conformity
assessments and human oversight. However, these frameworks focus primarily on statistical
fairness (e.g., ensuring that AI systems do not discriminate across demographic groups)
and procedural accountability (e.g., requiring human-in-the-loop review). What they do
not address is pedagogical quality, i.e., the question of whether AI-generated educational
content promotes the cognitive processes that learning science indicates are most valuable.

1. https://eur-lex.europa.eu/eli/reg/2024/1689/oj/eng
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Our cognitive grounding framework fills this gap by providing a learning-science-specific di-
mension of responsible AI evaluation, complementary to existing fairness and accountability
mechanisms.

2.3. AI in Education

The AI-in-education community has produced substantial work on intelligent tutoring sys-
tems (VanLehn, 2011), automated question generation (Kurdi et al., 2020), and adaptive
learning platforms. Recent work has focused on the integration of large language models
into educational tools, with both optimistic assessments of their potential (Kasneci et al.,
2023) and concerns about their limitations (Becker et al., 2023). However, much of this lit-
erature evaluates AI systems against technical benchmarks (e.g., fluency of generated text,
accuracy of answers) rather than cognitive-level criteria. A notable exception is the litera-
ture on knowledge tracing and item response theory (Corbett and Anderson, 1994), which
models learner cognition explicitly. Our contribution extends this tradition by arguing that
the cognitive profile of the educational system (not just the learner) must be understood
and specified before AI tools are integrated into it.

3. The Cognitive Grounding Gap

3.1. What Educational Systems Actually Test: Empirical Evidence

The premise of many AI-in-education interventions is that they improve upon the existing
system. But improving upon a system requires understanding what that system currently
does — not in aspirational terms, but in empirically verified terms. This understanding is
often absent. To illustrate this gap, we draw on a programme of research that conducted
large-scale cognitive-level analysis of educational assessments in a major Global South con-
text. Over 3,000 assessment items from multiple national-level school board examinations
in STEM subjects (Physics, Chemistry, Biology, and Mathematics) were manually classified
using the revised Bloom’s Taxonomy. The classification covered examinations administered
between 2011 and 2020, spanning three national school boards that together serve the ma-
jority of the country’s secondary school students (Das et al., 2022; Chowdhury et al., 2023).

The cognitive-level distribution revealed a stark pattern. Across boards and subjects,
the two lowest cognitive levels — Remember and Understand — accounted for the dominant
share of assessment items. Higher-order cognitive levels — Analyze, Evaluate, and Create —
were rare, typically representing fewer than 15-20% of total items, and in some subjects and
boards, fewer than 10%. The distribution was not uniform across subjects: Mathematics
tended to include somewhat more Apply-level items (procedural problem-solving), while
Biology and Chemistry were heavily skewed toward Remember (factual recall of terminology,
definitions, and processes). The pattern was also not uniform across boards: some boards
showed marginally higher representation of Analyze-level items, but no board consistently
tested at the upper cognitive levels across subjects (Chowdhury et al., 2023).

These findings have been validated through complementary methodological approaches,
including multi-class text classification of assessment questions (Das et al., 2020) and empir-
ical classification of the action verbs used in learning objectives and examination questions
(Das et al., 2022). The convergence of findings across methods strengthens the conclu-
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sion: the dominant assessment systems in this context are empirically calibrated to test
lower-order cognition.

3.2. When AI Meets a Cognitively Shallow System

The empirical findings above acquire urgent significance in the context of generative AI.
Recent research has demonstrated that large language models can perform remarkably well
on standardized educational assessments. In a study evaluating GPT-3.5, GPT-4, and
Google Bard on a major national premedical entrance examination, one of the highest-stakes
gateway exams in the country, taken by over two million aspirants annually, GPT-4 scored
42.9% of total marks, well above the General-category qualifying threshold of approximately
19%, while GPT-3.5 (20.7%) just cleared it and Bard (16.4%) did not (Farhat et al., 2024).
While this performance does not represent mastery (the model did not score in the top
percentiles), it demonstrates that existing LLMs can already clear the qualifying bar of a
high-stakes examination designed for human test-takers.

This finding is often framed as a threat to academic integrity — the worry that stu-
dents will use AI to cheat on exams. But the more fundamental implication is about what
the examination is measuring. If an LLM, which processes language statistically rather
than understanding concepts cognitively, can clear a qualifying threshold, then the exam-
ination must be testing cognitive tasks that are achievable through statistical language
processing, primarily recall-level retrieval and pattern-based comprehension. The AI is not
demonstrating understanding; it is demonstrating that the examination does not require
understanding.

3.3. Digital Rote: A Systemic Risk

The combination of these two findings — (i) educational systems predominantly test lower-
order cognition, and (ii) AI systems are optimized to perform at these same cognitive levels
— creates what we term digital rote.

Digital rote is the phenomenon in which AI systems technologically reproduce pedagogi-
cally shallow educational experiences at scale. An AI question generator trained on recall-
level questions will produce more recall-level questions; an AI tutor trained on factual rather
than analytical explanations will generate informative but cognitively shallow content; and
an adaptive platform optimizing for task completion will route learners toward the quickest,
lowest-demand tasks.

Digital rote is distinct from, and arguably more concerning than, other recognized risks
of AI in education such as bias, hallucination, or privacy violations. These risks are failures
of the AI system; they occur when the system does something wrong. Digital rote, by
contrast, occurs when the AI system does exactly what it is designed to do: faithfully
reproduce the cognitive profile of its training data, which in turn reflects the cognitive
profile of the educational system it was trained on. The system is not malfunctioning; it is
functioning perfectly, within a pedagogically impoverished specification. This makes digital
rote difficult to detect through standard technical evaluation methods: the AI’s outputs
are accurate, fluent, and curriculum-aligned, but they are also cognitively shallow. Only
an evaluation grounded in cognitive taxonomy, an evaluation that asks not just “is this
correct?” but “at what cognitive level does this operate?”, can identify the problem.
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4. A Cognitive Grounding Framework

We propose a three-stage Cognitive Grounding Framework for AI-in-education systems. The
framework was developed in the context of LLM-based assessment generation — where the
cognitive-level question is most directly tractable — but its three-stage logic of audit, speci-
fication, and validation is, in principle, extensible to other contexts where AI tools generate,
curate, or evaluate educational content, including adaptive tutoring systems, AI-supported
reading tools, and simulation-based learning environments. We discuss this extensibility
in Section 7. The framework is designed to complement existing responsible AI practices
(fairness auditing, bias testing, impact assessment) by adding a learning-science-specific
dimension that addresses the digital rote risk.

4.1. Stage 1: Cognitive Audit

Before deploying AI in any educational context, conduct an empirical audit of the cogni-
tive demands of the existing system. This involves classifying a representative sample of
assessment items, learning objectives, and content materials using an established cognitive
taxonomy. The output of the audit is a cognitive profile, i.e., a quantitative map describing
what cognitive levels the system currently emphasizes and what it neglects. Prior work has
demonstrated that such audits are methodologically feasible at large scale: the classifica-
tion of 3,000+ items described in Section 3.1 was conducted over a multi-year period using
a codebook-based approach with validated inter-rater reliability (Das et al., 2020, 2022).
The cognitive profile reveals systemic patterns that are invisible to individual curriculum
designers, examiners, or teachers working within the system; patterns that emerge only
when the full distribution of cognitive demands across subjects, years, and boards is made
visible.

The Cognitive Audit is analogous to a fairness audit in the responsible AI literature:
just as a fairness audit examines a system’s behavior across demographic groups to identify
disparate impact, a Cognitive Audit examines an educational system’s demands across
cognitive levels to identify taxonomic skew, establishing the cognitive baseline that AI tools
will either reinforce or reshape.

4.2. Stage 2: Cognitive Specification

Based on the audit, specify the cognitive levels that the AI system should target. This
specification should be informed by learning science and curricular goals, not merely by the
existing cognitive profile.

This is a crucial distinction. If the Cognitive Audit reveals that 80% of existing assess-
ment items test Remember and Understand, the Cognitive Specification should not instruct
the AI system to generate content at the same distribution. To do so would be to encode
digital rote by design. Instead, the specification should define a target cognitive distribution
aligned with the educational objectives of the context, e.g., at least 40% of AI-generated
questions target Apply, Analyze, Evaluate, or Create levels, even if the existing system does
not. The Cognitive Specification serves as a design constraint on the AI system. It is anal-
ogous to fairness constraints in responsible AI (e.g., requiring that a model’s false positive
rate not differ by more than a specified threshold across demographic groups). In this case,
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the constraint is pedagogical: the AI system’s output space is bounded by cognitive-level
requirements that ensure educational quality, not just technical accuracy. This specification
should be developed collaboratively — involving curriculum designers, learning scientists,
and domain educators rather than being set by AI engineers alone, because the question of
what cognitive levels education should target is fundamentally a pedagogical and curricular
question, not a technical one.

4.3. Stage 3: Cognitive Validation

After deployment, continuously validate whether the AI system’s outputs conform to the
Cognitive Specification. This requires applying the same classification methodology used in
the audit to a sample of AI-generated content at regular intervals, comparing the cognitive
profile of AI outputs against the specification, identifying drift or deviation, and iterating
on the system design.

Cognitive Validation implements the “continuous evaluation” paradigm, the shift from
one-time assessment to ongoing monitoring that keeps pace with rapidly changing AI sys-
tems. But it grounds this paradigm specifically in learning-theoretic criteria rather than
purely technical performance metrics. A system might maintain high accuracy and engage-
ment scores while drifting toward lower cognitive levels in its generated content, a drift that
only cognitive-level monitoring would detect.

The three stages are designed to be cyclical: as curricula evolve, as educational goals
change, and as AI systems are updated, the Cognitive Audit is repeated, the Specification is
revised, and the Validation continues. This cyclical design ensures that cognitive grounding
is not a one-time checkbox but an ongoing process embedded in the AI system’s lifecycle.

5. From Framework to System: Cognitive Grounding in Practice

The Cognitive Grounding Framework is not merely theoretical. We demonstrate its practi-
cal application through the design of an AI-based assessment system developed over several
years of research.

The system, Q-GENius, was designed to address a specific limitation of conventional
AI question generators: their inability to diagnose the misconceptions behind errors. The
system was developed for secondary-school STEM students preparing for national board
examinations in India, and has been granted Indian Patent No. 543855 for its method of
generating cognitive-level-diagnostic multiple-choice items. The system uses a large lan-
guage model to generate modified multiple-choice questions in which the distractor options
(incorrect answers) are not random but are systematically designed to correspond to specific
cognitive-level deficiencies. When a learner selects a particular incorrect option, the system
can diagnose not only that the learner’s answer is wrong, but at what cognitive level the
learner’s understanding breaks down, e.g., whether the learner can recall a fact but cannot
apply it, or can apply a procedure but cannot analyze the underlying principles.

The design of this system was directly informed by the Cognitive Audit methodology.
Years of empirical work classifying assessment items by cognitive level, analyzing the action
verbs used in educational objectives at different cognitive levels (Das et al., 2022), and iden-
tifying the textual and structural features that distinguish questions at different cognitive
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levels (Das et al., 2020) provided the cognitive grounding that shaped the system’s architec-
ture. The system’s question generation module is constrained by a Cognitive Specification
that requires generated questions to target specified cognitive levels. And the system in-
cludes a validation component that classifies generated questions against the specification
and flags deviations.

The patent grant confirms that the approach has sufficient novelty, non-obviousness,
and practical applicability to warrant intellectual property protection. Initial evaluation
at AIED 2023 demonstrated the system’s ability to generate cognitively targeted questions
that align with the specified cognitive levels (Prakash et al., 2023). The key lesson from this
practical experience is that cognitive grounding is not an abstract ideal but an engineering
discipline — one that adds complexity to AI development but is the price of ensuring that
AI-in-education systems serve learning rather than merely serve content.

6. Policy Implications: Scaling Without Grounding

AI-in-education systems are increasingly deployed at national scale, reaching tens or hun-
dreds of millions of learners through government-supported platforms. These deployments
typically lack any mechanism for ensuring the cognitive quality of the content they deliver.
There are no regulatory frameworks in most countries that require cognitive-level assessment
of AI-generated educational content before deployment. No equivalent of a fairness audit
exists for pedagogical quality. Content is evaluated, if at all, for factual accuracy and cur-
riculum alignment, necessary but insufficient criteria that do not address the cognitive-level
question.

The result is a governance vacuum. AI-powered educational tools are making ped-
agogical decisions, determining what counts as a good explanation, what constitutes an
appropriate difficulty level, how student responses should be evaluated, without any cogni-
tive grounding constraining those decisions. These are curricular decisions being made, in
effect, by language model training distributions rather than by educators informed by learn-
ing science. Research has documented the risks this creates, including unresolved concerns
about accuracy, intellectual property, and educational malpractice in AI-powered learning
tools (Ahuja and Babita, 2023).

The Cognitive Grounding Framework proposed in this paper offers a concrete, actionable
mechanism for responsible AI governance in education: require a Cognitive Audit before
deployment, mandate Cognitive Specifications as part of the AI system design process, and
institute continuous Cognitive Validation as a regulatory standard. These requirements are
implementable within existing educational governance structures; ministries of education,
curriculum bodies, and examination boards already possess the domain expertise needed
to specify target cognitive levels. What is missing is the institutional expectation that AI
systems should be held to cognitive-level standards, not just accuracy standards.

7. Limitations and Open Questions

We acknowledge several limitations and identify open questions for the community.

• Taxonomic scope Our empirical work and framework are grounded primarily in
the revised Bloom’s Taxonomy, which is the most widely used cognitive taxonomy
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in educational assessment. However, Bloom’s Taxonomy has known limitations, in-
cluding ambiguity in the boundaries between cognitive levels (particularly between
Understand and Apply) and challenges in application to non-STEM disciplines where
cognitive processes may not map cleanly onto the six-level hierarchy. Future work
should investigate whether the Cognitive Grounding Framework can be adapted to
alternative taxonomies such as Webb’s Depth of Knowledge or the SOLO Taxonomy,
and whether hybrid approaches that draw on multiple taxonomies could provide more
robust cognitive profiles.

• Scalability of cognitive classification The Cognitive Audit stage, as implemented
in our research, relied on manual expert classification of assessment items, a process
that is rigorous but labor-intensive. For the framework to be practical at the national
scale, automated or semi-automated cognitive-level classification is necessary. Prior
work has explored the use of natural language processing techniques for automated
classification of educational texts by cognitive level (Das et al., 2020), with promising
but imperfect results. Advances in large language models may enable more accurate
automated classification, but this creates a recursive challenge: using AI to audit
the cognitive quality of AI-generated educational content requires confidence that
the auditing AI itself can reliably distinguish cognitive levels. This is an important
direction for future research.

• Generalizability across contexts Our empirical evidence comes from a single na-
tional context, and the cognitive profiles of educational systems vary across countries,
curricula, and levels of education. While we believe the framework is generalizable
in principle, any educational context can benefit from an empirical understanding of
its cognitive demands before AI integration; the specific findings (the dominance of
recall-level assessment) may not apply universally. Comparative cognitive-level audits
across educational systems would strengthen the empirical foundation of the frame-
work and reveal the extent to which digital rote is a global rather than context-specific
risk.

• Generalizability across AI-in-education modalities The framework is most fully
developed in the context of LLM-based assessment generation, where the cognitive-
level question is closely aligned with the structure of the AI’s output. Extending the
framework to other modalities raises modality-specific questions. For adaptive tutor-
ing systems, the Cognitive Audit would need to characterize the cognitive-level profile
of recommended learning paths rather than discrete items, and the Cognitive Speci-
fication would constrain the routing logic to ensure that adaptive sequences include
higher-order cognitive challenges rather than optimizing solely for completion. For AI-
supported reading tools, the Cognitive Audit would need to characterize the cognitive
demands of the comprehension scaffolds and questions the system generates, with the
Cognitive Specification ensuring that scaffolds promote analytical engagement rather
than surface-level extraction. Systematic demonstration of the framework’s applica-
bility across these modalities is an important direction for future work.

• The Cognitive Specification as a contested space We have argued that the
Cognitive Specification should be informed by learning science rather than by the
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existing cognitive profile. But what the “right” cognitive distribution is for any given
educational context is not a purely scientific question; it is a curricular and political
question, involving trade-offs between competing educational goals (e.g., breadth of
knowledge coverage versus depth of analytical skill), resource constraints, and stake-
holder interests. The framework identifies the Cognitive Specification as a necessary
step but does not resolve the normative question of what it should contain. This is by
design: we believe this question should be resolved through deliberative, participatory
processes involving educators, policymakers, and communities, not through technical
prescription.

• Interaction between cognitive grounding and other responsible AI dimen-
sions Our framework focuses specifically on cognitive quality, but deployed AI-in-
education systems must simultaneously satisfy fairness, privacy, safety, and accessi-
bility requirements. The interaction between cognitive grounding and these other
dimensions is largely unexplored. For instance, does optimizing for higher cognitive
levels inadvertently create accessibility barriers for learners with certain disabilities?
Does cognitive-level targeting interact with demographic fairness, i.e., are some cog-
nitive levels more difficult to achieve equitably across student populations? These
intersections represent an important frontier for responsible AI-in-education research.

8. Conclusion

Responsible AI deployment in education requires cognitive grounding: an empirically vali-
dated understanding of educational demands and a way to ensure AI enhances rather than
reproduces them. To name the risk of deploying AI without this foundation, we introduce
the term digital rote, and we propose a three-stage Cognitive Grounding Framework —
Audit, Specification, and Validation — to precede AI deployment, demonstrating its prac-
ticality through a patented AI-based assessment system and examining its implications for
national-scale AI governance. The central point is simple: applying AI to a flawed edu-
cational system without fixing its flaws simply automates those flaws. We therefore argue
that cognitive grounding should become standard practice in AI-in-education research and
deployment, informing system design from the start. The key question is not whether AI
can scale educational delivery, but whether the education it delivers is genuinely valuable.
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