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Abstract
Artificial intelligence has moved quickly from a specialist tool to an everyday presence, changing how people gather, process, store, and recall information. At the heart of this shift lies a familiar psychological process now operating under new conditions: cognitive offloading, the practice of handing mental work to external tools, environments, or agents so as to lighten the load on one's own mind. People have always done this to some degree, but the reasoning and generative capacities of today's AI systems place pressures on human cognition that older theories of tool use never had to account for. This critical review draws together empirical and theoretical work from cognitive psychology, human factors research, educational science, and AI ethics to examine what AI-assisted cognitive offloading is doing to the mind across five interrelated areas: memory and information retrieval, attentional control, metacognition, decision-making, and psychological wellbeing. The picture that emerges is mixed. There is evidence of weakened memory consolidation, increased automation bias, shifts in how people judge their own competence, and patterns resembling digital dependency, alongside genuine gains in productivity and reduced cognitive strain under the right conditions. None of these effects appears uniform; they vary with age, expertise, digital literacy, and a person's habits of self-monitoring. Drawing on cognitive load theory, the extended mind hypothesis, and self-determination theory, the review argues that AI assistance is neither simply good nor simply bad for human thinking — its effects depend on how AI systems are designed, the circumstances in which they are used, and how deliberately people manage their place in everyday cognitive life. The discussion closes with implications for education, professional training, clinical psychology, and AI governance, and identifies where future research is most needed.
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1. Introduction
1.1 Background and Conceptual Context
People have leaned on external tools to think since long before anyone called it cognitive offloading. Clay tablets, abacuses, printing presses, pocket calculators — each, in its time, took some piece of mental work off the user's hands and placed it in the world outside the skull. What makes the present moment different is not that this is happening, nor even how often it happens, but what kind of tool is now doing the work. Today's AI systems can hold a natural-language conversation, synthesise information in real time, support decisions with little human input, and generate content tailored to the individual user. This puts them in a different category from earlier aids. A calculator stores nothing and decides nothing; it simply executes an operation a person specifies. An AI system, by contrast, generates an answer, evaluates competing possibilities, and presents a conclusion as though it were settled — and in doing so, it reaches into, and potentially substitutes for, the higher-order cognitive work long regarded as distinctively human.
This delegation of mental tasks to external resources is precisely what cognitive offloading research is concerned with (Risko & Gilbert, 2016). The idea that cognition need not stop at the skull is not new to the AI era. Clark and Chalmers (1998), in their account of the extended mind, argued that an external component becomes part of one's cognitive system once it performs a role functionally equivalent to an internal mental state — reliably available, automatically trusted, much as memory itself is trusted. On this view, looking up a phone number on a smartphone is not categorically different from recalling it from biological memory; the relevant cognitive process has simply moved outside the head. Kirsh and Maglio (1994) made a related but distinct point in their distinction between pragmatic actions, which move the world toward a goal directly, and epistemic actions, which instead reshape the information environment to make thinking easier. Their broader claim was that this second kind of action is everywhere in ordinary cognition, and for good reason: consulting an external source is frequently less effortful than working something out internally.
AI-powered tools complicate this picture in ways that neither the philosophical literature on the extended mind nor earlier offloading research was built to address. Once a system does more than store information — once it generates conclusions, weighs alternatives, and offers advice — the line between assisting cognition and replacing it starts to blur. The widespread use of large language models for writing, problem-solving, and everyday information-seeking has, understandably, generated genuine scholarly disagreement about whether these tools sharpen human thinking or quietly wear it down (Firth et al., 2019; Noy & Zhang, 2023). Making sense of this disagreement calls for bringing together theoretical frameworks from cognitive psychology with experimental findings and the growing body of observational evidence on how people actually use AI in everyday settings.
1.2 The Rise of AI in Everyday Cognition
The pace at which AI tools have entered daily routines has been striking. Recommendation systems now quietly shape what people read, watch, and buy. Navigation apps plan routes and reroute travellers on the fly, leaving little reason to build a mental map of one's surroundings. Generative AI platforms turn out drafts, summaries, translations, code, and creative material at a user's request. Voice assistants answer questions that would once have demanded a deliberate search through memory or a few minutes of working something out. In professional life, AI tools now sit alongside clinicians making diagnoses, lawyers conducting research, analysts assessing risk, and scientists pursuing discovery. Different as these settings are, they share a common thread: cognitive labour that used to sit with the human is, increasingly, being passed to the machine.
This transfer is not psychologically neutral. Even earlier digital technology shows that easy access to information changes how people encode and later retrieve it (Sparrow et al., 2011). Simply having a silenced smartphone nearby has been found to reduce the cognitive resources a person has available, regardless of whether the device is being used at all (Ward et al., 2017). Photographing an experience rather than simply attending to it leaves a weaker memory trace, apparently because less attentional and elaborative work goes into encoding the moment in the first place (Henkel, 2014). If tools this modest can leave a measurable mark on cognition, it is reasonable to expect that systems with far greater capability will leave a larger one — which is precisely why the topic deserves careful, sustained attention.
It would be a mistake, though, to assume the story is entirely one of loss. Cognitive load theory holds that relieving working memory of routine demands frees it to do more demanding work elsewhere (Sweller, 1988). If an AI system takes over the burden of retrieving information or performing routine computation, the resources that would have gone into that task are, in principle, available for creative, evaluative, or interpersonal work instead. There is empirical support for this more optimistic reading: generative AI assistance has produced measurable productivity gains across a range of knowledge-work tasks (Noy & Zhang, 2023), which suggests that offloading to AI can sometimes lift human output rather than diminish it. The harder question — and the one this review keeps returning to — is when and for whom this holds, and at what point the same act of offloading starts to do more harm than good. Recent systematic review evidence on AI dialogue systems and adolescent learning supports this need for caution, because it links over-reliance and insufficiently guided use with risks to critical thinking, analytical reasoning, academic integrity, and reflective engagement (Aung & Bauyot, 2025; Zhai et al., 2024). Similarly, research on AI-based techno-pedagogical integration and creative writing indicates that AI can support participation or individual output, but that training, institutional support, and attention to diversity of ideas remain necessary if AI is to augment rather than replace human cognitive work (Doshi & Hauser, 2024; Kumar & Saratha, 2025).
Against this background, a focused research gap remains: existing studies tend to examine AI use within specific domains such as education, writing, or creativity, while fewer syntheses connect those findings into a single psychological account of AI-assisted cognitive offloading across memory, attention, metacognition, decision-making, and wellbeing. This review addresses that gap by treating cognitive offloading as the organising construct through which the psychological implications of everyday AI reliance can be examined.
1.3 Scope and Objectives
This review focuses on five interrelated areas in which AI-assisted cognitive offloading appears to be reshaping human thinking: memory and information retrieval; attentional control and multitasking; metacognition and self-assessment; decision-making and reliance on algorithms; and psychological wellbeing, including digital dependency and anxiety. By bringing together theory, experimental evidence, and observational research on AI use in real settings, it aims to give as complete a picture as the current literature allows. It also examines who is most affected and why — age, expertise, and digital literacy all turn out to matter — before turning to the broader ethical and societal stakes for autonomy, epistemic equity, and the future of education and professional practice. The review closes by identifying where the evidence base is thinnest and where future empirical work is most needed.

2. Methods for Literature Selection
This review takes a narrative synthesis approach, drawing together a broad and varied body of evidence from cognitive psychology, human–computer interaction, AI ethics, educational science, and adjacent fields. A narrative rather than systematic methodology was chosen because the literature on AI-assisted cognitive offloading is theoretically diverse and methodologically pluralistic, spanning traditions that do not aggregate comfortably into a single quantitative synthesis (Snyder, 2019). The intention here is to trace patterns, tensions, and gaps across this literature, not to produce a pooled estimate of effect size.
Databases and search strategy. Searches covered four general bibliographic databases — Web of Science, Scopus, Google Scholar, and PubMed — supplemented by five field-specific databases chosen to match the interdisciplinary scope of the topic: PsycINFO for psychological and neuroscientific work, IEEE Xplore for human–computer interaction and AI engineering, ERIC for educational technology and learning science, PhilPapers for philosophical work on extended cognition and AI ethics, and EconLit for labour market and automation economics.
Search strings combined Boolean operators across two clusters of terms. The first cluster covered cognitive offloading and its theoretical correlates: "cognitive offloading", "extended mind", "transactive memory", "epistemic action", "cognitive load", "automation bias", "algorithmic reliance", "digital amnesia", and "metacognition AND technology". The second covered artificial intelligence and its cognitive and psychological dimensions: "artificial intelligence AND cognition", "AI AND human thinking", "large language models AND cognition", "generative AI AND learning", "machine learning AND decision-making", and "human-AI interaction AND psychology". These strings were adapted as needed to fit the syntax conventions of each database.
Date range and supplementary literature. The primary search window ran from January 2016 to February 2026. The starting point of 2016 was chosen deliberately: it is the year Risko and Gilbert (2016) published the empirical framework for cognitive offloading that underpins much of this review's conceptual scaffolding. A small number of classic papers predating 2016 — foundational contributions to cognitive load theory, extended mind philosophy, transactive memory research, and automation bias — were retained as supplementary references for theoretical grounding and historical context, rather than to expand the primary evidence base itself.
Inclusion and exclusion criteria. To be included, a study had to be published in a peer-reviewed journal, written in English, address some cognitive, psychological, or behavioural dimension of technology use, AI adoption, or cognitive offloading, and make a substantive empirical or theoretical contribution. Authoritative institutional reports were admitted where no comparable peer-reviewed source existed on a given point. Books, book chapters, grey literature, conference proceedings, patents, non-peer-reviewed commentary, trade publications, and pre-prints without a subsequent peer-reviewed version were all excluded, as were papers concerned purely with the technical design of AI systems and lacking any psychological or behavioural content.
Screening workflow and duplicate handling. Titles and abstracts were screened against these criteria, with duplicates arising from overlapping database coverage removed at this stage. Full texts were then reviewed for every paper that passed abstract screening. The final selection weighed relevance to the review's five thematic domains against methodological quality and the paper's evident influence within its field.

3. Theoretical Foundations of Cognitive Offloading
3.1 Cognitive Load Theory
One of the most influential explanations for why people externalise cognitive work comes from cognitive load theory, first set out by Sweller (1988). Working memory — the mental workspace where reasoning, comprehension, and problem-solving actually happen — is, on this account, severely limited in capacity. Once the combined demands of a task's intrinsic complexity and its surrounding environment exceed that capacity, performance suffers. Offloading parts of a task onto external tools, whether a calculator, a diagram, a written note, or a digital system, lightens the load on working memory and leaves more capacity for whatever remains to be done internally. Paas and colleagues (2003) took this framework into educational design and showed that instructional environments built to manage extraneous load can produce substantial gains in learning.
Applied to AI, this logic at first looks encouraging. If an AI system handles the retrieval, organisation, and preliminary sorting of information, the cognitive resources freed up could go toward evaluation, synthesis, and the kind of creative elaboration that calculators were never asked to do. Noy and Zhang (2023) offer experimental support for exactly this: generative AI assistance in professional writing tasks improved both speed and quality, with the largest gains among workers whose prior performance had been below average — consistent with the idea that taking routine cognitive work off someone's plate leaves more room for the harder parts of the job. What cognitive load theory cannot tell us, on its own, is what happens over the longer run — whether offloading task after task gradually erodes the very skills that internalised reasoning depends on.
3.2 The Extended Mind Hypothesis
Clark and Chalmers (1998) challenged the commonsense view that cognition stops at the edge of the skull. Their extended mind hypothesis holds that an external component becomes a genuine part of one's cognitive system once it does the work an internal process would otherwise do — provided it is reliably available, habitually consulted, and trusted without question, much as memory itself is trusted. The example they made famous involves a character with early-stage Alzheimer's disease whose notebook plays the same functional role biological memory normally would; on their account, this is not a memory aid sitting alongside the mind but a genuine extension of it.
This framework has turned out to be a productive lens for thinking about AI. A user who routinely turns to an AI assistant to retrieve facts, draft messages, or weigh up options, and who consistently accepts what it produces, has — by Clark and Chalmers's (1998) own criteria — incorporated that system into their cognitive apparatus. The implication is not a small one: any change to the AI itself, in accuracy, availability, or underlying design, becomes in effect a change to the user's own cognition. How vulnerable these extended systems are to technical failure or to bias baked into their design has received surprisingly little empirical attention, despite the genuine concerns it raises about epistemic dependency on a societal scale (Jobin et al., 2019).
3.3 Transactive Memory Systems
A related idea, transactive memory, describes how memory functions get distributed across the members of a social group rather than residing entirely within any one person. Hollingshead (1998) showed that pairs and groups build up a kind of memory about memory — knowing who knows what — that lets the group work more efficiently than its members would alone. The catch is that people tend to encode less of the information themselves once they believe someone else in the system is holding onto it. Sparrow and colleagues (2011) took this same logic and applied it to digital technology, finding that people who expected to be able to look something up later encoded less of the content itself but more of where to find it — what they called a "Google effect" on memory. The concern this raises for AI-mediated cognition, at much larger scale, was already visible in that finding.
As people come to rely on AI systems in much the same way they once relied on a knowledgeable colleague — to hold and retrieve factual, procedural, and evaluative information — the same shift in cognitive labour seems likely to occur, with internal encoding declining most for information that feels readily recoverable on demand. Whether this amounts to a sensible cognitive adaptation or a worrying erosion of personal knowledge is not a question the field has settled (Firth et al., 2019; Risko & Gilbert, 2016).
Table 1 brings these three frameworks together alongside their respective predictions for AI-assisted offloading. Read as a set, they paint a picture that is theoretically rich rather than simple: offloading to AI may simultaneously ease the demands on working memory, fold the AI functionally into the user's own cognitive system, and shift memory encoding toward knowing where information sits rather than what it contains. Each of these three processes carries its own implications for cognitive functioning over the long run, and each is examined in more empirical detail in the sections that follow.

Table 1. Core Theoretical Frameworks for Understanding Cognitive Offloading in the AI Context
	Framework
	Key Propositions
	Prediction for AI-Assisted Offloading
	Primary Implication

	Cognitive Load Theory
	Working memory is limited in capacity; offloading reduces extraneous load and frees resources for higher-order processing
	AI can free cognitive resources for evaluative and creative tasks
	May improve performance on retained tasks but risks reducing skill development if relied upon excessively

	Extended Mind Hypothesis
	Cognition legitimately extends to reliable, accessible external tools that perform functional cognitive roles
	AI systems become part of the user's cognitive system when habitually and automatically consulted
	Creates epistemic dependency; changes in AI directly alter user cognitive functioning

	Transactive Memory Theory
	Memory is distributed across agents; individuals reduce encoding of information they expect others to hold
	Users reduce internal encoding of information expected to be retrievable from AI
	Reduces personal knowledge retention; shifts epistemological authority to AI systems


Sources: Sweller (1988); Clark and Chalmers (1998); Hollingshead (1998); Risko and Gilbert (2016); Sparrow et al. (2011).

4. Mechanisms of Cognitive Offloading in the AI Era
4.1 Memory and Information Retrieval
Memory is probably the most thoroughly studied casualty — or beneficiary, depending on one's reading — of AI-assisted offloading, though most of the relevant research predates generative AI and concerns earlier digital technologies instead. Sparrow and colleagues (2011) showed that internet access changes not just what people remember but how they go about encoding it in the first place: those who expected to be able to look something up later tended to encode where to find it rather than the information itself. This is best understood as a sensible adaptation rather than a deficit, but it leaves an open question that matters more in the AI era. What happens when even that locational knowledge — knowing where to look — is handed over to the system, leaving the user with neither the content nor the map to find it?
A related effect appeared in Henkel's (2014) naturalistic study of museum visitors: those who photographed an exhibit recalled fewer details about it afterwards than those who simply looked, apparently because making the external record reduced the attentional and elaborative work needed to consolidate the memory in the first place. Storm and Stone (2015) found something that looks, at first glance, like the opposite effect but actually fits the same pattern: participants who saved information they had already encountered went on to encode subsequent new material better, as though offloading the old material had freed up resources for the new. Taken together, these studies point to a single underlying principle. Once the mind registers that something has been externally stored, it shifts its own encoding effort elsewhere — a sensible enough strategy in itself, but one that backfires the moment the external store turns out to be unreliable, unavailable, or simply wrong.
Spatial memory shows the same pattern. Ruginski and colleagues (2019) found that people who relied on GPS while navigating a route subsequently built a noticeably weaker mental map of the area than those who found their own way, suggesting that handing navigation over to a digital system — even a fairly simple one — gets in the way of building the cognitive maps that independent spatial reasoning depends on.
AI-generated responses raise the stakes further, simply because of how they are presented. A search engine returns a list of sources that still have to be read, weighed, and pieced together; a conversational AI system, by contrast, hands over a single, fluent answer with the synthesis already done. That format likely makes users even less inclined to evaluate the content critically or to internalise it themselves, since the hard part of the job has visibly already happened somewhere else. Firth and colleagues (2019), reviewing neuroimaging and behavioural evidence, suggested that sustained internet use may bring about functional changes in the neural systems underpinning attention and memory consolidation — including reduced sustained attention and altered engagement of working memory. If anything, the fluency and ease of AI-mediated information access seem more likely to intensify these effects than soften them.
4.2 Attention and Multitasking
Attentional control — the ability to direct and hold cognitive resources on something one has chosen to focus on — is one of the capacities most clearly affected by heavy digital technology use. Ophir and colleagues (2009) found that people who habitually multitasked across media were worse, not better, at filtering out irrelevant information and switching between tasks than light multitaskers, which suggests that habitual multitasking reshapes attentional architecture for the worse rather than training it for the better. Ward and colleagues (2017) found something even more striking: simply having a silenced smartphone sitting on the desk reduced the cognitive capacity participants could bring to working memory and fluid intelligence tasks, even among those who reported not thinking about the device at all. The implication for AI-embedded devices, which are persistently and actively present in a way an inert phone is not, is fairly direct.
Wilmer and colleagues (2017), reviewing both laboratory and naturalistic studies, concluded that the link between heavy smartphone use and reduced working memory, attention, and impulse control holds up reasonably well across the literature — though, as with most cross-sectional work, establishing which way the causal arrow points remains genuinely difficult. Small and colleagues (2020) looked at the neurological side of the question and reported changes in prefrontal cortex activity associated with prolonged screen engagement, which they interpreted as possible adaptations in the brain's attentional regulatory systems. The neurological picture is still preliminary, but the behavioural evidence is more consistent: persistent offloading to digital tools appears to reshape attentional habits in ways that leave less capacity for sustained, uninterrupted focus.
Attention matters here for more than performance scores; it underlies memory consolidation, creative incubation, and the kind of deep comprehension that takes time to settle. Baird and colleagues (2012) showed that periods of mind wandering — which constant device engagement leaves little room for — actually support creative problem-solving, by allowing associative processes to run that focused attention tends to suppress. The broader shift toward near-permanent connectivity, much of it driven by AI systems designed to hold attention rather than release it, may therefore have knock-on effects for creativity and insight that experimental studies narrowly focused on attentional performance have not yet fully captured.
4.3 Decision-Making and Algorithmic Reliance
Decision-making is perhaps the domain where AI-assisted offloading carries the highest stakes, and also the one where the psychology is most tangled. Human judgement is well known to rely on heuristics and biases that often lead to suboptimal choices (Kruger & Dunning, 1999), and AI systems trained on large datasets and optimised for predictive accuracy can, in structured domains at least, outperform human intuition. What complicates matters is that people do not respond to algorithmic advice in any single, predictable way — neither uniform deference nor uniform suspicion describes how most people actually behave.
Dietvorst and colleagues (2015) gave one half of this picture a name: algorithm aversion, the tendency to abandon an algorithm's predictions the moment it gets something wrong, even when it has been outperforming human forecasters all along. Logg and colleagues (2019) described what looks like its mirror image, algorithm appreciation, in which people — especially those without much expertise in the relevant domain — actually prefer algorithmic advice to human recommendations. That both tendencies show up in the literature, sometimes in the same population under different conditions, suggests reliance on AI for decision support is genuinely variable rather than reducible to a single rule of thumb about trust.
A more systematic worry is automation bias: the tendency to over-rely on an automated system's output, accepting it readily while missing errors that conflict with other, non-automated information sitting right in front of the decision-maker (Skitka et al., 1999). Parasuraman and Manzey (2010), drawing on decades of human factors research, found this to be a robust and recurring pattern across domains as different as aviation, nuclear power management, and medical diagnosis. As AI systems move into more high-stakes decisions, this becomes a genuine psychological risk — and one likely made worse by how confidently AI outputs tend to be phrased, which can lend them an authority they have not necessarily earned. The well-documented human tendency to attribute minds to non-human agents (Waytz et al., 2010) compounds the problem further, inflating how trustworthy a system seems and, with it, how readily people defer to it.
Table 2 pulls together the major cognitive mechanisms discussed so far, along with the evidence behind each. A pattern runs through all of them: the more completely a function is handed over, and the more fluently the external system performs it, the less internal engagement the user tends to invest — and with that comes a corresponding rise in the risk of dependency, skill atrophy, and uncritical acceptance of whatever the system produces.

Table 2. Major Cognitive Mechanisms of AI-Assisted Offloading and Associated Empirical Evidence
	Cognitive Domain
	Mechanism
	Observed Effect
	Key Evidence

	Memory
	Encoding reduction
	Reduced consolidation when external storage is available
	Sparrow et al. (2011); Henkel (2014)

	Memory
	Locational meta-memory shift
	Location of information encoded in preference to its content
	Sparrow et al. (2011)

	Memory
	Saving-enhanced memory
	Saving frees resources, improving encoding of new subsequent information
	Storm & Stone (2015)

	Spatial memory
	Environmental encoding reduction
	GPS reliance impairs spatial knowledge acquisition
	Ruginski et al. (2019)

	Attention
	Passive attentional capture
	Proximate devices reduce cognitive capacity even when inactive
	Ward et al. (2017); Wilmer et al. (2017)

	Attention
	Multitasking decrement
	Heavy multitaskers show reduced filtering and task-switching
	Ophir et al. (2009)

	Decision-making
	Automation bias
	Over-reliance on algorithmic outputs; failure to detect errors
	Skitka et al. (1999); Parasuraman & Manzey (2010)

	Decision-making
	Algorithm aversion
	Abandonment of algorithms following a single observed error
	Dietvorst et al. (2015)

	Decision-making
	Algorithm appreciation
	Preference for algorithmic advice among less expert users
	Logg et al. (2019)


Sources: Sparrow et al. (2011); Henkel (2014); Storm and Stone (2015); Ruginski et al. (2019); Ward et al. (2017); Wilmer et al. (2017); Ophir et al. (2009); Skitka et al. (1999); Parasuraman and Manzey (2010); Dietvorst et al. (2015); Logg et al. (2019).

5. Psychological Implications of AI-Assisted Cognitive Offloading
5.1 Metacognitive Changes
Metacognition — the ability to monitor, evaluate, and regulate one's own thinking — is widely regarded as central to effective learning, problem-solving, and good decision-making (Flavell, 1979). Because it sits at the centre of intellectual functioning more broadly, it is a particularly important place to look when asking how AI-assisted offloading is shaping the mind. If an AI system absorbs the evaluative and monitoring work that metacognition involves, two things could plausibly follow: the skill itself may weaken through disuse, or, more subtly, users may end up with a distorted sense of their own ability.
This second possibility has an obvious precedent in the Dunning-Kruger effect, the well-replicated finding that people with limited skill in a domain tend to overrate their own competence — partly because recognising one's own gaps requires a degree of expertise that, by definition, the person lacks (Kruger & Dunning, 1999). AI assistance could plausibly produce a similar distortion. Someone who routinely relies on AI-generated text, analysis, or decisions may come to feel more capable than they actually are, mistaking the fluency of the machine's output for evidence of their own thinking. A related risk is what might be called metacognitive outsourcing — not just handing off a task, but handing off the monitoring and evaluation of that task as well. Mueller and Oppenheimer (2014) found exactly this pattern with laptop note-taking: students who typed produced more extensive notes than those who wrote by hand, yet retained and understood less, because typing encourages verbatim transcription rather than the selective, effortful processing that actually builds understanding. AI-assisted note-taking or summarising risks the same trap — a tidy external record, with none of the mental work that would have made it stick.
The broader metacognitive concern can be summed up as epistemic complacency: a willingness to skip critical evaluation because an AI system seems to have already done that work. Ecker and colleagues (2022), reviewing the psychology of misinformation, found that information which reads fluently — and information from sources that merely sound authoritative — tends to be accepted with less scrutiny than its actual reliability warrants. AI-generated text is, almost by design, fluent, confident, and well-formed, which is exactly the combination of features likely to raise its perceived credibility while lowering the effort users put into checking it.
5.2 Automation Bias and Complacency
Automation bias is not confined to decision-making narrowly defined; it reflects a more general motivational shift toward less effortful monitoring whenever people believe an automated system has oversight covered (Parasuraman & Manzey, 2010). Parasuraman and colleagues (2000) set out a taxonomy of automation that distinguishes four functions — information acquisition, information analysis, decision selection, and action implementation — and found that vigilance drops most sharply, and complacency risk rises most, at the highest levels of automation, where the system both chooses and carries out actions with little human input.
Many of today's AI systems sit precisely at these higher levels. An assistant that retrieves information, synthesises it, weighs the options, and recommends a course of action is operating at a level the human factors literature would predict to carry real complacency risk. In aviation, medicine, and nuclear safety, complacency-related failures — operators missing system errors or failing to override a bad automated call — have featured in serious incidents (Parasuraman & Manzey, 2010). As comparable levels of automation move into clinical diagnosis, legal analysis, and financial advice, the same psychological risk follows them in.
Skitka and colleagues (1999) gave a name to a particularly worrying version of this: commission errors, where the operator acts entirely in line with an incorrect automated recommendation, overlooking information that, had it been noticed, would have called for a different response. In their study, participants monitoring a simulated aviation scenario kept following automated advice even when it clearly contradicted information they had direct access to. The professional analogue is not hard to imagine — users following AI recommendations without bringing in the contextual, experiential, or interpersonal knowledge they actually have, but that the AI has no way of accessing.
5.3 Affective Dimensions: Dependency, Anxiety, and Wellbeing
The implications of AI-assisted offloading are not purely cognitive; there is an affective and motivational dimension as well. A growing concern is digital dependency — an escalating reliance on digital tools severe enough that their temporary absence produces anxiety, cognitive disruption, or a real drop in functioning. Clayton and colleagues (2015) studied exactly this in the context of smartphone separation, finding that habitual users asked to complete cognitive tasks without their phones showed heightened anxiety, faster heart rates, and worse performance on tasks demanding working memory and sustained attention. The researchers read this as evidence that the smartphone had effectively become part of the self, so that being without it felt less like an inconvenience and more like a kind of estrangement.
On the wellbeing question more broadly, Orben and Przybylski (2019) conducted a large specification-curve analysis testing the robustness of the link between adolescent wellbeing and digital technology use across thousands of possible analytical choices. What they found was a real but modest association — comparable, by their own framing, to the relationship between wellbeing and wearing glasses. This finding does useful work in tempering the debate: it pushes back against both the alarmist narrative that digital technology is quietly devastating a generation and the dismissive one that nothing meaningful is going on, and it points instead toward moderation, context, and individual differences as the variables that actually matter (Haidt & Allen, 2020).
AI-assisted conversational agents for mental health support add yet another layer of complexity to this picture. Fitzpatrick and colleagues (2017) ran a randomised controlled trial of Woebot, a fully automated agent delivering cognitive behavioural techniques to university students reporting symptoms of depression and anxiety, and found significantly reduced depression scores at two-week follow-up compared with controls — a genuinely encouraging result. But it leaves open a harder question that applies to the whole category of AI-delivered therapeutic tools: when emotional processing and self-reflection are delegated to a computational agent, is the user building real psychological capacity, or simply learning to comply fluently with a scripted pattern that lacks the relational depth and metacognitive engagement that seem to matter in effective psychotherapy?
Self-determination theory offers a useful lens for thinking through the motivational side of all this. Deci and Ryan (2000) argued that psychological wellbeing rests on three basic needs being met: autonomy, the sense that one's actions are self-directed; competence, the sense of mastery and effectiveness; and relatedness, meaningful connection to others. AI-assisted offloading can satisfy the need for competence in the moment — a task gets done quickly and well — while undermining it over time, since the genuine skill that would have produced lasting competence never quite gets built. Autonomy is harder to pin down but no less at risk, particularly when AI systems guide, constrain, or quietly pre-empt choices in ways users do not fully notice. How this tension between short-term satisfaction and longer-term wellbeing actually resolves is not yet clear from the evidence available, and it remains one of the more pressing open questions in this field. The wider promise and ethical complexity of technological cognitive enhancement has been recognised before (Bostrom & Sandberg, 2009), though exactly how AI-assisted enhancement affects autonomy over the long term is still not well specified.
Table 3 draws together the psychological implications discussed in this section, with the supporting evidence and the likely direction of each effect. What stands out across the table is how mixed the picture remains: real adaptive potential sits alongside real risk, and which one wins out in practice seems to depend less on what an AI system is capable of than on the conditions under which it gets used.

Table 3. Summary of Psychological Implications of AI-Assisted Cognitive Offloading
	Dimension
	Psychological Implication
	Likely Direction of Effect
	Key Evidence

	Metacognition
	Reduced metacognitive monitoring; inflated self-assessment
	Negative
	Flavell (1979); Kruger & Dunning (1999); Mueller & Oppenheimer (2014)

	Epistemic evaluation
	Reduced critical appraisal of AI-generated content; epistemic complacency
	Negative
	Ecker et al. (2022); Lazer et al. (2018)

	Automation complacency
	Reduced vigilance; commission errors in high-stakes settings
	Negative
	Parasuraman & Manzey (2010); Skitka et al. (1999)

	Cognitive capacity
	Short-term capacity freed for higher-order tasks
	Conditionally positive
	Sweller (1988); Noy & Zhang (2023)

	Digital dependency
	Anxiety and performance decrements upon tool unavailability
	Negative
	Clayton et al. (2015); Ward et al. (2017)

	Wellbeing
	Modest negative association at high use levels
	Modestly negative
	Orben & Przybylski (2019); Haidt & Allen (2020)

	Autonomy and competence
	Short-term competence gains; potential long-term autonomy reduction
	Mixed
	Deci & Ryan (2000); Bostrom & Sandberg (2009)


Sources: Flavell (1979); Kruger and Dunning (1999); Mueller and Oppenheimer (2014); Ecker et al. (2022); Lazer et al. (2018); Parasuraman and Manzey (2010); Skitka et al. (1999); Sweller (1988); Noy and Zhang (2023); Clayton et al. (2015); Ward et al. (2017); Orben and Przybylski (2019); Haidt and Allen (2020); Deci and Ryan (2000); Bostrom and Sandberg (2009).

6. Impact on Critical Thinking, Learning, and Creativity
6.1 Educational Implications
Education is probably where the stakes of AI-assisted offloading feel most immediate, and the debate is correspondingly active. The cognitive demands that learning makes — encoding new material, building conceptual understanding, working through problems without a scaffold, monitoring one's own comprehension — are not incidental overhead that AI tools could tidily take off a student's hands. They are, in a real sense, what education is actually for. If an AI system routinely performs this work on a student's behalf, the risk goes well beyond the student simply absorbing less content; it is that the student develops weaker capacity for the work of learning itself.
This is essentially what Mueller and Oppenheimer (2014) already found with note-taking medium: longhand notes, which demand selective and generative processing, produced better retention and comprehension than laptop notes, even though the laptop notes were longer and more complete. The underlying mechanism seems to be depth of engagement during encoding — effortful elaboration leaves a stronger trace than passive transcription does. The lesson transfers directly to AI-assisted learning. Generating a summary with AI help requires far less elaborative work than building one through active recall and reorganisation, and the material is likely to be retained correspondingly less well.
Chen and colleagues (2020), reviewing the growing range of AI applications in education, found real opportunities here — personalised learning pathways, automated feedback, adaptive assessment — alongside real risks: reduced cognitive challenge, more passive students, and a potential erosion of the social and relational side of learning that AI cannot easily replace. None of this is inevitable; it follows from specific design choices rather than from AI itself. A system optimised to maximise student comfort and task completion can end up systematically stripping out the desirable difficulties — spaced practice, retrieval challenge, interleaved learning — that cognitive science has shown to matter most for retention and transfer.
There is a further complication in the information environment students now navigate. Lazer and colleagues (2018) documented how the same cognitive heuristics that normally serve people well — processing fluency, deference to apparent authority — also leave them vulnerable to misinformation, especially when it arrives polished and confidently stated. AI-generated content is notably prone to sounding plausible while being factually wrong, which puts educators in a difficult position: they need to build students' critical evaluation skills at precisely the moment when AI output is becoming harder to distinguish, on the surface at least, from accurate and authoritative information.
6.2 Creativity and Problem-Solving
Creativity is where this whole debate gets genuinely nuanced, and broad generalisations do not hold up well here. Creative thought depends on recombining existing knowledge and exploring possibility spaces in ways that constant external assistance can actually get in the way of. Baird and colleagues (2012) showed that mind wandering — the kind of undirected mental drift that happens when nothing external is demanding attention — supports creative incubation by letting weakly activated associations rise into conscious awareness. If AI-mediated engagement keeps attentional resources continuously occupied, there is simply less room for the mind wandering that creative insight seems to depend on.
Against this, there is a more hopeful line of argument. Bostrom and Sandberg (2009) suggested that cognitive enhancement of any kind — pharmacological, technological, or AI-assisted — could widen the scope of human creative achievement simply by extending the range of problems a person can engage with effectively. If AI systems absorb the combinatorial work of retrieving information and generating options, the resources that frees up could go toward the evaluative, aesthetic, and integrative judgement that creative work ultimately depends on, and that machines are not well placed to replace. Noy and Zhang (2023) offer some support for this: generative AI assistance improved the quality of professional writing, with the biggest gains seen among workers who started out with lower ability — a levelling effect that, if it generalises, could narrow rather than widen existing gaps in creative output.
That said, a more theoretical worry remains, one that arguments about short-term output quality do not really address. Cognitive and educational psychology has consistently found that productive struggle — working through difficulty without immediate help — does more for learning and skill development than quick error correction or having the solution handed over. An AI system that resolves cognitive difficulty too readily could, somewhat paradoxically, end up weakening the very capacities it is meant to support. Whether this actually happens, and how badly, especially for younger learners growing up with constant AI assistance, is a question the published literature has not yet really investigated.

7. Individual Differences and Moderating Factors
7.1 Age, Expertise, and Cognitive Reserve
None of the effects discussed so far apply uniformly; they vary substantially across individuals, and age is one of the clearest sources of that variation. Older adults sit in a genuinely difficult position. Declining working memory and slower processing speed mean AI assistance could be particularly useful for managing complex information loads, yet reduced metacognitive monitoring and lower digital literacy can simultaneously make this group more vulnerable to automation bias and to missing errors they should be catching. Stern (2009), reviewing and consolidating the concept of cognitive reserve — the brain's capacity to cope with age-related and pathological decline by recruiting alternative neural strategies — argued that staying cognitively challenged helps maintain this reserve across the lifespan. If AI tools substantially reduce the cognitive demands older adults face day to day, they may end up removing exactly the kind of challenge that sustains reserve, with knock-on consequences for resilience against age-related decline.
Children and adolescents raise a different set of concerns entirely. Cognitive development at this stage depends on effortful engagement with difficult tasks, the gradual internalisation of regulatory strategies, and the steady build-up of metacognitive skill — all of which take time and friction to develop. AI tools that pre-empt or bypass this work raise real questions about what cognitive development looks like for a generation growing up with constant AI assistance on hand. Firth and colleagues (2019) raised the possibility that prolonged internet use during these sensitive developmental windows could alter how attentional and memory systems typically get organised, though they were careful to note that the longitudinal evidence needed to establish causal pathways in human populations is still limited. Small and colleagues (2020) similarly found that the neurological effects of sustained digital technology use look more pronounced in younger samples, which points to a developmental sensitivity that deserves closer study.
Expertise is the second major moderator. Logg and colleagues (2019) found that algorithm appreciation runs stronger among non-experts than among domain experts, who were more willing to override an algorithm's recommendation when their own contextual knowledge told them something different. This points toward a fairly intuitive conclusion: automation bias risk is lower for expert users who have the knowledge to critically evaluate AI outputs, and higher for novices who simply do not have the background to spot when the AI has got something wrong. The implication for professional training is worth taking seriously — introducing AI tools early in someone's career, before they have built up domain expertise, may produce more entrenched automation bias than introducing the same tools once expertise is already in place (Dietvorst et al., 2015).
7.2 Digital Literacy and Metacognitive Awareness
Digital literacy — being able to locate, evaluate, and effectively use digital information and tools — is increasingly recognised as a key variable mediating the relationship between technology use and cognitive outcomes. Van Laar and colleagues (2019), in a large survey of working professionals, identified core dimensions of twenty-first-century digital skill, including technical competence, information and data literacy, communication, content creation, safety awareness, and problem-solving. People scoring higher on these dimensions used digital tools more effectively while also remaining more critically aware of their limitations — which is, in essence, exactly the metacognitive stance that adaptive AI use requires.
Metacognitive awareness — monitoring and regulating one's own use of cognitive tools, AI included — may be particularly protective against epistemic complacency. People who habitually reflect on their own thinking are more likely to notice when they are accepting an AI's output too readily, to stay alert to its limitations, and to seek independent confirmation when something important is at stake. This kind of awareness, though, does not simply appear; it is built through educational investment and deliberate practice. Van Laar and colleagues (2019) found that structured training in critical information evaluation meaningfully improved workers' ability to judge the reliability of digital content, which is encouraging in a practical sense — it suggests this kind of metacognitive literacy can be taught rather than treated as a fixed trait some people simply have and others lack.
Information overload is a further moderating factor, and one that operates somewhat independently of literacy and expertise. Eppler and Mengis (2004), reviewing evidence on information overload across several disciplines, found it has a double effect: it degrades decision-making quality directly, and it pushes people toward cognitive shortcuts, shallower analysis, and greater deference to whoever or whatever seems to carry authority. AI systems sit in an awkward position here, since they can both create and relieve information overload at the same time — and in environments where overload is high, the pull toward delegating evaluative work to AI grows correspondingly stronger. That leaves a real paradox: the moments when AI assistance feels most tempting are often exactly the moments when uncritical reliance on it is most risky. This is as much a design and policy problem as a psychological one.
Table 4 brings these moderating factors together, alongside how each is likely to shape the psychological impact of AI-assisted cognitive offloading.

Table 4. Key Moderating Factors in the Psychological Impact of AI-Assisted Cognitive Offloading
	Moderating Factor
	Nature of Influence
	Direction of Moderation
	Key Evidence

	Developmental age (young)
	Sensitive period for cognitive skill acquisition and regulatory internalisation
	Risk of developmental impact
	Firth et al. (2019); Small et al. (2020)

	Older age
	Reduced working memory; implications for cognitive reserve maintenance
	Risk of dependency and diminished reserve
	Stern (2009)

	Domain expertise
	Determines capacity to critically evaluate and override AI outputs
	Lower expertise → greater automation bias risk
	Logg et al. (2019); Dietvorst et al. (2015)

	Digital literacy
	Critical evaluation skills and awareness of tool limitations
	Higher literacy → more adaptive, vigilant offloading
	van Laar et al. (2019)

	Metacognitive awareness
	Monitoring and regulation of one's own reliance on AI
	Higher awareness → reduced epistemic complacency
	Flavell (1979); Ecker et al. (2022)

	Information overload
	Increases reliance on cognitive shortcuts and authority cues
	Greater overload → greater offloading risk
	Eppler & Mengis (2004)

	Cognitive reserve
	Buffer against age-related and pathological cognitive changes
	Reduced cognitive challenge may reduce reserve
	Stern (2009)


Sources: Firth et al. (2019); Small et al. (2020); Stern (2009); Logg et al. (2019); Dietvorst et al. (2015); van Laar et al. (2019); Flavell (1979); Ecker et al. (2022); Eppler and Mengis (2004).

8. Ethical and Societal Considerations
8.1 Autonomy, Cognitive Sovereignty, and AI Design
The ethical questions raised by AI-assisted cognitive offloading go beyond individual psychology into something closer to what might be called cognitive sovereignty — a person's right to form their own beliefs, reason for themselves, and make their own cognitive choices without undue technological mediation. Jobin and colleagues (2019), in a comprehensive mapping of AI ethics guidelines worldwide, found autonomy, human oversight, and non-manipulation among the most frequently cited principles in institutional frameworks — though, as they noted, these principles are often defined loosely and applied inconsistently once it comes to actual practice.
Deci and Ryan's (2000) self-determination theory gives a psychological grounding for why autonomy matters beyond its philosophical appeal. People who experience their cognitive activity as self-directed — who author their own reasoning rather than simply ratifying whatever an AI has concluded — tend to report greater personal efficacy, sustain stronger intrinsic motivation, and build genuine competence over time. The flip side is that when AI systems steer choices in ways users cannot see, autonomy can erode quietly, without the person ever noticing it is happening. Personalisation algorithms are a good example of where this concern bites hardest: by pre-emptively narrowing the information environment around a user, they can shrink rather than expand the range of cognitive inputs a person encounters — and intellectual autonomy depends on that range staying open.
Shank and DeSanti (2018) looked at how people attribute moral responsibility and agency to AI systems after a morally significant error, and found that these attributions shifted depending on the context and severity of what had gone wrong — evidence, the authors suggested, that people are actively constructing a moral frame for AI agents rather than simply absorbing whatever influence comes their way. Even so, the deep-seated human tendency to see minds in non-human agents (Waytz et al., 2010) likely biases this construction toward overestimating an AI's intentionality and competence, with knock-on effects for how much cognitive deference people extend to it. As Parasuraman and Manzey (2010) pointed out, this is not purely a matter of individual psychology — it is also a matter of system design. Architectures that ask for frequent human input tend to keep people engaged and vigilant; those that run autonomously and simply present outputs for approval tend to encourage passivity instead. That design choice carries real ethical weight, since it amounts to a decision about how cognitive authority should be split between human and machine.
8.2 Bias, Epistemic Inequality, and the Attention Economy
A separate cluster of ethical concerns has to do with how unevenly the risks and benefits of AI-assisted offloading fall across different groups of people. Caliskan and colleagues (2017) showed that word embedding models trained on natural language corpora reliably pick up and amplify the biases already present in that language, including racial, gender, and socioeconomic associations embedded in ordinary usage. When a user hands information synthesis, decision support, or content generation over to an AI system carrying these inherited biases, the biases come along too — and arguably more dangerously, since the fluency of AI output can make them harder to spot than the same biases stated plainly by a human source.
Epistemic inequality — uneven access to the tools, skills, and social resources needed to evaluate information critically — looks set to shape who actually benefits from AI-assisted offloading and who is harmed by it. People with more education, stronger digital literacy, and well-developed metacognitive skill are better placed to use AI tools as genuine instruments of augmentation, staying alert to their limits along the way. People without these advantages, or who are more susceptible to authority cues generally, are more exposed to misinformation, automation bias, and the cognitive passivity that poorly designed AI tools can encourage. Ecker and colleagues (2022) documented real differences in susceptibility to misinformation tied to educational, cognitive, and motivational variables, and there is good reason to think these gaps widen further with AI-generated content, which is unusually good at presenting the surface markers of credibility regardless of whether the underlying claims hold up.
Underlying much of this is the attention economy — the commercial ecosystem in which AI-powered platforms compete for user attention as something that can be monetised — which adds structural incentives that make these risks worse at a societal level. Platforms built to maximise time spent have a commercial reason to favour content that is cognitively stimulating but epistemically undemanding: material that grabs attention without asking the viewer to think very hard about it. Lazer and colleagues (2018) traced exactly this dynamic in the spread of misinformation, finding that false stories travel faster through digital networks than accurate ones, in part because they tend to carry stronger emotional charge. Eppler and Mengis (2004) had already established that information overload, which attention-economy environments produce almost by design, pushes people toward heuristics and authority cues instead of careful evaluation. And at a broader, economic level, Autor (2015) found that routine cognitive tasks are most exposed to automation, while non-routine evaluative and interpersonal tasks hold up better — which leaves a genuine paradox: a workforce growing more dependent on AI for cognitive work at precisely the moment when independent, critical reasoning matters most, economically and socially.
Seeber and colleagues (2020) make a strong case that good human-AI collaboration does not happen by accident; it requires deliberately designing the social and cognitive conditions under which AI takes part in collective work, so that human engagement is maintained, epistemic authority is distributed sensibly, and there remains a meaningful way for humans to override the system when their contextual knowledge says something different. These are not just technical recommendations. They amount to an ethical commitment to keeping open the conditions under which human cognitive capacities can be used, developed, and passed on to the next generation.
Table 5 sets out the major ethical and societal considerations covered in this section, offering a structured overview of where regulatory attention and further empirical work seem most needed.

Table 5. Ethical and Societal Considerations in AI-Assisted Cognitive Offloading
	Ethical Dimension
	Key Concern
	Relevant Principle
	Key Evidence

	Cognitive autonomy
	AI pre-empting user reasoning reduces self-directed thought
	Respect for human autonomy
	Jobin et al. (2019); Deci & Ryan (2000)

	Transparency
	Users often unaware of the extent of AI influence on their cognition
	Informed consent
	Jobin et al. (2019); Shank & DeSanti (2018)

	Algorithmic bias
	AI reproduces and amplifies social biases in cognitive outputs
	Fairness and non-discrimination
	Caliskan et al. (2017); Ecker et al. (2022)

	Epistemic inequality
	Digital literacy gaps create disparate cognitive risk distribution
	Equity and access
	van Laar et al. (2019); Autor (2015)

	Attention commodification
	Engagement-maximising design incentivises epistemically low-effort content consumption
	Wellbeing over commercial gain
	Lazer et al. (2018); Eppler & Mengis (2004)

	AI design accountability
	Automation levels determine extent of complacency and oversight risk
	Human oversight and meaningful control
	Parasuraman & Manzey (2010); Seeber et al. (2020)

	Cognitive sovereignty
	Right to unmediated reasoning in high-stakes domains
	Non-manipulation; human dignity
	Jobin et al. (2019); Waytz et al. (2010)


Sources: Jobin et al. (2019); Deci and Ryan (2000); Shank and DeSanti (2018); Caliskan et al. (2017); Ecker et al. (2022); van Laar et al. (2019); Autor (2015); Lazer et al. (2018); Eppler and Mengis (2004); Parasuraman and Manzey (2010); Seeber et al. (2020); Waytz et al. (2010).

9. Conclusions
Taken as a whole, the evidence reviewed here resists any tidy verdict on AI-assisted cognitive offloading as either harmful or beneficial. The three theoretical frameworks at the centre of this review — cognitive load theory, the extended mind hypothesis, and transactive memory theory — together point toward a mixture of short-term gains and longer-term risks, and which side of that mixture dominates depends on the task being offloaded, the design of the AI system involved, the characteristics of the individual user, and the social and institutional setting in which all of this is happening.
The clearest finding to emerge across the literature is that cognitive offloading — to earlier digital technologies as much as to today's AI tools — consistently changes how the offloaded information gets encoded and consolidated internally. This is not a failure of cognition but a reasonable response to perceived external availability. The real difficulty arises when that availability is treated as permanent, reliable, and complete, when in fact AI systems are imperfect, can become unavailable, and can err in ways a user has no way of catching without some internal knowledge of their own to fall back on. Automation bias is a well-established risk on top of this, and one likely to grow as AI systems become more capable and present their outputs with greater confidence. The psychological mechanisms behind it — complacency, anthropomorphism, deference to apparent authority — do not go away simply because a person is aware they exist.
None of this, though, adds up to a case that AI assistance is simply bad for thinking. When AI tools take on routine work and leave the substantive cognitive demands of a task to the human — assisting rather than replacing — they can improve the quality of output, ease cognitive overload, and support analytical and creative work at a level that may genuinely exceed what a person would manage unaided. The conditions under which this holds are reasonably well specified by the frameworks reviewed here: the human has to stay cognitively engaged, metacognitive monitoring has to stay active, and the AI tool has to be built in a way that supports those conditions rather than working against them.
The clearest practical implication is that AI systems, educational curricula, and professional environments all need to be designed with an eye to protecting the human cognitive capacities that AI assistance could otherwise quietly erode. Educational AI should be built to add productive challenge, not remove it. Digital literacy and critical evaluation deserve to sit alongside content knowledge as a core educational outcome, not an afterthought. Professional AI systems need to preserve meaningful human oversight, especially in high-stakes settings. And AI design more broadly needs some form of regulatory check against engagement-maximising practices that treat attention capture as more important than epistemic quality. Ultimately, what human thinking looks like in the age of AI will be determined less by what these systems are capable of than by how thoughtfully societies choose to weave them into everyday cognitive life — and by how consistently the conditions for genuine, autonomous human reasoning are protected along the way.

10. Limitations
Several limitations of this review deserve to be stated plainly. The first is methodological: as a narrative rather than systematic review, the synthesis reflects judgement calls about which evidence carries the most weight, made by a single interpreting author. Given the breadth of the topic — spanning cognitive psychology, human factors, educational science, and AI ethics, among others — coverage of any one subdomain is necessarily less exhaustive than a systematic review focused on that subdomain alone would achieve.
Second, the empirical literature on contemporary generative AI specifically is still quite young. Much of the evidence drawn on here comes from earlier digital technologies — search engines, smartphones, calculators, navigation systems — that differ from today's large language models and AI assistants in ways that matter. Whether findings from those earlier contexts hold up for the more capable, conversationally interactive systems now in widespread use is genuinely uncertain, and closing that gap should be a priority for future research.
Third, most of the experimental work reviewed here used student or laboratory samples that may not represent the broader population of AI users well, particularly older adults, working professionals, and people with less education or digital literacy. Longitudinal research is also notably thin on the ground, which matters for establishing causal direction: a cross-sectional link between technology use and some cognitive outcome is suggestive, but it cannot rule out the possibility that people with a particular cognitive profile are simply more drawn to AI tools in the first place, rather than AI use producing that profile.
Fourth, this review draws almost entirely on English-language literature, which limits how far its conclusions can be generalised across cultures. The psychological and social consequences of AI-assisted offloading are plausibly shaped by cultural differences in attitudes toward technological authority, educational tradition, and how knowledge production is organised socially — none of which the reviewed literature captures particularly well.
Finally, AI is moving quickly enough that specific findings and recommendations here may need revisiting as capabilities, deployment contexts, and regulatory frameworks continue to shift. The theoretical frameworks used throughout this review — cognitive load theory, the extended mind hypothesis, and self-determination theory — should remain useful across successive generations of AI technology even as their specific applications are updated in light of new evidence.
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