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Abstract

A growing body of research has linked frequent AI chatbot use to reduced 
neural activation, diminished memory recall, lower critical thinking scores, 
and increased cognitive offloading. These findings have been widely 
interpreted—particularly in popular media and anti-AI discourse—as 
evidence that AI tools are causing cognitive decline. This paper presents a 
critical review of the key studies driving this narrative, including the MIT 
Media Lab EEG study (Kosmyna et al., 2025), the Microsoft 
Research/Carnegie Mellon survey of knowledge workers (Lee et al., 2025), 
the Gerlich cognitive offloading study (2025), and the Dergaa et al. AICICA 
theoretical framework (2024). I identify significant methodological 
limitations across these studies, including small sample sizes, absence of 
longitudinal data, correlational designs that cannot establish causation, and 
measurement instruments that conflate reduced effort on offloaded tasks 
with generalized cognitive impairment. Drawing on Clark and Chalmers’ 
Extended Mind Thesis (1998), Sparrow et al.’s “Google Effect” research 
(2011), and 2,400 years of recurring techno-cognitive panic dating to 
Socrates’ critique of writing in Plato’s Phaedrus, I propose an alternative 
framework: cognitive redistribution. Rather than diminishing human 
cognition, AI chatbots appear to be driving a reallocation of cognitive 
resources—away from tasks that can be effectively offloaded and toward 
higher-order functions such as evaluation, synthesis, strategic direction, 
and metacognitive oversight. This pattern is consistent with every prior 
cognitive technology transition in human history. I argue that what current 
studies are measuring is the atrophy phase of a cognitive transition, and 
that interpreting this phase as permanent decline reflects both 
methodological limitations and a failure to account for the well-documented 
human capacity for cognitive tool integration.
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1. Introduction

In 370 BCE, Plato recorded Socrates’ warning that the invention of writing 
would “implant forgetfulness in the learners’ souls” and produce people 
who would “appear wise, but not be so” (Plato, Phaedrus, 274c–277a). 
Twenty-four centuries later, a remarkably similar argument is being leveled 
against artificial intelligence chatbots. A small but widely publicized set of 
studies from 2024–2025 has linked AI chatbot use to reduced neural 
activation, impaired memory recall, diminished critical thinking, and 
increased cognitive offloading. These findings have been amplified by media 
coverage and adopted by critics of AI as evidence that large language 
models (LLMs) are, in effect, rotting the human brain.
This paper does not dispute the empirical observations reported in these 
studies. The data showing reduced EEG activation during AI-assisted tasks, 
negative correlations between AI usage frequency and critical thinking 
scores, and decreased memory recall for AI-assisted writing are legitimate 
findings that warrant serious attention. What I dispute is the interpretation
—specifically, the leap from “reduced cognitive engagement on offloaded 
tasks” to “cognitive decline.”

I contend that this interpretive leap commits two fundamental errors. First, 
it confuses task-specific cognitive offloading with generalized cognitive 
impairment—a distinction that existing study designs cannot adjudicate. 
Second, it ignores the extensive historical and theoretical literature on 
cognitive tool integration, which consistently demonstrates that apparent 
cognitive losses during technology transitions are accompanied by cognitive 
gains that the initial panic measurements fail to capture.

My alternative framework, which I term cognitive redistribution, 
proposes that AI chatbots are driving the same type of cognitive 
reallocation that has accompanied every major cognitive technology in 
human history—from writing to the printing press to calculators to search 
engines. In each case, specific cognitive capacities associated with the pre-
tool method of performing tasks have atrophied, while new capacities have 
emerged and higher-order cognitive functions have been freed for 
reallocation. The “decline” narrative captures only the atrophy phase and 
mistakes it for the whole story.
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2. The Studies Under Review

I examine four key studies and frameworks that constitute the primary 
evidential basis for claims of AI-induced cognitive decline.

2.1 The MIT Media Lab EEG Study (Kosmyna et al., 2025)

This pre-print study divided 54 participants into three groups—ChatGPT-
assisted, search engine-assisted, and unassisted—and monitored brain 
activity via electroencephalography (EEG) during essay-writing tasks. The 
ChatGPT group exhibited approximately 32% lower relevant cognitive load, 
brain connectivity nearly halved in alpha and theta wave bands, and over 
83% of participants were unable to recall passages from their own essays 
written minutes earlier. The researchers introduced the term “cognitive 
debt” to describe the phenomenon, suggesting that deferred mental effort 
in the short term produces long-term costs including “diminished critical 
inquiry, increased vulnerability to manipulation, and decreased creativity.”

2.2 The Microsoft Research / Carnegie Mellon Survey (Lee 
et al., 2025)

Published in the proceedings of CHI ’25, this study surveyed 319 knowledge 
workers who shared 936 real-world examples of generative AI use. The 
researchers found that higher confidence in AI was associated with less 
critical thinking, while higher self-confidence in one’s own abilities was 
associated with more critical thinking. The study characterized a shift in the 
nature of cognitive effort: from information gathering to information 
verification, from problem-solving to AI response integration, and from task 
execution to task stewardship. Notably, this characterization—particularly 
the shift from execution to stewardship—aligns more closely with a 
redistribution framework than a decline framework. The researchers 
observed cognitive effort changing in kind, not simply diminishing. 
However, the study’s framing and subsequent media coverage largely 
assimilated this finding into the broader “AI reduces critical thinking” 
narrative, obscuring the more nuanced picture their own data suggested.

2.3 The Gerlich Cognitive Offloading Study (2025)

Published in the journal Societies, this mixed-methods study surveyed 666 
participants in the United Kingdom and conducted semi-structured 
interviews with 50. The study reported a strong positive correlation 
between AI tool usage and cognitive offloading (r = +0.72) and a strong 
negative correlation between cognitive offloading and critical thinking 
scores (r = −0.75). Younger participants (ages 17–25) showed higher AI 
dependence and lower critical thinking scores than older cohorts.
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2.4 The AICICA Theoretical Framework (Dergaa et al., 
2024)

Published in Frontiers, this opinion paper proposed the concept of “AI 
Chatbot-Induced Cognitive Atrophy” (AICICA), drawing on Extended Mind 
Theory and parallels with problematic internet use. Notably, AICICA is a 
theoretical framework calling for future empirical research, not itself an 
empirical study, though it is frequently cited alongside empirical findings as 
if it were.

3. Methodological Critique

While I take these studies seriously as contributions to an emerging field, 
each contains significant methodological limitations that undermine the 
strong “cognitive decline” interpretation.

3.1 Small Samples and Pre-Print Status

The MIT study, which has generated the most alarming headlines, enrolled 
only 54 participants and remains a pre-print that has not undergone peer 
review. A sample of 18 participants per condition provides extremely limited 
statistical power and makes generalization to the broader population 
hazardous. The EEG findings, while suggestive, require replication with 
substantially larger and more diverse samples before any strong 
conclusions are warranted.

3.2 The Causation Problem

The Gerlich study reports compelling correlations but, as the author 
acknowledges, cannot establish causation. A negative correlation between 
AI usage frequency and critical thinking scores is equally consistent with at 
least three causal models: (a) AI use reduces critical thinking (the decline 
hypothesis); (b) individuals with lower critical thinking skills are more 
attracted to AI tools that do the cognitive work for them (the selection 
hypothesis); or (c) both AI usage and lower critical thinking scores are 
caused by a third variable, such as lower intrinsic motivation for effortful 
cognition (the confound hypothesis). Without longitudinal data establishing 
that critical thinking scores decrease after AI adoption—with baseline 
measurements taken before—the decline hypothesis remains just one of 
several equally plausible explanations.

3.3 Conflating Task-Specific Offloading with Generalized 
Impairment
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The MIT study’s most widely reported finding—that 83% of ChatGPT users 
could not recall passages from their essays—requires careful interpretation. 
Participants who used ChatGPT were, by design, not the primary authors of 
the content. The finding that they cannot recall text they did not compose is 
not evidence of cognitive decline; it is evidence that memory encoding is 
closely tied to effortful generation, a well-established principle in cognitive 
psychology known as the generation effect (Slamecka & Graf, 1978). This is 
analogous to observing that people remember directions they navigated 
themselves better than directions read to them by a GPS—a true finding 
that tells us nothing about whether GPS use is degrading hippocampal 
function.
Similarly, the finding that EEG activation is lower during AI-assisted tasks is 
being interpreted as “brain connectivity decline” when it may simply reflect 
the brain’s well-documented tendency to conserve energy when a task does 
not require full engagement—a feature, not a bug, of adaptive cognition. 
The brain routinely modulates its activation levels based on task demands 
(Raichle et al., 2001). Lower activation during offloaded tasks is precisely 
what an efficiently functioning brain should do.

3.4 Absence of Longitudinal Design

None of these studies track cognitive function over time. The MIT study 
measured participants across sessions within a single study period. The 
Gerlich and Microsoft studies are cross-sectional snapshots. To substantiate 
a claim of cognitive decline—a term that inherently implies change over 
time—longitudinal designs are essential. What these studies actually 
demonstrate is cognitive difference between groups or conditions at a single 
point in time. The rhetorical slide from “difference” to “decline” is 
scientifically unwarranted without temporal data.

3.5 Measurement Validity: What Is Being Measured?

The Microsoft/CMU study deserves a more granular treatment than the 
other studies reviewed here, because it is the most transparent about what 
it actually measured—and because its own findings, read carefully, contain 
the seeds of the redistribution argument I am making. The researchers 
documented a shift from information gathering to information verification, 
from problem-solving to response integration, from execution to 
stewardship. These are not descriptions of decline. They are descriptions of 
cognitive reallocation. The study’s limitation is not its data but its framing: 
by measuring self-reported perceptions of effort and finding that 
participants felt they were thinking less critically, it conflated reduced effort 
on offloaded tasks with reduced cognitive engagement overall. A pilot who 
trusts her autopilot system may report expending less effort on routine 
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flight management—but this says nothing about whether her piloting skills 
have degraded. It may, in fact, tell us that she is reallocating attention 
toward higher-order situational awareness.

4. The Historical Pattern: Cognitive Technologies 
and the Redistribution of Mental Labor

The anxiety surrounding AI chatbots and cognition is not new. It is one of 
the oldest recurring arguments in human intellectual history. Each major 
cognitive technology has triggered structurally identical fears, followed by 
structural cognitive adaptation.

4.1 Writing (circa 3200 BCE onwards)

Socrates’ critique in the Phaedrus is the canonical example. He argued that 
writing would produce people who are “hearers of many things” who 
“appear wise, but not be so,” because they would rely on external symbols 
rather than cultivating genuine internal understanding. He was, in a narrow 
sense, correct: the transition from oral to literate culture did lead to the 
decline of the extraordinary feats of memorization that characterized oral 
traditions. But the interpretation of this loss as net cognitive decline would 
be absurd. Writing enabled the accumulation and transmission of 
knowledge across generations, systematic logic, mathematical proof, 
codified law, and scientific methodology—including, ironically, the Phaedrus 
in which Socrates’ anti-writing argument was preserved in writing.

4.2 The Printing Press (1440 CE)

The same pattern repeated. Hieronimo Squarciafico warned that the 
printing press would cause an “abundance of books” that would make 
people “less studious.” Swiss biologist Conrad Gessner worried about the 
“confusing and harmful abundance of books.” The scholarly culture of 
meticulous hand-copying and deep engagement with individual texts did 
decline. But the printing press also catalyzed the Scientific Revolution, the 
Reformation, the Enlightenment, mass literacy, and the democratization of 
knowledge.

4.3 Calculators (1970s–1980s)

When electronic calculators became affordable, mathematics educators 
warned that they would destroy students’ ability to perform mental 
arithmetic. This prediction was technically correct—populations that grow 
up with calculators do show reduced facility with mental computation. But 
the freed cognitive resources were redirected toward conceptual 
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understanding, problem formulation, and the ability to tackle mathematical 
problems of a complexity that would have been impossible with mental 
arithmetic alone.

4.4 GPS Navigation (2000s)

Research has shown that heavy reliance on GPS is associated with reduced 
spatial memory and hippocampal activity related to navigation (Ishikawa, 
2019). This is a real and measurable effect. But the cognitive resources 
previously devoted to wayfinding are redirected toward other tasks—and 
the ability to navigate efficiently in unfamiliar environments without years 
of local knowledge has enormous practical and cognitive benefits.

4.5 Search Engines and the “Google Effect” (2011)

Sparrow, Liu, and Wegner’s landmark 2011 study in Science demonstrated 
that people who expect to have future access to information show lower 
recall rates for the information itself but enhanced recall for where to find 
it. This finding has been widely—and misleadingly—cited as evidence that 
Google is making us “forgetful.” But as Sparrow herself noted, this 
represents a reorganization of memory, not a deterioration. People were 
treating the internet as a form of transactive memory. The brain was not 
getting worse; it was getting strategic, encoding metadata rather than data. 
Crucially, the study found that people’s ability to learn information offline 
remained unchanged.
The pattern across all five examples is identical: a new cognitive technology 
offloads a specific cognitive task; the cognitive capacity associated with that 
task atrophies; observers measure the atrophy and declare cognitive 
decline; over time, the freed cognitive resources are redirected toward 
higher-order functions that the measurements of the transitional period 
failed to capture.

5. Theoretical Framework: The Extended Mind and 
Cognitive Tool Integration

5.1 The Extended Mind Thesis

Clark and Chalmers’ Extended Mind Thesis (1998) provides the most robust 
theoretical framework for understanding AI chatbot use without resorting to 
decline narratives. The thesis argues that the boundaries of cognition do not 
stop at the skull. When external artifacts are reliably available, 
automatically endorsed, readily accessible, and have been consciously 
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integrated into one’s cognitive routines, they become constitutive parts of 
the cognitive system—not mere aids to an exclusively internal process.
The classic thought experiment: Inga remembers from biological memory 
that a museum is on 53rd Street and walks there. Otto, who has 
Alzheimer’s, checks his ever-present notebook and does the same. Clark 
and Chalmers argue that Otto’s notebook serves the same functional role as 
Inga’s memory. The cognitive work is being done; it is simply distributed 
differently across the system.

AI chatbots represent a new category of cognitive extension—one that is far 
more interactive and generative than notebooks, calculators, or search 
engines. Unlike a static external memory store, an AI chatbot can engage in 
something resembling dialogue, generate novel content, synthesize across 
domains, and adapt its outputs in response to user direction. If a notebook 
can be a legitimate extension of mind, the case for AI chatbots as cognitive 
extensions is considerably stronger.

5.2 Transactive Memory Systems

The concept of transactive memory (Wegner, 1987) further supports the 
redistribution framework. Humans have always distributed cognitive labor 
across social networks—we remember who knows what rather than trying 
to know everything ourselves. AI chatbots are, in functional terms, new 
participants in our transactive memory networks. The fact that individuals 
offload certain cognitive tasks to AI does not mean their cognitive capacity 
has diminished—it means their cognitive system has expanded to include a 
new transactive partner.

5.3 Neuroplasticity and Cognitive Reallocation

The brain is not a static organ with fixed capacities that can only degrade. 
Decades of neuroplasticity research demonstrate that the brain 
continuously reallocates resources in response to environmental demands 
(Merzenich et al., 1984; Draganski et al., 2004). The EEG findings from the 
MIT study are entirely consistent with this reallocation model. Reduced 
theta and alpha connectivity during AI-assisted writing reflects reduced 
engagement with the specific task of prose generation. Without measuring 
what those freed neural resources are being redirected toward, the study 
cannot distinguish between cognitive decline and cognitive reallocation. 
And it makes no attempt to do so.

6. The Cognitive Redistribution Hypothesis
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I propose that what current studies are observing is best described as 
cognitive redistribution—a reallocation of cognitive resources away from 
tasks that can be effectively offloaded to AI and toward higher-order 
cognitive functions that cannot. Specifically, I hypothesize redistribution 
across four dimensions.
The most immediate shift is from generation to evaluation. When AI 
produces a first draft, the cognitive task does not disappear—it transforms. 
The user is no longer asking "what should I write?" but rather "is what was 
written accurate, complete, and aligned with my goals?" By Bloom's 
taxonomy, this evaluative work sits above the generative work it replaces. 
The effort feels different, and existing instruments may fail to register it as 
effort at all, but it is cognitively demanding in its own right.

A subtler shift involves what we might call orchestration—the metacognitive 
work of directing an AI system effectively. This includes formulating queries 
that elicit useful responses, decomposing complex problems into 
manageable sub-tasks, and integrating outputs across multiple exchanges. 
Anyone who has spent time working seriously with an AI chatbot knows that 
the quality of the output depends heavily on the quality of the direction. 
This skill has no direct precedent in pre-AI workflows. It is not retrieval, not 
composition, not delegation in the traditional managerial sense. It is 
something new, and we do not yet have good instruments for measuring it.

There is also a straightforward resource-freeing effect. When routine 
cognitive execution is offloaded, the resources previously consumed by that 
execution become available for strategic work—goal-setting, planning, and 
the kind of high-level problem formulation that AI cannot yet perform 
autonomously. This is the least controversial dimension of redistribution, as 
it mirrors the well-documented effects of every prior cognitive technology. 
Figure 1 illustrates this reallocation schematically. The left panel shows a 
simplified representation of cognitive resource allocation before AI 
integration, with substantial resources devoted to generation, recall, 
routine execution, and domain-specific information gathering. The right 
panel shows the hypothesized post-integration state: resources previously 
consumed by offloadable tasks are not lost but redirected toward 
evaluation, orchestration, strategic problem formulation, and cross-domain 
synthesis. The key insight is that existing studies measure only the left-to-
right decrease in the upper rows—the atrophy of offloaded capacities—
while remaining structurally blind to the left-to-right increase in the lower 
rows.
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Figure 1. Cognitive resource reallocation under AI integration.
Finally, AI chatbots enable a kind of cross-domain cognitive work that was 
previously impractical for most individuals. Engaging seriously with 
research across fields that would have required years of specialized training 
is now possible in an afternoon—not at the level of an expert, but at a level 
sufficient to draw connections, identify analogies, and generate hypotheses 
that disciplinary silos would otherwise prevent. This capacity represents a 
net cognitive gain that no current study has attempted to measure.

Differentiating Redistribution from Decline

If cognitive redistribution is the correct framework, it generates predictions 
that diverge sharply from the decline hypothesis—and these divergences 
are empirically testable.
The most direct test involves error detection. If redistribution is occurring, 
frequent AI users should become better over time at identifying errors, 
hallucinations, and logical gaps in AI-generated content, even as their 
unaided recall and first-draft generation performance declines. The decline 
hypothesis predicts the opposite: that both evaluative and generative 
capacities should erode together. A longitudinal study tracking these two 
measures in parallel would produce clearly distinguishable curves—
converging downward if decline is correct, diverging if redistribution is 
correct. This is not a subtle effect that requires large samples to detect. If 
someone who uses AI daily for six months cannot spot errors in AI output 
any better than they could on day one, the redistribution hypothesis has a 
serious problem.
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A second prediction concerns metacognitive monitoring during AI-assisted 
work. Experienced AI users—those who have had months to develop 
orchestration skills—should show increased prefrontal activation during 
evaluation and integration phases of AI-assisted tasks compared to novice 
users, even if their overall activation during generation phases is lower. The 
decline hypothesis predicts reduced activation across all phases of cognitive 
work, without differentiation. The MIT study’s EEG methodology could be 
adapted to test this directly: rather than measuring aggregate activation 
during the entire writing task, segment the task into generation, evaluation, 
and revision phases and measure each independently. I suspect the results 
would look quite different from the headline finding of blanket cognitive 
disengagement.

A third prediction is more speculative but potentially more consequential. If 
AI use is genuinely redistributing cognitive resources toward higher-order 
functions, heavy AI users should demonstrate improved ability to formulate 
problems that span multiple domains—connecting insights from psychology 
to economics, or from biology to organizational design—compared to 
matched non-users. This is the cross-domain synthesis capacity described 
above, and it is the hardest to measure because we lack established 
instruments for it. But the prediction is clear: decline says AI users get 
worse at everything cognitive; redistribution says they get worse at some 
things and better at others. Any study that measures only the “worse” side 
and declares the case closed is not testing between the hypotheses—it is 
assuming the answer.

7. What the Studies Missed

The most significant limitation of the existing literature is not what it 
measured, but what it failed to measure. None of the studies under review 
assess what happens to the cognitive resources that are freed when tasks 
are offloaded to AI. This omission creates a systematic bias toward 
detecting losses while being structurally blind to gains.
Consider an analogy. If researchers in the 1980s had measured only mental 
arithmetic ability among students who used calculators, they would have 
found clear evidence of “cognitive decline.” And that finding would have 
been technically accurate but profoundly misleading, because it would have 
missed the concurrent gains in conceptual mathematical reasoning and the 
ability to tackle problems of previously intractable complexity.
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The current AI studies commit exactly this error. They measure recall of AI-
assisted writing (a task offloaded by design), EEG activation during 
offloaded tasks (expected to decrease), and critical thinking engagement 
during tasks people have chosen to delegate (naturally reduced for 
delegated tasks). They do not measure improvements in evaluation quality, 
strategic thinking, cross-domain synthesis, metacognitive orchestration, or 
any of the higher-order cognitive functions that the redistribution 
hypothesis predicts should improve.

8. Addressing Legitimate Concerns

The cognitive redistribution hypothesis does not imply that all AI use is 
benign or that no risks exist. I acknowledge several legitimate concerns.
Passive consumption risk - There is a meaningful distinction between active 
AI use (directing, evaluating, integrating) and passive AI use (accepting 
outputs uncritically). The redistribution hypothesis applies primarily to 
active use, and I want to be honest about what happens when use is 
passive: nothing redistributes. The cognitive resources freed by offloading 
do not automatically flow toward higher-order functions. They can just as 
easily dissipate into intellectual passivity—a pattern worth naming as 
maladaptive redistribution, in which the freed capacity is neither reinvested 
in evaluation and orchestration nor maintained in its original form. It simply 
evaporates. This is not a minor caveat to the redistribution framework. It is 
a boundary condition. The difference between adaptive and maladaptive 
redistribution may hinge on a single variable: whether the user is actively 
directing the AI or passively consuming its outputs. A user who accepts 
ChatGPT’s first draft without reading it critically is not redistributing 
cognitive effort—they are abandoning it. The redistribution hypothesis 
predicts cognitive gains only for users who engage the evaluative and 
orchestral capacities that offloading makes room for. For everyone else, the 
decline hypothesis may be closer to the truth. This means the practical 
question is not “does AI cause cognitive decline?” but “under what 
conditions does AI use lead to adaptive versus maladaptive 
redistribution?”—a question that none of the studies under review are 
designed to answer.

Developmental timing - There is reason for particular caution regarding AI 
use among children and adolescents whose cognitive capacities are still 
developing. The generation effect may be especially important during 
developmental periods when foundational cognitive skills are being 
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established. But I want to push this concern further than the usual hand-
wringing, because the instinct that AI may be qualitatively different from 
prior cognitive tools deserves serious engagement. Calculators do not talk 
back. Search engines do not compose arguments. GPS does not explain its 
routing decisions in fluent natural language. AI chatbots do all of these 
things, and this dialogic, generative quality creates a risk that prior tools 
did not: the capacity to simulate the appearance of understanding in the 
user without the user having developed that understanding themselves. A 
student who uses a calculator still needs to know what calculation to 
perform and whether the answer is reasonable. A student who asks 
ChatGPT to explain the causes of the French Revolution and receives a 
fluent, well-structured response may come away feeling that they 
understand the topic—when what they actually have is a memory of having 
read something convincing. The feeling of comprehension and the fact of 
comprehension are not the same thing, and AI is uniquely good at 
producing the former without requiring the latter. This does not invalidate 
the redistribution framework, but it does suggest that the timeline for 
redistribution may be longer and more fragile for developing minds, and 
that the risk of maladaptive redistribution is highest precisely where the 
foundational skills being offloaded have not yet been established.

Skill floor effects - Cognitive redistribution assumes a base level of cognitive 
capability from which to redistribute. If AI use prevents certain foundational 
skills from ever being developed—rather than merely offloading skills that 
were already established—the dynamics may differ. This concern is most 
relevant in educational contexts.

Individual variation - The Microsoft/CMU study’s finding that self-
confidence correlates with continued critical thinking during AI use 
suggests that the effects of AI on cognition are heavily modulated by 
individual disposition. Understanding the factors that predict active versus 
passive AI use is essential for designing interventions.

9. Implications and Future Research Directions

Study design. Future research must adopt longitudinal designs that track 
cognitive function across multiple dimensions—not just the offloaded task—
before, during, and after AI integration. Studies should measure higher-
order cognitive functions alongside the lower-order functions that offloading 
is expected to reduce.
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I want to be more specific about what such a study would look like, because 
the field does not need another paper calling for “future longitudinal 
research” in the abstract and leaving it at that.

The study I have in mind would recruit approximately 200 knowledge 
workers—people whose daily work involves writing, analysis, and decision-
making—at the point of AI adoption, before they have integrated chatbots 
into their workflows. Half would be assigned to an AI-integrated condition 
with structured onboarding and daily access to an AI assistant for work 
tasks. The other half would continue working without AI tools for the 
duration of the study. Both groups would be assessed at baseline, three 
months, six months, and twelve months on two parallel batteries of 
cognitive measures.

The first battery captures what existing studies already measure—the 
decline-sensitive variables. This includes unaided recall for recently 
processed information, unaided first-draft writing quality scored by blinded 
raters, standardized critical thinking scores using an instrument like the 
Halpern Critical Thinking Assessment, and mental arithmetic or other 
routine cognitive execution tasks. Based on existing findings, I would expect 
the AI-integrated group to show modest declines on several of these 
measures relative to the control group, particularly for recall and first-draft 
generation. If they do not, the decline hypothesis has no foundation and the 
debate is moot.

The second battery is what no existing study has attempted—the 
redistribution-sensitive variables. This includes four tasks designed to 
measure the cognitive capacities that the redistribution hypothesis predicts 
should improve. First, an error detection task: participants review AI-
generated reports containing planted factual errors, logical inconsistencies, 
and subtle hallucinations, scored for detection rate and speed. Second, an 
orchestration task: participants are given a complex, multi-step problem 
and access to an AI chatbot, scored not on the quality of the AI’s output but 
on the quality of the participant’s queries, their decomposition strategy, and 
how effectively they integrate partial outputs into a coherent solution. 
Third, a cross-domain synthesis task: participants receive briefing 
documents from two unrelated fields—say, epidemiology and supply chain 
logistics—and are asked to identify structural analogies and generate 
hypotheses that connect them, scored by domain experts for novelty and 
plausibility. Fourth, an evaluation calibration task: participants rate the 
quality of several AI-generated outputs on a rubric, and their ratings are 
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compared against expert consensus to measure evaluative accuracy and 
confidence calibration.

The prediction is straightforward. If cognitive redistribution is occurring, 
the AI-integrated group should show declining scores on the first battery 
and improving scores on the second battery over the twelve-month period, 
with the divergence widening at each measurement point. If cognitive 
decline is occurring, both batteries should trend downward together. If 
neither hypothesis holds—if AI use has no systematic cognitive effects in 
either direction—both batteries should remain flat. These are cleanly 
distinguishable outcomes, and the study would resolve the current debate 
with far more precision than any number of additional cross-sectional 
surveys.

Two design choices deserve emphasis. The orchestration task has no pre-AI 
baseline equivalent, because the skill it measures did not exist before AI 
tools. This means we cannot measure decline in orchestration—only growth 
or stagnation. This is appropriate, because orchestration is a novel cognitive 
capacity created by the technology, and assessing whether it develops over 
time is precisely the point. The error detection task, by contrast, does have 
a natural baseline: people can detect errors in human-generated text before 
they ever encounter AI. Comparing error detection trajectories for AI-
generated versus human-generated content within the same participants 
would reveal whether AI users develop a specialized evaluative capacity or 
a general one.

Measurement instruments. Existing instruments like the Halpern Critical 
Thinking Assessment were not designed for an era of human-AI cognitive 
partnerships. New assessment frameworks are needed that can evaluate the 
quality of human cognition within human-AI systems—including the ability 
to formulate effective queries, evaluate AI outputs, detect errors and biases, 
and direct complex multi-step cognitive workflows.

Educational implications. Rather than restricting AI use in educational 
settings based on the assumption that offloading equals decline, educators 
should focus on developing “AI literacy”—the metacognitive skills required 
to use AI tools as effective cognitive partners rather than passive 
substitutes.

Public discourse. The media framing of these studies as evidence that “AI 
is making us dumber” is irresponsible and historically illiterate. Public 
communication about AI and cognition should be informed by the full 
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historical context of cognitive technology transitions, not just the most 
alarming possible interpretation of preliminary findings.

10. Conclusion

Socrates was right that writing would change how humans remember. He 
was profoundly wrong that this change represented cognitive decline. The 
same pattern has repeated with every major cognitive technology since: 
genuine changes in specific cognitive capacities are misinterpreted as 
generalized deterioration because the measurements are taken during the 
transition, before the redistributed cognitive gains become apparent.
The current studies linking AI chatbot use to “cognitive decline” are 
measuring real phenomena—reduced neural activation on offloaded tasks, 
lower recall for AI-generated content, decreased self-reported critical 
thinking effort during AI-assisted work. But interpreting these findings as 
evidence of brain rot requires ignoring the methodological limitations of the 
studies, the theoretical frameworks that predict exactly these patterns as 
part of healthy cognitive tool integration, and 2,400 years of evidence that 
humanity has not only survived but cognitively thrived through every 
previous round of this same panic.

What we are likely witnessing is not the decline of human cognition but its 
latest redistribution—a reallocation of cognitive resources from tasks that 
AI can effectively handle toward higher-order functions that remain 
distinctly and irreducibly human. The challenge is not to resist this 
redistribution but to guide it: ensuring that the cognitive resources freed by 
AI offloading are invested in genuine cognitive growth rather than allowed 
to sit idle. That is a question of education, practice, and intentional tool use
—not a reason to reject the most powerful cognitive technology since 
writing itself.

Author Note

The author used Claude (Anthropic) as an AI-assisted tool during the 
preparation of this manuscript. AI tools were used to support literature 
search, prose drafting, and editorial refinement. The central hypothesis, 
research agenda, theoretical framework, argumentative structure, and all 
interpretive claims are the sole intellectual contribution of the human 
author, who assumes full responsibility for the content of this paper.
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