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Abstract 

As AI systems become embedded in learning, work, and everyday life, “AI readiness” is 
often framed as a technical skill set (tool access, interface fluency, prompting). I challenge 
this framing by arguing that meaningful and responsible interaction with language-based AI 
systems is constrained primarily by advanced comprehension. I posit AI-ready competence 
as a literacy-based construct: the cognitive capacity to interpret, evaluate, and regulate 
interaction with AI-generated language in epistemically consequential contexts. 

To clarify when comprehension becomes decisive, I distinguish routine AI use (low 
epistemic risk) from epistemic AI use that shapes understanding, judgment, or decisions. 
Building on cognitive models of comprehension and international literacy frameworks, I 
argue that AI does not reduce the cognitive demands of literacy; rather, it amplifies them by 
increasing the need for critical evaluation and metacognitive control under fluency and 
uncertainty. As a heuristic indicator of advanced comprehension, the paper maps the PISA 
reading framework to graded levels of AI-ready competence, highlighting a structural 
mismatch between AI’s linguistic power and the population-level distribution of reflective and 
evaluative reading skills. 

The paper introduces (1) a task-based ontology of AI use by epistemic risk, (2) the AI-ready 
minimum vs AI-ready ideal distinction, and (3) a testable map of advanced comprehension 
processes and responsible AI use. While the framework is conceptual rather than empirical, 
it defines an agenda for validation and literacy-centered AI education. 

Keywords: reading comprehension, AI readiness, literacy, cognition, PISA, artificial 
intelligence in education 

1. Introduction: Why AI Readiness Should Be Redefined 

Artificial intelligence has transitioned rapidly from experimental technology to everyday 
infrastructure. Large language model-based systems (e.g., ChatGPT, Gemini, DeepSeek) 
generate explanations, summarize texts, recommend actions, and increasingly function as 
cognitive partners in learning and decision-making processes. In response, education 
systems and policy frameworks have begun to emphasize “AI literacy” as a core future 
competence. 

Most current interpretations of AI literacy focus on operational readiness: access to tools, 
familiarity with interfaces, or the ability to formulate prompts (Long & Magerko, 2020). 
However, such metrics overlook the cognitive and epistemic power dynamics inherent in 
human–AI interaction. Research on conversational agents suggests that humanlike fluency 



 

can invite users to over-infer competence and reliability, even when system limitations and 
uncertainty remain opaque to them (Luger & Sellen, 2016). In this paper, I argue that AI 
readiness is defined by the user’s ability to maintain a symmetric epistemic relationship 
with the system. 

When a user’s literacy skills fall below the AI’s level of surface fluency, the relationship 
becomes fundamentally asymmetric. In such cases, the AI does not function as a genuine 
epistemic partner, but can instead operate as a framing agent that silently shapes 
prioritization, interpretation, and confidence judgments through fluent language. The 
system’s coherence and apparent authority can guide the user’s sense-making without 
making this influence explicit. 

This dynamic partially overlaps with what has been described as automation bias -the 
tendency to over-rely on automated systems. However, the phenomenon cannot be fully 
explained as a decision-making error or excessive trust in automation. A useful 
complementary lens is hermeneutical injustice: cases where a structural gap in shared 
interpretive resources leaves some agents disadvantaged in making sense of, and 
articulating, significant aspects of their experience. Fricker (2007) characterizes 
hermeneutical injustice as arising from structural prejudice in collective interpretive 
resources, which can prevent individuals from adequately understanding what is happening 
to them or how to describe it. While Fricker’s injustice is often socially imposed, "AI-driven 
hermeneutic harm" can be technologically imposed by a system’s design (e.g., its 
persuasive fluency). 

In AI-mediated contexts, the relevant “gap” is not primarily a lack of intelligence or effort, but 
a mismatch between the system’s surface fluency and the user’s interpretive and evaluative 
repertoire. When users lack the comprehension and metacognitive resources needed to 
interrogate evidence, track assumptions, and calibrate uncertainty, interaction can become 
hermeneutically opaque: the system’s framing guides judgment without being experienced 
as guidance. This is an analogy rather than a claim that every case constitutes injustice in 
Fricker’s strict, group-structural sense; the point is that fluent AI can create an interpretive 
disadvantage that displaces epistemic agency unless users can actively monitor and 
regulate reliance. Related work discusses AI-driven hermeneutic harm, reinforcing the 
importance of interpretive capacity and metacognitive control for responsible AI use (Rebera, 
Lauwaert, & Oimann, 2025). 

I therefore advance the argument that AI readiness is not primarily a technological condition, 
but a cognitive one. Contemporary AI systems communicate largely through language, 
producing fluent textual and spoken outputs. Consequently, the quality of human–AI 
interaction depends critically on the user’s capacity to interpret, contextualize, and evaluate 
linguistic information. Even in multimodal systems, reasoning and verification remain 
linguistically structured: whether the output takes the form of text, speech, or visual 
representation, the user must ultimately translate it into a propositional statement -one that 
can be assessed as true or false -and exercise judgment accordingly.  

Therefore, AI-ready competence is grounded in advanced reading/listening 
comprehension, particularly in critical, applied, and metacognitive literacy skills. 



 

Definition (used throughout the paper): AI-ready competence, understood as the ability to 
communicate with AI-systems in an epistemically symmetrical manner, involves the cognitive 
capacity to interpret, evaluate, and regulate interaction with AI-generated language in 
contexts where outputs can shape beliefs, judgments, or decisions. 

Operational markers of epistemic symmetry. A more symmetric epistemic relationship is 
indicated when users (i) request and compare sources, (ii) identify uncertainty and ask for 
alternatives, (iii) detect internal inconsistencies, (iv) paraphrase and evaluate outputs in their 
own words, and (v) apply explicit “stop rules” (when to disengage from AI and verify 
externally). However, maintaining epistemic symmetry is taxing, it may take a great deal of 
cognitive effort in terms of working memory and focus, which is why many users default to 
asymmetric (passive) use instead.  

Contributions. The paper offers (1) a task-based ontology distinguishing routine vs. 
epistemic AI use based on epistemic risk, (2) the distinction between AI-ready minimum and 
AI-ready ideal competence, and (3) a testable, graded mapping between advanced 
comprehension processes (illustrated through PISA) and responsible AI use. 

2. Reading Comprehension as Active Meaning Construction 

Across cognitive psychology and psycholinguistics, reading comprehension is consistently 
defined as an active process of meaning construction rather than a passive decoding activity 
(Kintsch, 1998; Snow, 2002). This perspective is widely regarded as necessary to account 
for the richness, flexibility, and emergent character of meaning in language use (Perfetti, 
1999). 

Schema-theoretical approaches describe comprehension as the dynamic interaction 
between textual input and the reader’s prior knowledge structures (Rumelhart, 1980). 
Discourse-processing models further emphasize that readers actively construct mental 
representations by integrating propositions across sentences and linking them to broader 
situational models (van Dijk & Kintsch, 1983; Kintsch, 1998). 

Kintsch’s Construction–Integration model (1998, 2011) formalizes comprehension as a 
process in which multiple candidate interpretations are generated and selectively integrated 
into a coherent mental representation. Crucially, comprehension is not guaranteed by textual 
clarity alone; it depends on inference, evaluation, and metacognitive control. 

Metacognitive control becomes particularly visible in cases where the meaning of a sentence 
shifts depending on contextual cues. For example, the sentence “He finally broke down” may 
be interpreted as an emotional collapse, a mechanical failure, or a strategic concession, 
depending on whether it appears in a psychological narrative, a technical report, or a political 
analysis. Similarly, the interpretation of “This solution is efficient” varies substantially 
depending on whether the evaluative criteria are economic cost, computational complexity, 
environmental impact, or ethical considerations. 

In such cases, successful comprehension requires the reader to monitor their initial 
interpretation, recognize alternative meanings, and adjust their understanding in light of 
broader contextual and pragmatic information. This capacity to regulate interpretation -to 
inhibit plausible but inappropriate readings and to revise meaning as new information 



 

becomes available- is a central component of metacognitive control within the 
comprehension process. 

Educational research further emphasizes that reading is culturally and socially embedded. 
Literacy enables participation in meaning-making practices that require navigating 
perspectives, intentions, and power relations within texts (Snow, 2002; OECD, 2019; 
Tolcsvai Nagy, 2022). 

Together, these perspectives converge on a core insight: reading comprehension is an 
epistemic activity. Readers do not merely receive meaning; they construct, assess, and 
regulate it, thereby exercising epistemic agency in their engagement with texts (Alexander, 
2017; Moje, 2015). 

These comprehension operations become decisive in AI interaction because AI outputs are 
often under-specified with respect to evidence links, uncertainty signaling, and implicit 
assumptions (Huang et al., 2025; Kim et al., 2025). Users must therefore contextualize 
claims, generate alternatives, and regulate interpretation -precisely the metacognitive 
control mechanisms described in contemporary comprehension theory. 

3. The Modular Development of Reading Comprehension 

Reading comprehension develops as a hierarchical, modular system, in which 
higher-order processes depend on the stability of lower-level components (Csépe, 2014; 
Blomert & Csépe, 2012). 

Foundational levels include decoding accuracy, fluency, and vocabulary knowledge. These 
enable literal comprehension -the retrieval of explicitly stated information. Beyond this, 
readers develop local inferential skills that allow them to establish coherence across 
sentences and resolve referential relations. 

Global comprehension involves recognizing text structure, identifying main ideas, and 
constructing an overarching mental model. Only when these levels are stable can critical and 
interpretive comprehension emerge. At this stage, readers infer implicit meanings, 
distinguish viewpoints, analyze argumentation, and evaluate credibility. The highest levels 
involve applied comprehension using textual information in new contexts -and metacognitive 
regulation, in which readers monitor their understanding and deploy strategies intentionally 
(Gósy, 2008; Tóth, 1997). 

The original contribution of this paper is the interpretation of this developmental model as the 
cognitive prerequisite structure for AI-ready competence. 

Mapping claim. In epistemic AI use, lower-level stability (decoding, fluency, vocabulary) is 
necessary but quickly becomes non-diagnostic: the critical bottlenecks shift to (i) global 
coherence building, (ii) credibility evaluation, (iii) cross-source integration, and (iv) 
metacognitive regulation of reliance. This paper therefore treats the layered development of 
comprehension as a prerequisite structure for AI-ready competence: when higher-order 
layers are unstable, AI fluency can compensate for surface understanding while undermining 
evaluative agency. 



 

4. AI Systems as Linguistic and Epistemic Actors 

Contemporary AI systems, particularly large language models, function not merely as 
information retrieval tools, but as linguistic agents that simulate epistemic acts (explaining, 
arguing, recommending) in humanlike discourse. 

This introduces specific epistemic risks. AI output is fluent, coherent, and contextually 
adaptive features that can lead users to overestimate reliability (Kim et al., 2025; Buçinca et 
al., 2021). Research on automation bias shows that individuals tend to over-trust algorithmic 
outputs, especially when those outputs appear confident or authoritative (Parasuraman & 
Riley, 1997; Dietvorst et al., 2015). 

Evaluating AI-generated content therefore requires the same cognitive operations as 
evaluating persuasive human-authored text, often under conditions of uncertainty, time 
pressure, and information overload. Recent critiques of large language models further 
highlight how fluency and plausibility can mask underlying limitations, reinforcing the need 
for human interpretive judgment (Bender et al., 2021). 

Because fluency is often used as a heuristic for credibility, users may misattribute coherence 
to truth-making evaluative comprehension, a central safety constraint. 

5. Routine vs. Epistemic AI Use 

A frequent critique of literacy-based AI readiness models is that they appear to imply elitism: 
that only highly skilled individuals can benefit from AI. This critique rests on a category error. 

AI applications vary widely in their cognitive demands, not only because of their technical 
design, but because of the tasks for which they are used. Many AI systems are designed for 
routine, low-stakes applications such as calendar assistants, navigation tools, image 
enhancement, or basic translation used for gist understanding. In these contexts, AI 
functions primarily as a convenience technology and requires no more cognitive 
engagement than basic digital literacy. 

However, the cognitive and epistemic demands of AI use increase sharply when the same or 
similar tools are embedded in tasks that involve interpretation, judgment, or consequential 
decision-making. For example, using AI to translate a casual email or a news headline 
differs fundamentally from using AI to translate a legal contract, a medical document, or a 
policy text. While the underlying technology may be identical, the epistemic risk associated 
with the task is not. 

To capture this distinction, this paper proposes a task-based ontology of AI use that 
distinguishes between task complexity and epistemic risk. Task complexity refers to the 
structural and inferential demands of the task itself, while epistemic risk concerns the 
potential consequences of misunderstanding, misinterpretation, or uncritical acceptance of 
AI output. 

In low-complexity, low-risk tasks, operational familiarity with AI systems is often sufficient. In 
contrast, tasks characterized by high epistemic risk -regardless of surface simplicity- require 
advanced interpretive, evaluative, and metacognitive capacities. It is in these high-risk 



 

contexts that AI readiness becomes the primary constraint on effective and responsible AI 
use. 

 

Figure 1. presents a task-based ontology of AI use along two dimensions: task complexity (structural/inferential 
demands) and epistemic risk (consequences of misunderstanding or uncritical acceptance). 

This framework clarifies why AI readiness cannot be defined uniformly across applications. 
The decisive factor is not whether an AI system is used, but how, for what purpose, and with 
what epistemic stakes (see Figure 1). AI readiness thus emerges as a task-contingent 
cognitive competence rather than a general technical skill. 

Importantly, this argument does not contest the accessibility or everyday value of AI tools 
designed for routine, low-stakes use. In such contexts, basic digital literacy is often sufficient 
for effective interaction. 

Cognitive demands change fundamentally, however, when AI is used in epistemic contexts- 
that is, when it generates explanations, summarizes complex information, recommends 
actions, or shapes beliefs and decisions. In these contexts, AI output cannot be merely 
consumed; it must be interpreted, evaluated, and contextualized. 

While transparency measures and regulatory safeguards are necessary, they are not 
sufficient. No level of system explainability can substitute for the user’s interpretive and 
evaluative competence. Consequently, AI readiness must be understood as task-dependent: 
routine AI use requires operational literacy, whereas epistemic AI use requires advanced 
reading comprehension and metacognitive control. 

6. Defining AI-Ready Competence (Original Framework) 

6.1 Conceptual Definition 



 

The central contribution of this paper is the introduction of AI-ready competence as a 
literacy-based cognitive construct. 

AI-ready competence is defined as: 

the cognitive capacity to interpret, evaluate, and regulate interaction with 
AI-generated language outputs (text or speech) in epistemically consequential 
contexts. 

This definition deliberately shifts focus away from technical operation and toward 
interpretation, judgment, and self-regulation. 

6.2 AI-Ready Minimum and AI-Ready Ideal 

I propose two analytically distinct levels of AI readiness. 

AI-ready minimum presupposes stable global reading comprehension and emerging critical 
skills. Users at this level are able to understand the structure and intent of AI-generated 
responses, recognize coherence or inconsistency, and formulate contextually appropriate 
follow-up questions. This level represents the minimum interpretive capacity required to 
engage with AI beyond routine, low-stakes use. 

AI-ready minimum (behavioral indicators). Users can (i) restate the main claim and 
structure of the AI response, (ii) ask clarifying follow-up questions that constrain ambiguity, 
and (iii) notice obvious inconsistencies or missing premises. 

AI-ready ideal, by contrast, presupposes advanced critical, applied, and metacognitive 
reading competence. Users at this level are capable of detecting bias or hallucination, 
evaluating credibility, integrating AI output with multiple sources, and actively monitoring their 
own reliance on AI-generated information. 

AI-ready ideal (behavioral indicators). Users can additionally (i) request evidence and 
sources, (ii) compare outputs across alternatives or models, (iii) detect subtle framing/bias, 
and (iv) apply deliberate reliance-regulation strategies (e.g., verification, stopping rules, and 
uncertainty calibration). 

Importantly, these levels are not defined by age or formal educational credentials. The 
AI-ready ideal should not be equated with holding a university degree, nor does participation 
in higher education automatically confer AI readiness. In this framework, AI readiness is 
conceptualized not as an institutional status but as a functional cognitive condition, grounded 
primarily in literacy-related competencies. 

The empirical focus of this study is limited to learners up to the age of 15, in alignment with 
the upper boundary of the PISA assessments. The PISA reading framework is particularly 
relevant in this context, as it measures not curriculum-specific knowledge but transferable 
comprehension processes -most notably the ability to interpret, reflect on, and evaluate 
texts. High performance in the PISA Reflect & Evaluate domain may not be a sufficient 
condition of AI readiness; however, it constitutes a necessary precondition for engaging with 
AI systems in epistemically consequential contexts in a safe and responsible manner. 



 

While age is not a reliable proxy for competence, adolescence is a plausible period for the 
emergence of more stable metacognitive regulation. Accordingly, some educational 
initiatives introduce advanced AI tools later in secondary education, pairing access with 
structured guidance and teacher training. In the absence of such competencies, early 
exposure to AI may increase the risk of misunderstanding, overreliance, or epistemic 
manipulation rather than supporting learning. 

This distinction is original to this paper and enables qualitative differentiation of AI use. 

Figure 2 below visualises the proposed relationship between reading comprehension levels 
and AI-ready competence, illustrating how cognitive requirements increase sharply beyond 
global comprehension and become particularly demanding at critical and metacognitive 
levels. 

 

Figure 2. AI-Ready competence requirements across levels of reading comprehension. 

It builds on a layered model of reading comprehension, in which each level represents 
qualitatively different cognitive operations that become progressively more relevant for 
epistemically consequential AI use. 

Linguistic–technical foundations refer to basic decoding skills, including word recognition, 
syntactic parsing, and vocabulary access. While these skills are necessary for reading, they 
are insufficient for meaningful interaction with AI systems, as they do not support 
interpretation or evaluation of content. 

Literal comprehension involves the ability to extract explicitly stated information from a 
text. At this level, users can identify facts or surface meanings in AI-generated output but 
remain largely dependent on the system’s framing and coherence. 

Local inference refers to establishing connections between adjacent sentences or 
propositions, enabling basic coherence-building. Users at this level can follow short chains of 
reasoning in AI responses but typically lack the capacity to evaluate broader implications or 
detect subtle inconsistencies. 



 

Global comprehension entails constructing an integrated mental model of the text as a 
whole, including its overall structure, purpose, and main claims. This level constitutes the 
minimum threshold for non-routine AI use, as it allows users to understand the intent of 
AI-generated explanations and situate them within a broader context. 

Critical comprehension goes beyond understanding to include evaluation. At this level, 
readers assess credibility, identify implicit assumptions, distinguish between evidence and 
opinion, and recognize potential bias or error. In AI interaction, critical comprehension 
enables users to question AI output rather than accept it at face value. 

Applied comprehension involves transferring information from the text to new situations, 
integrating multiple sources, and using knowledge for problem-solving or decision-making. 
This level is essential when AI output informs actions beyond the immediate interaction, 
such as academic work, professional judgment, or policy-relevant reasoning. 

Metacognition represents the highest level of the model and refers to the ability to monitor 
and regulate one’s own understanding and reliance on external sources. In the context of AI 
use, metacognitive competence enables users to reflect on when and how to trust AI, 
recognize overreliance, and deliberately reassert human judgment. 

The figure illustrates that AI-ready competence does not increase linearly with basic literacy 
skills. Rather, cognitive demands rise sharply beyond global comprehension and become 
particularly pronounced at the critical, applied, and metacognitive levels. Prompting skills 
-often presented as the core of AI literacy -should therefore be understood as surface 
expressions of these deeper comprehension and self-regulatory capacities, rather than as 
independent technical competencies. 

The AI-ready ideal, as defined here, corresponds to advanced cognitive operations that can 
emerge during adolescence, even if they are later refined in higher education or professional 
contexts. 

6.3 Illustrative policy alignment: Estonia 

​
This logic is exemplified by recent educational policy developments in Estonia. Through its 
national AI Leap 2025 initiative, Estonia is integrating AI-based learning tools -including an 
educationally adapted version of ChatGPT -into upper secondary education. The program 
targets students in grades 10–11 and their teachers, and emphasizes not merely 
technological access but comprehensive teacher training, pedagogical integration, and 
ethical guidance. Within this model, AI is positioned not as an autonomous instructor but as 
a pedagogically embedded learning support tool, whose effective use presupposes learners’ 
developed interpretive, reflective, and metacognitive capacities. The Estonian example thus 
concretely supports the core claim of this paper: AI readiness is not a matter of access, 
but of cognitive preparedness, determining whether AI supports understanding or quietly 
displaces human judgment. (Eurydice, 2025; AI Leap, 2025) 



 

7. Mapping PISA Reading Proficiency Levels to AI-Ready Competence1 

The key proposal of this paper is that we should  reinterpret international reading literacy 
levels as indicators of AI-ready competence. While the Programme for International Student 
Assessment (PISA) was not designed to measure AI readiness, its cognitive framework 
captures the interpretive and evaluative processes required for epistemic AI use precisely 
(OECD, 2019; OECD, 2023). While the context of reading changes in adulthood, the 
cognitive architecture, such as Kintsch’s Construction-Integration model, remains consistent. 
The concept of "functional literacy" bridges the gap between PISA's adolescent metrics and 
the interpretive, evaluative, and applied literacy required in adult, professional epistemic AI 
use. Moreover, as research shows, reading proficiency at age 15 strongly predicts future 
literacy development. According to OECD findings, differences in reading performance at 15 
tend to persist into early adulthood (OECD, 2019). Thus, the level of comprehension 
achieved by adolescence significantly shapes future AI readiness. If individuals do not reach 
sufficient comprehension levels by age 15, they may face greater challenges in critically and 
responsibly engaging with AI systems later in life. 

Importantly, PISA is invoked in this paper as a proxy for advanced interpretive and 
evaluative literacy, not as a normative threshold that should determine who may or may not 
use AI tools. This framework does not claim that reading comprehension becomes 
immutable after adolescence: adult literacy can and does continue to develop through 
education and experience. However, international evidence suggests that relative 
differences in reading proficiency at age 15 are often durable, and therefore likely to shape 
later opportunities for epistemically safe and critical AI engagement. 

The following mapping is offered as a heuristic, testable hypothesis rather than a 
diagnostic claim. It translates reading processes into predicted patterns of AI interaction 
under epistemic risk. 

Table 1. PISA Reading Proficiency Levels and AI-Ready Competence 

PISA 
Level 

PISA 
Cognitive 
Process 

Typical Reading 
Capabilities 

AI-Ready Interpretation 
(Horvath Framework) 

Levels 
1–2 

Retrieve Identification of explicitly 
stated information; literal 
comprehension 

High vulnerability in epistemic 
AI use; suitable mainly for 
routine use with safeguards 

1 Note that PISA level descriptions are based on OECD frameworks; AI-ready interpretations 
represent the author’s original conceptual contribution. 
 



 

Level 3 Interpret Basic inferences; simple 
integration 

Emerging readiness; high 
variance; benefits from 
scaffolding 

Level 4 Interpret Global comprehension; 
structural awareness 

AI-ready minimum (stable 
global comprehension) 

Level 5 Reflect & 
Evaluate 

Critical analysis; source 
evaluation 

Critical AI-readiness (reflect & 
evaluate reliably) 

Level 6 Reflect & 
Evaluate 

Abstract reasoning; 
metacognitive control 

Advanced AI-readiness 
(metacognitive regulation under 
uncertainty) 

This predicts that the major transition is not from literal to inferential comprehension, but 
from global coherence building to reflective evaluation and reliance regulation -the point 
where AI fluency can otherwise dominate judgment. 

This mapping illustrates that AI readiness is not a binary capacity but a graded skill instead. 
PISA Level 4 represents a functional threshold for stable AI interaction, while Levels 5–6 
correspond to autonomous, responsible AI use. 

Importantly, this argument does not imply that reading comprehension becomes fixed after 
adolescence. Adult literacy can and does continue to develop. However, international 
longitudinal evidence suggests that relative differences in reading proficiency established by 
age 15 tend to persist over time, shaping individuals’ capacity to benefit from later learning 
opportunities. 

8. Global Distribution of Advanced Reading Proficiency 

International assessments suggest that reflective and evaluative reading at the highest 
proficiency levels is currently achieved by a minority of learners. This does not imply 
restricting AI access. Rather, it indicates a capacity–power mismatch: as AI takes on a 
larger epistemic role, a larger share of users will require explicit instructional scaffolds to 
maintain evaluative control. Without targeted support for critical reading and metacognitive 
regulation, AI may amplify existing differences in how effectively learners can supervise 
information quality. 

These proficiency levels correspond closely to the cognitive operations required for 
autonomous, critical interaction with AI-generated content. The limited proportion of learners 
reaching these levels suggests that advanced AI-ready competence, as defined in this 
paper, is currently not a universal condition but a differentiated cognitive resource. 



 

Importantly, this statement does not imply that AI technologies should be restricted to a 
cognitively elite group. Rather, it highlights a structural mismatch between the growing 
epistemic role of AI systems and the distribution of advanced literacy skills within 
populations. Without targeted educational support for critical and metacognitive reading, AI 
systems risk amplifying existing cognitive inequalities rather than mitigating them. 

​
AI is often presented as a tool that democratizes knowledge due to its universal accessibility. 
However a deeper look, such as the one I provided above, at the requirements of 
AI-readiness reveals that it amplifies existing cognitive differences. 

Strong readers tend to use AI to extend thinking and accelerate learning, integrating it into 
their existing cognitive processes. For example, they may employ AI to explore alternative 
interpretations of a complex text, compare multiple explanatory frameworks, or iteratively 
refine hypotheses while maintaining active evaluative control over the output. In these cases, 
AI functions as a cognitive partner that amplifies reasoning rather than replacing it. 

Weaker readers, by contrast, are more likely to use AI to bypass cognitive effort, delegating 
interpretation and evaluation to the system instead of deepening their own understanding. 
For instance, they may rely on AI-generated summaries or explanations without questioning 
sources, underlying assumptions, or internal coherence. This pattern is consistent with 
research on cognitive offloading, which shows that external systems can either support or 
undermine learning depending on how they are used (Salomon, Perkins, & Globerson, 1991; 
Sparrow, Liu, & Wegner, 2011). 

This framework does not argue for restricting AI access, but for aligning the epistemic power 
of AI systems with the interpretive capacities of users through education. 

These dynamics closely resemble the Matthew Effect in literacy and digital learning, 
whereby existing cognitive advantages are amplified over time: the cognitively “rich” become 
richer by using AI as a tool for intellectual extension, while the cognitively “poor” become 
poorer by using the same tools for cognitive bypass (Stanovich, 1986; Azevedo & Cromley, 
2004). In the context of AI use, this effect suggests that uncritical reliance on fluent AI output 
may exacerbate, rather than reduce, existing inequalities in comprehension and judgment. 

Crucially, AI readiness is not determined by comprehension alone, but by metacognitive 
regulation -the ability to monitor, evaluate, and deliberately manage one’s interaction with AI 
systems. What distinguishes AI-ready users is not merely how much they understand, but 
how effectively they supervise AI output: recognizing when to trust it, when to question it, 
and when to disengage. Without such metacognitive control, even technically accurate AI 
output can lead to a passive surrender of judgment, undermining epistemic agency rather 
than supporting it (Flavell, 1979; Azevedo, 2005). 

9. Implications for Education, Policy, and Research 

The implications of this framework extend beyond AI use narrowly construed and point to 
broader educational, policy, and research challenges. 



 

Educationally, the findings suggest that AI instruction cannot be reduced to tool familiarity 
or prompting techniques. Instead, educational systems must prioritize the development of 
advanced reading comprehension, critical interpretation, and metacognitive regulation 
alongside any introduction of AI tools. These literacy-related competencies are not only 
prerequisites for responsible AI use, but also foundational for democratic participation, 
lifelong learning, and informed citizenship. The ability to evaluate sources, recognize implicit 
assumptions, integrate multiple perspectives, and regulate one’s own understanding has 
long been central to civic reasoning and public discourse; in AI-mediated environments, 
these capacities become even more consequential. 

From a policy perspective, the proposed framework implies that AI readiness should be 
treated as a literacy-dependent condition rather than a purely technological one. If, as 
international assessments suggest, only approximately 7–9% of learners currently reach the 
highest levels of critical and reflective reading proficiency, then large-scale AI integration 
without parallel investment in literacy development risks amplifying existing inequalities. 
(OECD, 2019; OECD, 2023). 

Policies that focus primarily on access to AI tools, infrastructure, or basic digital skills may 
therefore be insufficient. Instead, literacy-based indicators -particularly those capturing 
interpretive, evaluative, and metacognitive capacities- should be incorporated into AI 
education and governance frameworks. 

These findings also carry important implications for curriculum design, particularly within 
the humanities. If only a small proportion of learners are currently AI-ready at the ideal level, 
this does not imply restricting AI use to an elite minority. Rather, it signals the need for a 
substantial realignment of educational priorities. Instead of positioning programming or 
coding as the primary “AI skill,” education systems may need to reinvest in areas traditionally 
associated with the humanities: critical hermeneutics, advanced rhetoric, argumentation, and 
interpretive reasoning. In an environment where machines produce fluent language at scale, 
the uniquely human capacity to interpret meaning, evaluate claims, and negotiate ambiguity 
becomes a core competence rather than a peripheral one. 

For research, the framework proposed in this paper invites empirical validation across 
educational levels and contexts. Future studies could examine how variations in reading 
proficiency and metacognitive regulation predict different patterns of AI interaction, learning 
outcomes, and decision quality. Longitudinal research is particularly needed to explore how 
early literacy development shapes later AI use, and whether targeted interventions in critical 
and reflective reading can enhance AI readiness over time. 

Taken together, these implications suggest that AI does not diminish the importance of 
literacy; rather, it redefines its stakes. In AI-mediated societies, reading comprehension is no 
longer merely an academic skill, but a central mechanism through which individuals maintain 
epistemic agency, civic competence, and control over their own thinking. 

The future of human agency in the age of LLMs rests not on technical proficiency, but on the 
preservation of a symmetric epistemic relationship between user and system. As AI 
"amplifies existing cognitive differences," agency becomes a function of advanced "AI 
competence" -the literacy-based capacity to resist a "passive surrender of judgment". 
Without deliberate cultivation of PISA-level critical and metacognitive skills, the growing 



 

"structural mismatch" between AI's linguistic power and human interpretive competence risks 
creating a "Matthew Effect," where only a cognitive elite maintains true autonomy. Ultimately, 
we should regard reading comprehension as the primary condition of digital human agency. 
Only our capacity to interpret, evaluate and criticise AI-generated content can ensure that AI 
remains a "cognitive partner" rather than an "invisible director" of human thought. 

Epistemic Toolkit 

The transition from theoretical "AI competence" to lived agency requires more than just 
technical familiarity; it necessitates cognitive scaffolds designed to protect human 
judgment against the persuasive fluency of “the machine”. For any user seeking to maintain 
the epistemic symmetry I discussed earlier, I recommend the establishment of certain 
protocols to serve as the operational "rules of engagement." 

The elements provide a baseline for AI-ready competence, but they are by no means 
exhaustive. They represent the core habits of an active mind resisting the "passive surrender 
of judgment," and they should be expanded or specialized depending on the user’s 
professional domain and specific objectives. 

Core Protocols for Epistemic AI Engagement 

1.​ Evidence-First Prompting: Refusing to accept an output at face value by asking, 
“What is the evidence for this? What would change your answer?” This forces the 
system to reveal its underlying (or lack of) logic. 

2.​ The Two-Source Rule: For any high-stakes output, independent verification from a 
non-AI, authoritative source is mandatory. This breaks the "echo chamber" of 
linguistic probability. 

3.​ The "Explain-Back" Requirement: To ensure the user remains a "cognitive 
partner," they must restate the AI’s output in their own words and identify at least one 
limitation or counter-argument. 

4.​ Uncertainty Labeling: Explicitly requiring the AI (and the user) to identify what is 
uncertain, missing, or assumed in the generated text. 

5.​ Defined Stop-Rules: Establishing clear boundaries for when to disengage from the 
AI and consult primary literature or human experts. 

6.​ Bias and Framing Detection: Actively testing how wording changes or "nudges" the 
AI's recommendations to expose the "invisible direction" of the model’s training. 

These protocols directly operationalize the metacognitive regulation required for true agency. 
They are not static instructions but rather a dynamic framework that must be adapted 
-whether in an educational, legal, medical, or creative context- to ensure that the "structural 
mismatch" between AI models and human interpretation is constantly bridged by active 
critical evaluation. 

10. Conclusion 

This paper proposes a conceptual framework rather than an empirical validation. The 
AI-ready competence model is intended as a theoretical lens for interpreting existing literacy 
data, not as a diagnostic tool. Future research should empirically examine how reading 
comprehension levels relate to different forms of AI interaction across different contexts. 



 

I argue that AI readiness is fundamentally a literacy issue and because of the relatively high 
level of reading/listening comprehension involved in interpreting and evaluating AI-generated 
content and discourse, artificial intelligence does not reduce cognitive demands; it intensifies 
them. In AI-mediated environments, reading comprehension becomes not merely an 
educational outcome, but a condition of human agency in interactions with AI-systems. If 
only a small minority of learners possess the reading competencies required for reflective 
and evaluative reasoning, then AI readiness cannot be assumed to exist as a default 
condition, it must be cultivated deliberately. 

Limitations and boundary conditions. The framework focuses on language-mediated AI 
interaction and treats comprehension as a primary constraint; domain knowledge, 
motivation, and contextual scaffolding likely moderate these relationships. Moreover, some 
AI designs may reduce comprehension barriers by making uncertainty and sourcing more 
visible. 

Empirical agenda. Future work can test (i) whether higher reading proficiency predicts more 
frequent verification behaviors, (ii) whether metacognitive training reduces uncritical 
acceptance of fluent outputs, and (iii) whether task epistemic risk interacts with 
comprehension level to predict decision quality. 
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