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1. Introduction

I n early 2023, a senior academic administrator at a research-
intensive university declared during a faculty meeting that their
institution no longer needed to hire “expensive Al consultants”
because “everyone has ChatGPT now.” The statement was met with
murmurs of agreement from some quarters and visible discomfort
from others, particularly from the computer science faculty who
had spent decades building the expertise now apparently rendered
obsolete by a tool anyone could access for twenty dollars a month.
This moment, unremarkable in its particulars, because it has been
repeated in countless variations across universities, hospitals, law
firms, and corporations, captures the phenomenon this paper seeks
to name and interrogate.

The diffusion of generative artificial intelligence (GenAlI) tools
has occurred at an unprecedented pace in the history of technologi-
cal adoption. Within eighteen months of ChatGPT's public release,
knowledge workers across sectors had integrated large language
models into their daily workflows (Dwivedi et al., 2023). This dif-
fusion has produced a curious and underexamined phenomenon:
individuals with no formal training in artificial intelligence now
routinely describe themselves, and are described by others, as "Al
experts” based solely on their proficiency in using AI but not nec-
essarily classified as Al experts. The academic administrator who
believes that their institution's Al needs are solved by ChatGPT
access is not lying. They genuinely believe that they understand
something that they do not necessarily understand. This belief,
multiplied across thousands of institutions and millions of knowl-

edge workers, constitutes something more consequential than
individual error. It represents an emerging category crisis in what
it means to be an Al-related expert.

This position paper comprises four sections. First, I establish
a conceptual distinction between possessing Al literacy and
being an AI expert, drawing on established frameworks that
reveal why functional proficiency cannot substitute for genuine
understanding. Second, I argue that GenAl introduces a distinctive
form of identity threat that existing identity work scholarship
has not adequately theorized. Third, I draw insights the central
paradox from the few empirical studies that Gen AI compresses the
measurable expertise gap while creating conditions under which
users cannot recognize when their expertise is failing. Finally, I
articulate the implications for higher education and professional
practice and offer tentative solutions, arguing that unless we
develop a more precise vocabulary for distinguishing use from
understanding, we will continue to build consequential decisions
on the foundations of simulated expertise.

2. “Al Literacy” Versus “Al Expert”

The Al literacy literature provides a necessary starting point for
distinguishing tool use from genuine understanding. Long and
Magerko (2020) defined Al literacy as a set of competencies that
enables individuals to critically evaluate, communicate with, and
effectively use AI technologies. Their framework encompasses
knowing what Al is, understanding how it works, recognizing
when and where it should be deployed, and grasping its ethical
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implications. Critically, operating an Al interface (i.e., typing a
prompt into ChatGPT or any other Al tool), fulfills only a fraction
of these competencies. A user who can obtain useful outputs from
GenAlI has achieved what Ng et al. (2021) term “functional use”,
but not necessarily achieved ”conceptual understanding.” This
distinction is not pedantic. It is the difference between knowing
that a prompt produces a certain output and knowing why the
output is structured as it is, what the model's architecture enables
and constrains, where the training data originated from, and under
what conditions the output is likely to be unreliable.

This distinction becomes sharper when examined through the
lens of expertise theory. Dreyfus and Dreyfus (1986) proposed that
expertise develops through five stages (novice, advanced beginner,
competent, proficient, and expert) and that genuine expertise
cannot be reduced to rule-following or tool operation. Novices
follow context-free rules. Experts perceive situations holistically
and respond with tacit, embodied judgments that cannot be fully
articulated. When a novice uses GenAl to produce expert-seeming
output, they have not traversed these five stages. They have
borrowed or acquired the appearance of their destination without
undertaking the journey. The output may be indistinguishable
from expert work, but the capacity that matters most (knowing
when the output is wrong, understanding why it is wrong, and
deciding what to do about it) never develops, because it is never
exercised. The hallmarks of genuine expertise therefore remain
absent even when the product looks expert.

To paint a distinctive picture, Collins and Evans (2007) offer fur-
ther precision by distinguishing between ”contributory expertise”
(the ability to perform a practice) and interactional expertise” (the
ability to talk meaningfully about a practice without being able to
perform it). GenAl users occupy an ambiguous position relative
to this typology. They can produce outputs that resemble like the
work of a contributory expert, yet lack the embodied judgment
that undergirds genuine contributory expertise. They can talk
about the outputs - "I asked ChatGPT to analyze this dataset and
it identified three key trends” - but this talk is not interactional
expertise in Collins and Evans (2007) sense, because it does not
demonstrate deep understanding of the specific field’s context.
Rather, something I call simulated contributory expertise: the abil-
ity to generate the outputs of a practice without the embodied
judgment that ordinarily produces them. The simulation is not
fraudulent. The user genuinely believes they understand because
the tool's fluency creates what Bender et al. (2021) term an "illusion
of meaning.” The statistical pattern-matching that produces fluent
text is mistaken for comprehension, both in the machine and the
user.

One might object that this is nothing new. Calculators, spell-
checkers, and statistical packages such as SPSS have long let users
produce competent outputs without the underlying mathematical
or statistical knowledge - a form of cognitive offloading that
predates GenAl by decades (Risko & Gilbert, 2016). The objection
deserves a direct answer, and the answer is that it misidentifies
what is offloaded. Earlier tools automated bounded, rule-governed
sub-tasks within closed domains: a calculator returns a determi-
nate answer the user can in principle verify, and SPSS executes
a procedure the user has already selected. The interpretive layer
(deciding which test to run, judging whether a result is plausible,
determining what it means) stayed with the user.

GenAl differs in three respects. First, it does not automate a
sub-task but simulates the judgment-bearing output itself: the
argument, the synthesis, the analysis that constitutes the practice.
Second, it operates in open-ended domains where no determinate
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correct answer exists for the non-expert to check against. Third,
it delivers that output in fluent, confident prose that imitates the
surface signature of understanding, so the very cue that once
flagged incompetence - inability to produce expert-looking work -
is removed. The novelty is not offloading. It is that the offloaded
layer is the one that constitutes expertise, and that the tool conceals
the offload from the user.

To further highlight why AI literacy and Al experts are not
the same, the Dunning-Kruger effect (Kruger & Dunning, 1999)
provides the final piece of this theoretical architecture. Individuals
with the least competence in a specific field’s context are most
likely to overestimate their expertise. GenAl amplifies this effect
by providing fluent and confident outputs that mask the user's
underlying lack of understanding. The tool makes the user feel
competent because its outputs appear competent. The metacogni-
tive deficit that would ordinarily signal incompetence (the inability
to produce work that meets expert standards) is short-circuited
by the tool's capacity to produce such work. The user receives
positive feedback on their GenAI-augmented outputs and reason-
ably concludes that they are developing genuine expertise in the
process. They are not. They are developing proficiency in a tool
whose outputs they cannot evaluate reliably.

To concur, Floridi and Chiriatti (2020) put the matter starkly:
GPT-3 produces text without understanding. Its outputs are
syntactically impressive but semantically hollow. Confusing its
output with intelligence is a categorical error. I extend this insight
by arguing that confusing one's ability to produce such outputs
with one's own Al expertise is the same category error, displaced
onto the self. Users attribute to themselves a competence that
properly belongs to the tool, and more precisely, to the tool's
developers and the vast corpus of human-generated text on which
it was trained.

3. The Professional Identity Crisis Nobody Is
Talking About

Professional identity is not a stable attribute but rather a discursive
accomplishment. Alvesson and Willmott (2002) established that
individuals construct and maintain professional selves through
ongoing identity work from formation, repair, and revision of
self-narratives in organizational life (Svenningsson & Alvesson,
2003). This identity work is constrained by organizational identity
regulation, the discourses and practices through which institutions
shape what counts as a legitimate professional self. For academics,
this regulation operates through peer review, promotion crite-
ria, citation metrics, and the informal prestige economy of a
disciplinary reputation. For knowledge workers more broadly, it
operates through job descriptions, performance evaluations, and
tacit recognition of who "knows and does things” and who does
not.

Technological disruptions have long been recognized as triggers
of intensified identity work. Ibarra (1999) demonstrated that
professionals construct “provisional selves” during role transitions,
experimenting with possible identities before committing to one.
Pratt et al. (2006) showed that professional identity construction
involves cycles of violation and patching when work experiences
fail to match self-concept. Identity work is mobilized to repair the
breach when what one does diverges from who one understands
oneself to be. Lamb and Davidson (2005) extended this framework
to information technology, showing that IT artifacts do not
simply augment professional identity; they actively reconfigure it,
sometimes in ways users do not recognize. Beane (2019) provided
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the most proximate precedent: when robotic surgery automated
aspects of surgical skill, surgical trainees engaged in “shadow
learning” (i.e.., finding unofficial ways to develop competence
that the formal system no longer supported) to maintain their
identities as competent future surgeons.

Beyond earlier technology disruptions in 1990s and 2000s,
recently, a substantial body of scholarship has already examined
how professionals renegotiate autonomy and identity under
algorithmic systems. Kellogg et al. (2020) characterize algorithms
as a new contested terrain of control at work; Pachidi et al. (2021)
show how an analytics-based “regime of knowing” reconfigured
whose expertise counted in a sales organization; and Waardenburg
etal. (2022) trace how predictive-policing algorithms spawned new
brokering roles that reshaped professional knowledge claims. This
work establishes that algorithmic systems do not merely augment
work - they redistribute the authority to know. GenAI, however,
introduces a distinctive form of identity threat that this literature
does not fully capture.

The systems the existing studies examine typically classify, score,
or recommend, and professionals experience them as an external
“other” to be resisted, brokered, or worked around. GenAl instead
produces the professional’'s own signature output in the first person.
Where earlier algorithmic systems provoked inter-occupational
contests over whose judgment counts, GenAl provokes an intra-
personal one: not "who owns this jurisdiction” but "was my
expertise ever real?” The threat is not that an algorithm decides in
the professional's place, but that it composes in the professional'’s
voice.

Unlike robotic surgery, which visibly automates physical skills,
GenAl automates cognitive outputs. The tool produces work that
professionals could produce, but faster and often at better quality.
The boundary between “what I made” and "what the tool made”
becomes porous. For academics who have built an identity around
being “the person who writes well” or “the person who synthesizes
complex literatures,” this porosity is existentially destabilizing.
Identity crisis is not primarily about being replaced, although that
fear is real. It is about becoming uncertain about whether one
was ever truly an expert in the first place. If a tool can do what I
spent years learning to do, was my expertise real, or was it merely
the slow, inefficient performance of what an algorithm now does
instantly?

This crisis operates at both the individual and collective levels.
At the individual level, knowledge workers experience what Pratt
etal. (2006) would recognize as identity violation: the work they are
doing, or that the tool is doing through them, no longer matches
their self-concept as experts. They may respond by defensively
asserting their unique human value (Al can't replicate true
creativity” or "Al lacks critical thinking”), by over-identifying with
the tool ("I'm an Al-powered researcher now”), or withdrawing
from specific fields’ contexts where the tool threatens their identity.
None of these responses addresses the underlying problem of
category confusion between using and understanding Al

At the collective level, the crisis is overwhelming. Abbott (1988)
theorized that professions maintain jurisdiction through abstract
knowledge systems. When tools democratize task performance,
jurisdictional boundaries are renegotiated. GenAl creates a situa-
tion where the abstract knowledge base of "AlI expertise” is itself
shifting rapidly (the technology changes faster than any individual
can master it), while the tool simultaneously democratizes the
task-performance dimension. Anyone can produce Al-augmented
outputs. The result is a jurisdictional chaos. Who is the Al expert”
at the university? A computer scientist who understands trans-

former architectures? An educational technologist who knows how
to effectively prompt for pedagogical scenarios? The administrator
who has read several articles about Al in higher education and now
speaks fluently about “the opportunities and challenges”? Each
has a claim, but the claims are incommensurable in nature. They
rest on different forms of knowledge, modes of demonstration,
and sources of legitimacy.

Not disputing that AT literacy cannot create new forms of Al-
related expertise, Barley (1996) showed that new technologies
can create new expert roles that reconfigure existing hierarchies.
However, Barley (1996) studied the moment when the technology
stabilized sufficiently for new roles to crystallize. GenAlI has not
stabilized, nor is it likely to do so in the foreseeable future. The
jurisdictional negotiations that Abbott described are occurring in
real time, but without the fixed reference points that previously
allowed professions to reach settlements. The category of “Al
expert” is being constructed, contested, and potentially dissolved
faster than the social processes that ordinarily regulate professional
identity can operate.

4. The Central Paradox

The emerging empirical literature on GenAlI's effects contains
a paradox that has not been adequately reconciled, and this
paradox is directly relevant to the professional identity crisis I
am describing.

Brynjolfsson et al. (2023) studied 5,179 customer support agents
using a GPT-based assistant and found that novice and low-
skill workers improved productivity by 34 percent, while high-
skill workers saw minimal gains. The Al effectively transferred
best practice patterns from experts to novices through the tool
itself. Based on this evidence, GenAl appears to compress the
expertise gap. Tool access functionally substitutes for experience
in structured, task-specific fields. If we infer from this finding,
academic administrators who believe that their institution no
longer needs Al consultants because everyone has ChatGPT have
empirical support for that position. The tool does, in measurable
ways, level the playing field between those with formal AI training
and those without.

Dell'Acqua et al. (2023) provided a counterpoint. Studying 758
consultants using GPT-4 on realistic tasks, they found that for
tasks within GPT-4's capability frontier, consultants improved by
40 percent. However, on tasks outside the frontier, those using Al
performed 23 percent worse than those who did not. Critically,
participants could not reliably distinguish frontier-inside tasks
from frontier-outside tasks. Tool access without judgment was
net-negative for boundary tasks.

These findings are not contradictory in the sense that one must
be wrong. They are contradictory in a deeper sense: they reveal that
GenAl simultaneously compresses the measurable expertise gap
and creates conditions under which users cannot recognize when
their expertise is failing. This is the ”jagged technological frontier”
(Dell'Acqua et al., 2023) mapped onto the Dunning-Kruger effect.
The tool makes novices better at tasks within its capabilities
while leaving them unable to perceive the boundaries of those
capabilities. The confidence derived from improved performance
on frontier-inside tasks bleeds into frontier-outside tasks, where it
is precisely what produces failures.

Consider the implications for academics who have begun to
identify as “AI expert” based on their GenAl proficiency. On
frontier-inside tasks (e.g., summarizing articles, generating discus-
sion questions, and drafting emails), their performance improves
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markedly. They receive positive reinforcement from colleagues
who are impressed by their fluency with new technology. Their
provisional identity as "someone who knows AI” is validated.
When asked to make consequential decisions about AI (whether to
adopt a particular tool that raises privacy concerns, how to evaluate
a vendor's claims about their Al tools’ capabilities, whether a
student's use of GenAl constitutes plagiarism or legitimate as-
sistance), they are operating on frontier-outside terrain without
recognizing it. And they cannot tell. The metacognitive skills that
would signal ”I don't know enough to make this judgment” have
been eroded by the tool's fluency on easier tasks.

This is not merely an individual issue. It scales. Organizations
that hire and promote based on Gen Al-augmented output rather
than demonstrated understanding of AI are building decision-
making structures on a foundation of simulated expertise. When
the jagged frontier is crossed, and it will be, the organization will
have no internal capacity to recognize or correct the failure. An
academic administrator who believes that their institution's AI
needs are solved will not perceive the moment when they are not.
They lack the conceptual understanding necessary to perceive it.
The tool that made them feel competent also made them incapable
of recognizing their incompetence.

5. Implications for Higher Education and Profes-
sional Practice

The confusion regarding the distinction between GenAl tool use
and AI expertise has immediate and pressing consequences for
higher education, both as a site of knowledge production and as
an institution that certifies expertise.

Consider first the implications for educators. Krammer (2023)
argued that AI's entry into management education demands
critical reflection on what it means for how and what we teach.
The same is true for other disciplines. Faculty members who lack
a conceptual understanding of AI are nonetheless being asked
to make consequential pedagogical decisions about it: should
students be permitted to use GenAl on assignments? If so, what are
the attribution requirements? How should curricula be redesigned
to account for AI's capabilities? Making these decisions well does
not require an instructor to build language models or master
transformer mathematics; that is developer-level expertise, and
demanding it of every humanities or social-science instructor
would be neither realistic nor necessary.

What it does require is critical conceptual literacy that comes
from genuine curiosity: a working grasp of what these systems
are, how they generate text, why they hallucinate, where their
training data come from, what biases and limits follow, and what
the pedagogical and ethical stakes are. Therefore, an educator
with only functional facility with GenAI - who can prompt
effectively but cannot reason about its limitations, failure modes,
or appropriate uses is not yet equipped to make these decisions,
even though the fluency of the tool can make them feel equipped.

This problem is compounded by institutional incentives. Uni-
versities are under pressure to demonstrate that they are "embrac-
ing AI” and preparing students for an Al-augmented workforce.
This pressure creates a demand for visible Al initiatives, such
as workshops on prompt engineering, Al literacy requirements
in curricula, and statements of Al strategy. Yet, the content of
these initiatives often reflects the same category confusion I have
described. Prompt engineering workshops teach functional use
without conceptual understanding of Al itself. Al literacy require-
ments are designed by committees whose members learned about
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Al from the same tools they are now teaching students to use. The
blind lead the blind, and both believe that they can see.

On a constructive criticism route, Selwyn (2022) warned that
Al in education is surrounded by hype that obscures its actual
pedagogical limitations, and that educators should resist techno-
solutionism. The warning is apt but insufficient. The problem is
not merely that educators may be overly optimistic about AI's
capabilities. The problem is that they cannot reliably distinguish
between warranted and unwarranted optimism because they
lack the conceptual framework to make the distinction. They
are operating on the jagged frontier without knowing where the
frontier lies.

Mollick and Mollick (2023) offered a more optimistic view,
arguing that Al can serve as an effective pedagogical partner when
thoughtfully integrated. I do not dispute this. But the key phrase
is “thoughtfully integrated.” Thoughtful integration requires two
forms of instructional expertise. The first is knowing what students
need to learn, how they learn it, and how a tool can support
rather than undermine that learning. Second is Al expertise which
includes knowing what the tool actually does, what it cannot do,
and when its use is inappropriate. The educator who possesses
the first form of expertise but not the second is not equipped
for thoughtful integration. They are equipped for unreflective
adoption, which is precisely what Selwyn (2022) warns against.

The implications extend beyond pedagogy to the institutional
certification of expertise itself. Higher education is in the business
of determining who knows what and certifying that knowledge
through degrees and credentials. Abbott's (1988) jurisdictional
theory reminds us that this certification function is not merely
administrative; it is the mechanism through which professions
maintain their social contract. When a university certifies that
someone has "Al expertise”, through a degree program, a certificate,
or simply by hiring them into a role that implies such expertise,
it is making a jurisdictional claim. It is telling the world that this
person can be trusted to make Al-related judgments.

What happens when the basis for that certification is functional
use rather than conceptual understanding? We are already seeing
the emergence of “Al certificates” and "Al credentials” that require
little more than demonstrated proficiency with GenAlI tools. These
credentials are not fraudulent in any straightforward sense. They
genuinely certify that the holder can use the tools effectively. Yet
they are misleading because they imply a broader competence
that the holder does not possess. The market for Al expertise is
being flooded with credentials that signal simulated contributory
expertise rather than the genuine AI expertise. Because those
issuing the credentials often share the same category confusion as
those receiving them, there is no gatekeeping function to maintain
the distinction.

This is not an argument against GenAl in education. The tools
are genuinely useful, and their productivity benefits are real and
well documented. The argument is against the category error that
treats tool proficiency as equivalent to specific field expertise.
This error is not merely semantic. It has consequences for who
gets hired, whose judgment is trusted in faculty meetings, and
how institutions allocate resources for Al initiatives. It also has
consequences for students who may graduate with credentials that
overstate their actual capabilities and find themselves unprepared
for the frontier-outside tasks they will encounter in professional
practice.
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5.1. What Can Be Done?

I offer two modest proposals, not as solutions but as starting points
for a more honest conversation.

First, institutions should explicitly distinguish between “Al
literacy” and “Al expertise” in their formal communications, job
descriptions, and credentialing practices. This distinction should
be operationalized: AI literacy means demonstrated ability to
use Al tools effectively for specified tasks. Al expertise means
demonstrated understanding of Alc fundamentals, including
model architectures, training processes, limitations, failure modes,
and ethical implications. The two are not mutually exclusive, one
can possess both, but they are not equivalent, and possession of
the first should not be mistaken for possession of the second. To
make this distinction usable rather than rhetorical, institutions can
adopt a three-tier model that ties each level to observable evidence
and to the decisions it licenses:

Table 1. Three-tier model from mere Al literacy to Al expertise

Tier What it is Evidence Decisions it
licenses

1. Mere Al Can prompt Completed tasks;  Using tools for
literacy effectively and a portfolio of individual and
(functional integrate outputs  outputs institutions’ own
use - first into a workflow work
step)
2. Critical AI Understands, at A written Setting course
literacy a conceptual critique of a policy, advising
(governance level, how tool’s limitations; on adoption,
literacy — models generate  a sample redesigning
second step) text, why they use/attribution curricula

fail, their data policy; a

and bias limits, reasoned

and the ethicsof  vendor-claim

use assessment
3. Al expertise ~ Understands Technical System design
(technical - architectures artifacts; audits; and technical
third step) and training; can  model assurance

build or audit

development

systems

The tiers are cumulative in credibility but not in prerequisite: a
historian or any educator can reach Tier 2 without Tier 3 (Table
1). This is to say that Al-expertise require iterative acts starting
from tier 1, just mere literacy to aid with functional use to tier
3 if necessary depending with the context. Operationalized, this
means a search or committee filling a role such as "Al-in-teaching
coordinator” should specify the tier and its evidence rather than
writing “Al experience required.” For a governance role, the posting
would require Tier 2 evidence - say, a two-page critique of a named
tool's failure modes and a draft classroom-use policy not a portfolio
of prompts, which demonstrates only Tier 1.

For non-technical departments, conceptual Al training need
not become a new course or add credits. A “module, not a major”
approach embeds a short unit - three sessions - into an existing
required methods, writing, or capstone course: one session on
how language models generate text and why they hallucinate;
one on evaluating reliability and provenance in the student's own
discipline; one on ethics and appropriate use. The assessment is
a single exercise in which students critique a GenAl-generated
artifact from their field. This delivers Tier 2 literacy without
expanding the credit load.

Second, institutions should cultivate epistemic humility around
Al The greater risk lies not with the person who admits they do

not understand Al It is the one who believes they understand
because they can use ChatGPT effectively. Creating organizational
cultures where saying “I don't know whether this Al-generated
output is reliable” is valued at least as highly as producing fluent
outputs is essential. This requires leadership modeling. Academic
administrators, in particular, must resist the temptation to present
themselves as AI experts based on tool proficiency. They must
model the distinction between use and understanding.

6. Conclusion

This positional paper has argued that the distinction between
using AI and understanding it is where an emerging crisis of
professional identity takes root. Individually, knowledge workers
confront the simulacrum of their own expertise; collectively,
the very category of “Al expert” dissolves into jurisdictional
chaos as anyone with prompt proficiency claims the mantle. The
empirical record confirms the paradox: AI compresses measurable
performance gaps while simultaneously rendering users unable to
perceive when their competence fails a jagged frontier with direct
consequences for how higher education certifies expertise and how
organizations allocate decision-making authority. Expertise has
always required not only knowing but being recognized as one who
knows. AI disrupts this recognition economy by democratizing the
performance while leaving the underlying knowledge untouched.
The path forward demands research into whether sustained
use breeds confidence or genuine competence, and restraint in
deploying the label Al expert” until we have better answers. The
tools are not the problem. The category error that mistakes their
fluency for our own understanding is. Recognizing the distance
between the appearance of expertise and its substance is the first
step toward a more honest engagement with what these tools can
and cannot do - and with what we can and cannot claim to know.
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# Introduction

In early 2023, a senior academic administrator at a research-intensive university declared during a faculty meeting that their institution no longer needed to hire "expensive AI consultants" because "everyone has ChatGPT now." The statement was met with murmurs of agreement from some quarters and visible discomfort from others, particularly from the computer science faculty who had spent decades building the expertise now apparently rendered obsolete by a tool anyone could access for twenty dollars a month. This moment, unremarkable in its particulars, because it has been repeated in countless variations across universities, hospitals, law firms, and corporations, captures the phenomenon this paper seeks to name and interrogate.

The diffusion of generative artificial intelligence (GenAI) tools has occurred at an unprecedented pace in the history of technological adoption. Within eighteen months of ChatGPT's public release, knowledge workers across sectors had integrated large language models into their daily workflows (Dwivedi et al., 2023). This diffusion has produced a curious and underexamined phenomenon: individuals with no formal training in artificial intelligence now routinely describe themselves, and are described by others, as "AI experts" based solely on their proficiency in using AI but not necessarily classified as AI experts. The academic administrator who believes that their institution's AI needs are solved by ChatGPT access is not lying. They genuinely believe that they understand something that they do not necessarily understand. This belief, multiplied across thousands of institutions and millions of knowledge workers, constitutes something more consequential than individual error. It represents an emerging category crisis in what it means to be an AI-related expert.

This position paper comprises four sections. First, I establish a conceptual distinction between possessing AI literacy and being an AI expert, drawing on established frameworks that reveal why functional proficiency cannot substitute for genuine understanding. Second, I argue that GenAI introduces a distinctive form of identity threat that existing identity work scholarship has not adequately theorized. Third, I draw insights the central paradox from the few empirical studies that Gen AI compresses the measurable expertise gap while creating conditions under which users cannot recognize when their expertise is failing. Finally, I articulate the implications for higher education and professional practice and offer tentative solutions, arguing that unless we develop a more precise vocabulary for distinguishing use from understanding, we will continue to build consequential decisions on the foundations of simulated expertise.

# “AI Literacy” Versus “AI Expert”

The AI literacy literature provides a necessary starting point for distinguishing tool use from genuine understanding. Long and Magerko (2020) defined AI literacy as a set of competencies that enables individuals to critically evaluate, communicate with, and effectively use AI technologies. Their framework encompasses knowing what AI is, understanding how it works, recognizing when and where it should be deployed, and grasping its ethical implications. Critically, operating an AI interface (i.e., typing a prompt into ChatGPT or any other AI tool), fulfills only a fraction of these competencies. A user who can obtain useful outputs from GenAI has achieved what Ng et al. (2021) term "functional use", but not necessarily achieved "*conceptual understanding*." This distinction is not pedantic. It is the difference between knowing that a prompt produces a certain output and knowing *why* the output is structured as it is, what the model's architecture enables and constrains, where the training data originated from, and under what conditions the output is likely to be unreliable.

This distinction becomes sharper when examined through the lens of expertise theory. Dreyfus and Dreyfus (1986) proposed that expertise develops through five stages (novice, advanced beginner, competent, proficient, and expert) and that genuine expertise *cannot* be reduced to rule-following or tool operation. Novices follow context-free rules. Experts perceive situations holistically and respond with tacit, embodied judgments that cannot be fully articulated. When a novice uses GenAI to produce expert-seeming output, they have not traversed these five stages. They have borrowed or acquired the appearance of their destination without undertaking the journey. The output may be indistinguishable from expert work, but the capacity that matters most (knowing when the output is wrong, understanding why it is wrong, and deciding what to do about it) never develops, because it is never exercised. The hallmarks of genuine expertise therefore remain absent even when the product looks expert.

To paint a distinctive picture, Collins and Evans (2007) offer further precision by distinguishing between "*contributory expertise*" (the ability to perform a practice) and "*interactional expertise*" (the ability to talk meaningfully about a practice without being able to perform it). GenAI users occupy an ambiguous position relative to this typology. They can produce outputs that resemble like the work of a contributory expert, yet lack the embodied judgment that undergirds genuine contributory expertise. They can talk about the outputs - "I asked ChatGPT to analyze this dataset and it identified three key trends" - but this talk is not interactional expertise in Collins and Evans (2007) sense, because it does not demonstrate deep understanding of the specific field’s context. Rather, something I call *simulated contributory expertise:* the ability to generate the outputs of a practice without the embodied judgment that ordinarily produces them. The simulation is not fraudulent. The user genuinely believes they understand because the tool's fluency creates what Bender et al. (2021) term an "illusion of meaning." The statistical pattern-matching that produces fluent text is mistaken for comprehension, both in the machine and the user.

One might object that this is nothing new. Calculators, spell-checkers, and statistical packages such as SPSS have long let users produce competent outputs without the underlying mathematical or statistical knowledge - a form of cognitive offloading that predates GenAI by decades (Risko & Gilbert, 2016). The objection deserves a direct answer, and the answer is that it misidentifies what is offloaded. Earlier tools automated bounded, rule-governed sub-tasks within closed domains: a calculator returns a determinate answer the user can in principle verify, and SPSS executes a procedure the user has already selected. The interpretive layer (deciding which test to run, judging whether a result is plausible, determining what it means) stayed with the user.

GenAI differs in three respects. First, it does not automate a sub-task but simulates the judgment-bearing output itself: the argument, the synthesis, the analysis that constitutes the practice. Second, it operates in open-ended domains where no determinate correct answer exists for the non-expert to check against. Third, it delivers that output in fluent, confident prose that imitates the surface signature of understanding, so the very cue that once flagged incompetence - inability to produce expert-looking work - is removed. The novelty is not offloading. It is that the offloaded layer is the one that constitutes expertise, and that the tool conceals the offload from the user.

To further highlight why AI literacy and AI experts are not the same, the Dunning-Kruger effect (Kruger & Dunning, 1999) provides the final piece of this theoretical architecture. Individuals with the least competence in a specific field’s context are most likely to overestimate their expertise. GenAI amplifies this effect by providing fluent and confident outputs that mask the user's underlying lack of understanding. The tool makes the user feel competent because its outputs appear competent. The metacognitive deficit that would ordinarily signal incompetence (the inability to produce work that meets expert standards) is short-circuited by the tool's capacity to produce such work. The user receives positive feedback on their GenAI-augmented outputs and reasonably concludes that they are developing genuine expertise in the process. They are not. They are developing proficiency in a tool whose outputs they cannot evaluate reliably.

To concur, Floridi and Chiriatti (2020) put the matter starkly: GPT-3 produces text without understanding. Its outputs are syntactically impressive but semantically hollow. Confusing its output with intelligence is a categorical error. I extend this insight by arguing that confusing one's ability to produce such outputs with one's own AI expertise is the same category error, displaced onto the self. Users attribute to themselves a competence that properly belongs to the tool, and more precisely, to the tool's developers and the vast corpus of human-generated text on which it was trained.

# The Professional Identity Crisis Nobody Is Talking About

Professional identity is not a stable attribute but rather a discursive accomplishment. Alvesson and Willmott (2002) established that individuals construct and maintain professional selves through ongoing identity work from formation, repair, and revision of self-narratives in organizational life (Svenningsson & Alvesson, 2003). This identity work is constrained by organizational identity regulation, the discourses and practices through which institutions shape what counts as a legitimate professional self. For academics, this regulation operates through peer review, promotion criteria, citation metrics, and the informal prestige economy of a disciplinary reputation. For knowledge workers more broadly, it operates through job descriptions, performance evaluations, and tacit recognition of who "knows and does things" and who does not.

Technological disruptions have long been recognized as triggers of intensified identity work. Ibarra (1999) demonstrated that professionals construct "provisional selves" during role transitions, experimenting with possible identities before committing to one. Pratt et al. (2006) showed that professional identity construction involves cycles of violation and patching when work experiences fail to match self-concept. Identity work is mobilized to repair the breach when what one does diverges from who one understands oneself to be. Lamb and Davidson (2005) extended this framework to information technology, showing that IT artifacts do not simply augment professional identity; they actively reconfigure it, sometimes in ways users do not recognize. Beane (2019) provided the most proximate precedent: when robotic surgery automated aspects of surgical skill, surgical trainees engaged in "shadow learning" (i.e.., finding unofficial ways to develop competence that the formal system no longer supported) to maintain their identities as competent future surgeons.

Beyond earlier technology disruptions in 1990s and 2000s, recently, a substantial body of scholarship has already examined how professionals renegotiate autonomy and identity under algorithmic systems. Kellogg et al. (2020) characterize algorithms as a new contested terrain of control at work; Pachidi et al. (2021) show how an analytics-based "regime of knowing" reconfigured whose expertise counted in a sales organization; and Waardenburg et al. (2022) trace how predictive-policing algorithms spawned new brokering roles that reshaped professional knowledge claims. This work establishes that algorithmic systems do not merely augment work - they redistribute the authority to know. GenAI, however, introduces a distinctive form of identity threat that this literature does not fully capture.

The systems the existing studies examine typically classify, score, or recommend, and professionals experience them as an external "other" to be resisted, brokered, or worked around. GenAI instead produces the professional's own signature output in the first person. Where earlier algorithmic systems provoked inter-occupational contests over whose judgment counts, GenAI provokes an intra-personal one: not "who owns this jurisdiction" but "was my expertise ever real?" The threat is not that an algorithm decides in the professional's place, but that it composes in the professional's voice.

Unlike robotic surgery, which visibly automates physical skills, GenAI automates cognitive outputs. The tool produces work that professionals could produce, but faster and often at better quality. The boundary between "what I made" and "what the tool made" becomes porous. For academics who have built an identity around being "the person who writes well" or "the person who synthesizes complex literatures," this porosity is existentially destabilizing. Identity crisis is not primarily about being replaced, although that fear is real. It is about becoming uncertain about whether one was ever truly an expert in the first place. If a tool can do what I spent years learning to do, was my expertise real, or was it merely the slow, inefficient performance of what an algorithm now does instantly?

This crisis operates at both the individual and collective levels. At the individual level, knowledge workers experience what Pratt et al. (2006) would recognize as identity violation: the work they are doing, or that the tool is doing through them, no longer matches their self-concept as experts. They may respond by defensively asserting their unique human value ("AI can't replicate true creativity" or "AI lacks critical thinking"), by over-identifying with the tool ("I'm an AI-powered researcher now"), or withdrawing from specific fields’ contexts where the tool threatens their identity. None of these responses addresses the underlying problem of category confusion between using and understanding AI.

At the collective level, the crisis is overwhelming. Abbott (1988) theorized that professions maintain jurisdiction through abstract knowledge systems. When tools democratize task performance, jurisdictional boundaries are renegotiated. GenAI creates a situation where the abstract knowledge base of "AI expertise" is itself shifting rapidly (the technology changes faster than any individual can master it), while the tool simultaneously democratizes the task-performance dimension. Anyone can produce AI-augmented outputs. The result is a jurisdictional chaos. Who is the "AI expert" at the university? A computer scientist who understands transformer architectures? An educational technologist who knows how to effectively prompt for pedagogical scenarios? The administrator who has read several articles about AI in higher education and now speaks fluently about "the opportunities and challenges"? Each has a claim, but the claims are incommensurable in nature. They rest on different forms of knowledge, modes of demonstration, and sources of legitimacy.

Not disputing that AI literacy cannot create new forms of AI-related expertise, Barley (1996) showed that new technologies can create new expert roles that reconfigure existing hierarchies. However, Barley (1996) studied the moment when the technology stabilized sufficiently for new roles to crystallize. GenAI has not stabilized, nor is it likely to do so in the foreseeable future. The jurisdictional negotiations that Abbott described are occurring in real time, but without the fixed reference points that previously allowed professions to reach settlements. The category of "AI expert" is being constructed, contested, and potentially dissolved faster than the social processes that ordinarily regulate professional identity can operate.

# The Central Paradox

The emerging empirical literature on GenAI's effects contains a paradox that has not been adequately reconciled, and this paradox is directly relevant to the professional identity crisis I am describing.

Brynjolfsson et al. (2023) studied 5,179 customer support agents using a GPT-based assistant and found that novice and low-skill workers improved productivity by 34 percent, while high-skill workers saw minimal gains. The AI effectively transferred best practice patterns from experts to novices through the tool itself. Based on this evidence, GenAI appears to compress the expertise gap. Tool access functionally substitutes for experience in structured, task-specific fields. If we infer from this finding, academic administrators who believe that their institution no longer needs AI consultants because everyone has ChatGPT have empirical support for that position. The tool does, in measurable ways, level the playing field between those with formal AI training and those without.

Dell'Acqua et al. (2023) provided a counterpoint. Studying 758 consultants using GPT-4 on realistic tasks, they found that for tasks within GPT-4's capability frontier, consultants improved by 40 percent. However, on tasks outside the frontier, those using AI performed 23 percent worse than those who did not. Critically, participants could not reliably distinguish frontier-inside tasks from frontier-outside tasks. Tool access without judgment was net-negative for boundary tasks.

These findings are not contradictory in the sense that one must be wrong. They are contradictory in a deeper sense: they reveal that GenAI simultaneously compresses the measurable expertise gap and creates conditions under which users cannot recognize when their expertise is failing. This is the "jagged technological frontier" (Dell'Acqua et al., 2023) mapped onto the Dunning-Kruger effect. The tool makes novices better at tasks within its capabilities while leaving them unable to perceive the boundaries of those capabilities. The confidence derived from improved performance on frontier-inside tasks bleeds into frontier-outside tasks, where it is precisely what produces failures.

Consider the implications for academics who have begun to identify as "AI expert" based on their GenAI proficiency. On frontier-inside tasks (e.g., summarizing articles, generating discussion questions, and drafting emails), their performance improves markedly. They receive positive reinforcement from colleagues who are impressed by their fluency with new technology. Their provisional identity as "someone who knows AI" is validated. When asked to make consequential decisions about AI (whether to adopt a particular tool that raises privacy concerns, how to evaluate a vendor's claims about their AI tools’ capabilities, whether a student's use of GenAI constitutes plagiarism or legitimate assistance), they are operating on frontier-outside terrain without recognizing it. And they cannot tell. The metacognitive skills that would signal "I don't know enough to make this judgment" have been eroded by the tool's fluency on easier tasks.

This is not merely an individual issue. It scales. Organizations that hire and promote based on Gen AI-augmented output rather than demonstrated understanding of AI are building decision-making structures on a foundation of simulated expertise. When the jagged frontier is crossed, and it will be, the organization will have no internal capacity to recognize or correct the failure. An academic administrator who believes that their institution's AI needs are solved will not perceive the moment when they are not. They lack the conceptual understanding necessary to perceive it. The tool that made them feel competent also made them incapable of recognizing their incompetence.

# Implications for Higher Education and Professional Practice

The confusion regarding the distinction between GenAI tool use and AI expertise has immediate and pressing consequences for higher education, both as a site of knowledge production and as an institution that certifies expertise.

Consider first the implications for educators. Krammer (2023) argued that AI's entry into management education demands critical reflection on what it means for how and what we teach. The same is true for other disciplines. Faculty members who lack a conceptual understanding of AI are nonetheless being asked to make consequential pedagogical decisions about it: should students be permitted to use GenAI on assignments? If so, what are the attribution requirements? How should curricula be redesigned to account for AI's capabilities? Making these decisions well does not require an instructor to build language models or master transformer mathematics; that is developer-level expertise, and demanding it of every humanities or social-science instructor would be neither realistic nor necessary.

What it does require is critical conceptual literacy that comes from genuine curiosity: a working grasp of what these systems are, how they generate text, why they hallucinate, where their training data come from, what biases and limits follow, and what the pedagogical and ethical stakes are. Therefore, an educator with only functional facility with GenAI - who can prompt effectively but cannot reason about its limitations, failure modes, or appropriate uses is not yet equipped to make these decisions, even though the fluency of the tool can make them feel equipped.

This problem is compounded by institutional incentives. Universities are under pressure to demonstrate that they are "embracing AI" and preparing students for an AI-augmented workforce. This pressure creates a demand for visible AI initiatives, such as workshops on prompt engineering, AI literacy requirements in curricula, and statements of AI strategy. Yet, the content of these initiatives often reflects the same category confusion I have described. Prompt engineering workshops teach functional use without conceptual understanding of AI itself. AI literacy requirements are designed by committees whose members learned about AI from the same tools they are now teaching students to use. The blind lead the blind, and both believe that they can see.

On a constructive criticism route, Selwyn (2022) warned that AI in education is surrounded by hype that obscures its actual pedagogical limitations, and that educators should resist techno-solutionism. The warning is apt but insufficient. The problem is not merely that educators may be overly optimistic about AI's capabilities. The problem is that they cannot reliably distinguish between warranted and unwarranted optimism because they lack the conceptual framework to make the distinction. They are operating on the jagged frontier without knowing where the frontier lies.

Mollick and Mollick (2023) offered a more optimistic view, arguing that AI can serve as an effective pedagogical partner when thoughtfully integrated. I do not dispute this. But the key phrase is "thoughtfully integrated." Thoughtful integration requires two forms of instructional expertise. The first is knowing what students need to learn, how they learn it, and how a tool can support rather than undermine that learning. Second is AI expertise which includes knowing what the tool actually does, what it cannot do, and when its use is inappropriate. The educator who possesses the first form of expertise but not the second is not equipped for thoughtful integration. They are equipped for unreflective adoption, which is precisely what Selwyn (2022) warns against.

The implications extend beyond pedagogy to the institutional certification of expertise itself. Higher education is in the business of determining who knows what and certifying that knowledge through degrees and credentials. Abbott's (1988) jurisdictional theory reminds us that this certification function is not merely administrative; it is the mechanism through which professions maintain their social contract. When a university certifies that someone has "AI expertise", through a degree program, a certificate, or simply by hiring them into a role that implies such expertise, it is making a jurisdictional claim. It is telling the world that this person can be trusted to make AI-related judgments.

What happens when the basis for that certification is functional use rather than conceptual understanding? We are already seeing the emergence of "AI certificates" and "AI credentials" that require little more than demonstrated proficiency with GenAI tools. These credentials are not fraudulent in any straightforward sense. They genuinely certify that the holder can use the tools effectively. Yet they are misleading because they imply a broader competence that the holder does not possess. The market for AI expertise is being flooded with credentials that signal simulated contributory expertise rather than the genuine AI expertise. Because those issuing the credentials often share the same category confusion as those receiving them, there is no gatekeeping function to maintain the distinction.

This is not an argument against GenAI in education. The tools are genuinely useful, and their productivity benefits are real and well documented. The argument is against the category error that treats tool proficiency as equivalent to specific field expertise. This error is not merely semantic. It has consequences for who gets hired, whose judgment is trusted in faculty meetings, and how institutions allocate resources for AI initiatives. It also has consequences for students who may graduate with credentials that overstate their actual capabilities and find themselves unprepared for the frontier-outside tasks they will encounter in professional practice.

## What Can Be Done?

I offer two modest proposals, not as solutions but as starting points for a more honest conversation.

First, institutions should explicitly distinguish between "AI literacy" and "AI expertise" in their formal communications, job descriptions, and credentialing practices. This distinction should be operationalized: AI literacy means demonstrated ability to use AI tools effectively for specified tasks. AI expertise means demonstrated understanding of AIc fundamentals, including model architectures, training processes, limitations, failure modes, and ethical implications. The two are not mutually exclusive, one can possess both, but they are not equivalent, and possession of the first should not be mistaken for possession of the second. To make this distinction usable rather than rhetorical, institutions can adopt a three-tier model that ties each level to observable evidence and to the decisions it licenses:

| Tier | What it is | Evidence | Decisions it licenses |
|:---|:---|:---|:---|
| . Mere AI literacy (functional use – first step) | Can prompt effectively and integrate outputs into a workflow | Completed tasks; a portfolio of outputs | Using tools for individual and institutions’ own work |
| . Critical AI literacy (governance literacy – second step) | Understands, at a conceptual level, how models generate text, why they fail, their data and bias limits, and the ethics of use | A written critique of a tool’s limitations; a sample use/attribution policy; a reasoned vendor-claim assessment | Setting course policy, advising on adoption, redesigning curricula |
| . AI expertise (technical – third step) | Understands architectures and training; can build or audit systems | Technical artifacts; audits; model development | System design and technical assurance |

Three-tier model from mere AI literacy to AI expertise

The tiers are cumulative in credibility but not in prerequisite: a historian or any educator can reach Tier 2 without Tier 3 (Table 1). This is to say that AI-expertise require iterative acts starting from tier 1, just mere literacy to aid with functional use to tier 3 if necessary depending with the context. Operationalized, this means a search or committee filling a role such as "AI-in-teaching coordinator" should specify the tier and its evidence rather than writing "AI experience required." For a governance role, the posting would require Tier 2 evidence - say, a two-page critique of a named tool's failure modes and a draft classroom-use policy not a portfolio of prompts, which demonstrates only Tier 1.

For non-technical departments, conceptual AI training need not become a new course or add credits. A "module, not a major" approach embeds a short unit - three sessions - into an existing required methods, writing, or capstone course: one session on how language models generate text and why they hallucinate; one on evaluating reliability and provenance in the student's own discipline; one on ethics and appropriate use. The assessment is a single exercise in which students critique a GenAI-generated artifact from their field. This delivers Tier 2 literacy without expanding the credit load.

Second, institutions should cultivate epistemic humility around AI. The greater risk lies not with the person who admits they do not understand AI. It is the one who believes they understand because they can use ChatGPT effectively. Creating organizational cultures where saying "I don't know whether this AI-generated output is reliable" is valued at least as highly as producing fluent outputs is essential. This requires leadership modeling. Academic administrators, in particular, must resist the temptation to present themselves as AI experts based on tool proficiency. They must model the distinction between use and understanding.

# Conclusion

This positional paper has argued that the distinction between using AI and understanding it is where an emerging crisis of professional identity takes root. Individually, knowledge workers confront the simulacrum of their own expertise; collectively, the very category of "AI expert" dissolves into jurisdictional chaos as anyone with prompt proficiency claims the mantle. The empirical record confirms the paradox: AI compresses measurable performance gaps while simultaneously rendering users unable to perceive when their competence fails a jagged frontier with direct consequences for how higher education certifies expertise and how organizations allocate decision-making authority. Expertise has always required not only knowing but being recognized as one who knows. AI disrupts this recognition economy by democratizing the performance while leaving the underlying knowledge untouched. The path forward demands research into whether sustained use breeds confidence or genuine competence, and restraint in deploying the label "AI expert" until we have better answers. The tools are not the problem. The category error that mistakes their fluency for our own understanding is. Recognizing the distance between the appearance of expertise and its substance is the first step toward a more honest engagement with what these tools can and cannot do - and with what we can and cannot claim to know.



     Global Journal of Human-Social Science  10.34257/GJHSSG258994 258994  Does Expertise Still Matter? Generative AI and the Crisis of Professional Identity   Dr. Lucy Michael Nyagoga lucynyagoga@gmail.com  03 08 2026  The rapid diffusion of generative artificial intelligence (GenAI) tools has opened unimagined avenues for disrupting higher education, enabling professionals, especially researchers, to produce expert-seeming outputs and claim “expert-level status” without formal training in artificial intelligence. Yet, despite its popularity, concerns about AI’s effects on labor and expertise have largely overlooked a deeper categorical crisis: the collapse of the distinction between AI tool proficiency and genuine AI expertise and the consequences this has for professional identity and institutional decision-making. This positional paper interrogates the boundary between AI use and AI expertise, arguing that access to a tool that simulates expert output creates conditions under which the distinction between literacy and expertise becomes nearly impossible to perceive. Drawing on AI literacy frameworks, expertise theory, and professional identity. The paper maps this crisis by introducing simulated contributory expertise as a construct to name this condition at both individual and collective levels. The paper raises pressing implications for how higher education certifies expertise, designs AI literacy curricula, and governs institutional decision-making in an era where the professional identity, AI expertise, and its substance have become difficult to pinpoint.  Artificial intelligence (AI) Generative artificial intelligence (GenAI) Professional identity AI literacy higher education   Introduction In early 2023, a senior academic administrator at a research-intensive university declared during a faculty meeting that their institution no longer needed to hire "expensive AI consultants" because "everyone has ChatGPT now." The statement was met with murmurs of agreement from some quarters and visible discomfort from others, particularly from the computer science faculty who had spent decades building the expertise now apparently rendered obsolete by a tool anyone could access for twenty dollars a month. This moment, unremarkable in its particulars, because it has been repeated in countless variations across universities, hospitals, law firms, and corporations, captures the phenomenon this paper seeks to name and interrogate. The diffusion of generative artificial intelligence (GenAI) tools has occurred at an unprecedented pace in the history of technological adoption. Within eighteen months of ChatGPT's public release, knowledge workers across sectors had integrated large language models into their daily workflows (Dwivedi et al., 2023). This diffusion has produced a curious and underexamined phenomenon: individuals with no formal training in artificial intelligence now routinely describe themselves, and are described by others, as "AI experts" based solely on their proficiency in using AI but not necessarily classified as AI experts. The academic administrator who believes that their institution's AI needs are solved by ChatGPT access is not lying. They genuinely believe that they understand something that they do not necessarily understand. This belief, multiplied across thousands of institutions and millions of knowledge workers, constitutes something more consequential than individual error. It represents an emerging category crisis in what it means to be an AI-related expert. This position paper comprises four sections. First, I establish a conceptual distinction between possessing AI literacy and being an AI expert, drawing on established frameworks that reveal why functional proficiency cannot substitute for genuine understanding. Second, I argue that GenAI introduces a distinctive form of identity threat that existing identity work scholarship has not adequately theorized. Third, I draw insights the central paradox from the few empirical studies that Gen AI compresses the measurable expertise gap while creating conditions under which users cannot recognize when their expertise is failing. Finally, I articulate the implications for higher education and professional practice and offer tentative solutions, arguing that unless we develop a more precise vocabulary for distinguishing use from understanding, we will continue to build consequential decisions on the foundations of simulated expertise.  “AI Literacy” Versus “AI Expert” The AI literacy literature provides a necessary starting point for distinguishing tool use from genuine understanding. Long and Magerko (2020) defined AI literacy as a set of competencies that enables individuals to critically evaluate, communicate with, and effectively use AI technologies. Their framework encompasses knowing what AI is, understanding how it works, recognizing when and where it should be deployed, and grasping its ethical implications. Critically, operating an AI interface (i.e., typing a prompt into ChatGPT or any other AI tool), fulfills only a fraction of these competencies. A user who can obtain useful outputs from GenAI has achieved what Ng et al. (2021) term "functional use", but not necessarily achieved "*conceptual understanding*." This distinction is not pedantic. It is the difference between knowing that a prompt produces a certain output and knowing *why* the output is structured as it is, what the model's architecture enables and constrains, where the training data originated from, and under what conditions the output is likely to be unreliable. This distinction becomes sharper when examined through the lens of expertise theory. Dreyfus and Dreyfus (1986) proposed that expertise develops through five stages (novice, advanced beginner, competent, proficient, and expert) and that genuine expertise *cannot* be reduced to rule-following or tool operation. Novices follow context-free rules. Experts perceive situations holistically and respond with tacit, embodied judgments that cannot be fully articulated. When a novice uses GenAI to produce expert-seeming output, they have not traversed these five stages. They have borrowed or acquired the appearance of their destination without undertaking the journey. The output may be indistinguishable from expert work, but the capacity that matters most (knowing when the output is wrong, understanding why it is wrong, and deciding what to do about it) never develops, because it is never exercised. The hallmarks of genuine expertise therefore remain absent even when the product looks expert. To paint a distinctive picture, Collins and Evans (2007) offer further precision by distinguishing between "*contributory expertise*" (the ability to perform a practice) and "*interactional expertise*" (the ability to talk meaningfully about a practice without being able to perform it). GenAI users occupy an ambiguous position relative to this typology. They can produce outputs that resemble like the work of a contributory expert, yet lack the embodied judgment that undergirds genuine contributory expertise. They can talk about the outputs - "I asked ChatGPT to analyze this dataset and it identified three key trends" - but this talk is not interactional expertise in Collins and Evans (2007) sense, because it does not demonstrate deep understanding of the specific field’s context. Rather, something I call *simulated contributory expertise:* the ability to generate the outputs of a practice without the embodied judgment that ordinarily produces them. The simulation is not fraudulent. The user genuinely believes they understand because the tool's fluency creates what Bender et al. (2021) term an "illusion of meaning." The statistical pattern-matching that produces fluent text is mistaken for comprehension, both in the machine and the user. One might object that this is nothing new. Calculators, spell-checkers, and statistical packages such as SPSS have long let users produce competent outputs without the underlying mathematical or statistical knowledge - a form of cognitive offloading that predates GenAI by decades (Risko & Gilbert, 2016). The objection deserves a direct answer, and the answer is that it misidentifies what is offloaded. Earlier tools automated bounded, rule-governed sub-tasks within closed domains: a calculator returns a determinate answer the user can in principle verify, and SPSS executes a procedure the user has already selected. The interpretive layer (deciding which test to run, judging whether a result is plausible, determining what it means) stayed with the user. GenAI differs in three respects. First, it does not automate a sub-task but simulates the judgment-bearing output itself: the argument, the synthesis, the analysis that constitutes the practice. Second, it operates in open-ended domains where no determinate correct answer exists for the non-expert to check against. Third, it delivers that output in fluent, confident prose that imitates the surface signature of understanding, so the very cue that once flagged incompetence - inability to produce expert-looking work - is removed. The novelty is not offloading. It is that the offloaded layer is the one that constitutes expertise, and that the tool conceals the offload from the user. To further highlight why AI literacy and AI experts are not the same, the Dunning-Kruger effect (Kruger & Dunning, 1999) provides the final piece of this theoretical architecture. Individuals with the least competence in a specific field’s context are most likely to overestimate their expertise. GenAI amplifies this effect by providing fluent and confident outputs that mask the user's underlying lack of understanding. The tool makes the user feel competent because its outputs appear competent. The metacognitive deficit that would ordinarily signal incompetence (the inability to produce work that meets expert standards) is short-circuited by the tool's capacity to produce such work. The user receives positive feedback on their GenAI-augmented outputs and reasonably concludes that they are developing genuine expertise in the process. They are not. They are developing proficiency in a tool whose outputs they cannot evaluate reliably. To concur, Floridi and Chiriatti (2020) put the matter starkly: GPT-3 produces text without understanding. Its outputs are syntactically impressive but semantically hollow. Confusing its output with intelligence is a categorical error. I extend this insight by arguing that confusing one's ability to produce such outputs with one's own AI expertise is the same category error, displaced onto the self. Users attribute to themselves a competence that properly belongs to the tool, and more precisely, to the tool's developers and the vast corpus of human-generated text on which it was trained.  The Professional Identity Crisis Nobody Is Talking About Professional identity is not a stable attribute but rather a discursive accomplishment. Alvesson and Willmott (2002) established that individuals construct and maintain professional selves through ongoing identity work from formation, repair, and revision of self-narratives in organizational life (Svenningsson & Alvesson, 2003). This identity work is constrained by organizational identity regulation, the discourses and practices through which institutions shape what counts as a legitimate professional self. For academics, this regulation operates through peer review, promotion criteria, citation metrics, and the informal prestige economy of a disciplinary reputation. For knowledge workers more broadly, it operates through job descriptions, performance evaluations, and tacit recognition of who "knows and does things" and who does not. Technological disruptions have long been recognized as triggers of intensified identity work. Ibarra (1999) demonstrated that professionals construct "provisional selves" during role transitions, experimenting with possible identities before committing to one. Pratt et al. (2006) showed that professional identity construction involves cycles of violation and patching when work experiences fail to match self-concept. Identity work is mobilized to repair the breach when what one does diverges from who one understands oneself to be. Lamb and Davidson (2005) extended this framework to information technology, showing that IT artifacts do not simply augment professional identity; they actively reconfigure it, sometimes in ways users do not recognize. Beane (2019) provided the most proximate precedent: when robotic surgery automated aspects of surgical skill, surgical trainees engaged in "shadow learning" (i.e.., finding unofficial ways to develop competence that the formal system no longer supported) to maintain their identities as competent future surgeons. Beyond earlier technology disruptions in 1990s and 2000s, recently, a substantial body of scholarship has already examined how professionals renegotiate autonomy and identity under algorithmic systems. Kellogg et al. (2020) characterize algorithms as a new contested terrain of control at work; Pachidi et al. (2021) show how an analytics-based "regime of knowing" reconfigured whose expertise counted in a sales organization; and Waardenburg et al. (2022) trace how predictive-policing algorithms spawned new brokering roles that reshaped professional knowledge claims. This work establishes that algorithmic systems do not merely augment work - they redistribute the authority to know. GenAI, however, introduces a distinctive form of identity threat that this literature does not fully capture. The systems the existing studies examine typically classify, score, or recommend, and professionals experience them as an external "other" to be resisted, brokered, or worked around. GenAI instead produces the professional's own signature output in the first person. Where earlier algorithmic systems provoked inter-occupational contests over whose judgment counts, GenAI provokes an intra-personal one: not "who owns this jurisdiction" but "was my expertise ever real?" The threat is not that an algorithm decides in the professional's place, but that it composes in the professional's voice. Unlike robotic surgery, which visibly automates physical skills, GenAI automates cognitive outputs. The tool produces work that professionals could produce, but faster and often at better quality. The boundary between "what I made" and "what the tool made" becomes porous. For academics who have built an identity around being "the person who writes well" or "the person who synthesizes complex literatures," this porosity is existentially destabilizing. Identity crisis is not primarily about being replaced, although that fear is real. It is about becoming uncertain about whether one was ever truly an expert in the first place. If a tool can do what I spent years learning to do, was my expertise real, or was it merely the slow, inefficient performance of what an algorithm now does instantly? This crisis operates at both the individual and collective levels. At the individual level, knowledge workers experience what Pratt et al. (2006) would recognize as identity violation: the work they are doing, or that the tool is doing through them, no longer matches their self-concept as experts. They may respond by defensively asserting their unique human value ("AI can't replicate true creativity" or "AI lacks critical thinking"), by over-identifying with the tool ("I'm an AI-powered researcher now"), or withdrawing from specific fields’ contexts where the tool threatens their identity. None of these responses addresses the underlying problem of category confusion between using and understanding AI. At the collective level, the crisis is overwhelming. Abbott (1988) theorized that professions maintain jurisdiction through abstract knowledge systems. When tools democratize task performance, jurisdictional boundaries are renegotiated. GenAI creates a situation where the abstract knowledge base of "AI expertise" is itself shifting rapidly (the technology changes faster than any individual can master it), while the tool simultaneously democratizes the task-performance dimension. Anyone can produce AI-augmented outputs. The result is a jurisdictional chaos. Who is the "AI expert" at the university? A computer scientist who understands transformer architectures? An educational technologist who knows how to effectively prompt for pedagogical scenarios? The administrator who has read several articles about AI in higher education and now speaks fluently about "the opportunities and challenges"? Each has a claim, but the claims are incommensurable in nature. They rest on different forms of knowledge, modes of demonstration, and sources of legitimacy. Not disputing that AI literacy cannot create new forms of AI-related expertise, Barley (1996) showed that new technologies can create new expert roles that reconfigure existing hierarchies. However, Barley (1996) studied the moment when the technology stabilized sufficiently for new roles to crystallize. GenAI has not stabilized, nor is it likely to do so in the foreseeable future. The jurisdictional negotiations that Abbott described are occurring in real time, but without the fixed reference points that previously allowed professions to reach settlements. The category of "AI expert" is being constructed, contested, and potentially dissolved faster than the social processes that ordinarily regulate professional identity can operate.  The Central Paradox The emerging empirical literature on GenAI's effects contains a paradox that has not been adequately reconciled, and this paradox is directly relevant to the professional identity crisis I am describing. Brynjolfsson et al. (2023) studied 5,179 customer support agents using a GPT-based assistant and found that novice and low-skill workers improved productivity by 34 percent, while high-skill workers saw minimal gains. The AI effectively transferred best practice patterns from experts to novices through the tool itself. Based on this evidence, GenAI appears to compress the expertise gap. Tool access functionally substitutes for experience in structured, task-specific fields. If we infer from this finding, academic administrators who believe that their institution no longer needs AI consultants because everyone has ChatGPT have empirical support for that position. The tool does, in measurable ways, level the playing field between those with formal AI training and those without. Dell'Acqua et al. (2023) provided a counterpoint. Studying 758 consultants using GPT-4 on realistic tasks, they found that for tasks within GPT-4's capability frontier, consultants improved by 40 percent. However, on tasks outside the frontier, those using AI performed 23 percent worse than those who did not. Critically, participants could not reliably distinguish frontier-inside tasks from frontier-outside tasks. Tool access without judgment was net-negative for boundary tasks. These findings are not contradictory in the sense that one must be wrong. They are contradictory in a deeper sense: they reveal that GenAI simultaneously compresses the measurable expertise gap and creates conditions under which users cannot recognize when their expertise is failing. This is the "jagged technological frontier" (Dell'Acqua et al., 2023) mapped onto the Dunning-Kruger effect. The tool makes novices better at tasks within its capabilities while leaving them unable to perceive the boundaries of those capabilities. The confidence derived from improved performance on frontier-inside tasks bleeds into frontier-outside tasks, where it is precisely what produces failures. Consider the implications for academics who have begun to identify as "AI expert" based on their GenAI proficiency. On frontier-inside tasks (e.g., summarizing articles, generating discussion questions, and drafting emails), their performance improves markedly. They receive positive reinforcement from colleagues who are impressed by their fluency with new technology. Their provisional identity as "someone who knows AI" is validated. When asked to make consequential decisions about AI (whether to adopt a particular tool that raises privacy concerns, how to evaluate a vendor's claims about their AI tools’ capabilities, whether a student's use of GenAI constitutes plagiarism or legitimate assistance), they are operating on frontier-outside terrain without recognizing it. And they cannot tell. The metacognitive skills that would signal "I don't know enough to make this judgment" have been eroded by the tool's fluency on easier tasks. This is not merely an individual issue. It scales. Organizations that hire and promote based on Gen AI-augmented output rather than demonstrated understanding of AI are building decision-making structures on a foundation of simulated expertise. When the jagged frontier is crossed, and it will be, the organization will have no internal capacity to recognize or correct the failure. An academic administrator who believes that their institution's AI needs are solved will not perceive the moment when they are not. They lack the conceptual understanding necessary to perceive it. The tool that made them feel competent also made them incapable of recognizing their incompetence.  Implications for Higher Education and Professional Practice The confusion regarding the distinction between GenAI tool use and AI expertise has immediate and pressing consequences for higher education, both as a site of knowledge production and as an institution that certifies expertise. Consider first the implications for educators. Krammer (2023) argued that AI's entry into management education demands critical reflection on what it means for how and what we teach. The same is true for other disciplines. Faculty members who lack a conceptual understanding of AI are nonetheless being asked to make consequential pedagogical decisions about it: should students be permitted to use GenAI on assignments? If so, what are the attribution requirements? How should curricula be redesigned to account for AI's capabilities? Making these decisions well does not require an instructor to build language models or master transformer mathematics; that is developer-level expertise, and demanding it of every humanities or social-science instructor would be neither realistic nor necessary. What it does require is critical conceptual literacy that comes from genuine curiosity: a working grasp of what these systems are, how they generate text, why they hallucinate, where their training data come from, what biases and limits follow, and what the pedagogical and ethical stakes are. Therefore, an educator with only functional facility with GenAI - who can prompt effectively but cannot reason about its limitations, failure modes, or appropriate uses is not yet equipped to make these decisions, even though the fluency of the tool can make them feel equipped. This problem is compounded by institutional incentives. Universities are under pressure to demonstrate that they are "embracing AI" and preparing students for an AI-augmented workforce. This pressure creates a demand for visible AI initiatives, such as workshops on prompt engineering, AI literacy requirements in curricula, and statements of AI strategy. Yet, the content of these initiatives often reflects the same category confusion I have described. Prompt engineering workshops teach functional use without conceptual understanding of AI itself. AI literacy requirements are designed by committees whose members learned about AI from the same tools they are now teaching students to use. The blind lead the blind, and both believe that they can see. On a constructive criticism route, Selwyn (2022) warned that AI in education is surrounded by hype that obscures its actual pedagogical limitations, and that educators should resist techno-solutionism. The warning is apt but insufficient. The problem is not merely that educators may be overly optimistic about AI's capabilities. The problem is that they cannot reliably distinguish between warranted and unwarranted optimism because they lack the conceptual framework to make the distinction. They are operating on the jagged frontier without knowing where the frontier lies. Mollick and Mollick (2023) offered a more optimistic view, arguing that AI can serve as an effective pedagogical partner when thoughtfully integrated. I do not dispute this. But the key phrase is "thoughtfully integrated." Thoughtful integration requires two forms of instructional expertise. The first is knowing what students need to learn, how they learn it, and how a tool can support rather than undermine that learning. Second is AI expertise which includes knowing what the tool actually does, what it cannot do, and when its use is inappropriate. The educator who possesses the first form of expertise but not the second is not equipped for thoughtful integration. They are equipped for unreflective adoption, which is precisely what Selwyn (2022) warns against. The implications extend beyond pedagogy to the institutional certification of expertise itself. Higher education is in the business of determining who knows what and certifying that knowledge through degrees and credentials. Abbott's (1988) jurisdictional theory reminds us that this certification function is not merely administrative; it is the mechanism through which professions maintain their social contract. When a university certifies that someone has "AI expertise", through a degree program, a certificate, or simply by hiring them into a role that implies such expertise, it is making a jurisdictional claim. It is telling the world that this person can be trusted to make AI-related judgments. What happens when the basis for that certification is functional use rather than conceptual understanding? We are already seeing the emergence of "AI certificates" and "AI credentials" that require little more than demonstrated proficiency with GenAI tools. These credentials are not fraudulent in any straightforward sense. They genuinely certify that the holder can use the tools effectively. Yet they are misleading because they imply a broader competence that the holder does not possess. The market for AI expertise is being flooded with credentials that signal simulated contributory expertise rather than the genuine AI expertise. Because those issuing the credentials often share the same category confusion as those receiving them, there is no gatekeeping function to maintain the distinction. This is not an argument against GenAI in education. The tools are genuinely useful, and their productivity benefits are real and well documented. The argument is against the category error that treats tool proficiency as equivalent to specific field expertise. This error is not merely semantic. It has consequences for who gets hired, whose judgment is trusted in faculty meetings, and how institutions allocate resources for AI initiatives. It also has consequences for students who may graduate with credentials that overstate their actual capabilities and find themselves unprepared for the frontier-outside tasks they will encounter in professional practice.  What Can Be Done? I offer two modest proposals, not as solutions but as starting points for a more honest conversation. First, institutions should explicitly distinguish between "AI literacy" and "AI expertise" in their formal communications, job descriptions, and credentialing practices. This distinction should be operationalized: AI literacy means demonstrated ability to use AI tools effectively for specified tasks. AI expertise means demonstrated understanding of AIc fundamentals, including model architectures, training processes, limitations, failure modes, and ethical implications. The two are not mutually exclusive, one can possess both, but they are not equivalent, and possession of the first should not be mistaken for possession of the second. To make this distinction usable rather than rhetorical, institutions can adopt a three-tier model that ties each level to observable evidence and to the decisions it licenses: | Tier | What it is | Evidence | Decisions it licenses |
|:---|:---|:---|:---|
| . Mere AI literacy (functional use – first step) | Can prompt effectively and integrate outputs into a workflow | Completed tasks; a portfolio of outputs | Using tools for individual and institutions’ own work |
| . Critical AI literacy (governance literacy – second step) | Understands, at a conceptual level, how models generate text, why they fail, their data and bias limits, and the ethics of use | A written critique of a tool’s limitations; a sample use/attribution policy; a reasoned vendor-claim assessment | Setting course policy, advising on adoption, redesigning curricula |
| . AI expertise (technical – third step) | Understands architectures and training; can build or audit systems | Technical artifacts; audits; model development | System design and technical assurance | Three-tier model from mere AI literacy to AI expertise The tiers are cumulative in credibility but not in prerequisite: a historian or any educator can reach Tier 2 without Tier 3 (Table 1). This is to say that AI-expertise require iterative acts starting from tier 1, just mere literacy to aid with functional use to tier 3 if necessary depending with the context. Operationalized, this means a search or committee filling a role such as "AI-in-teaching coordinator" should specify the tier and its evidence rather than writing "AI experience required." For a governance role, the posting would require Tier 2 evidence - say, a two-page critique of a named tool's failure modes and a draft classroom-use policy not a portfolio of prompts, which demonstrates only Tier 1. For non-technical departments, conceptual AI training need not become a new course or add credits. A "module, not a major" approach embeds a short unit - three sessions - into an existing required methods, writing, or capstone course: one session on how language models generate text and why they hallucinate; one on evaluating reliability and provenance in the student's own discipline; one on ethics and appropriate use. The assessment is a single exercise in which students critique a GenAI-generated artifact from their field. This delivers Tier 2 literacy without expanding the credit load. Second, institutions should cultivate epistemic humility around AI. The greater risk lies not with the person who admits they do not understand AI. It is the one who believes they understand because they can use ChatGPT effectively. Creating organizational cultures where saying "I don't know whether this AI-generated output is reliable" is valued at least as highly as producing fluent outputs is essential. This requires leadership modeling. Academic administrators, in particular, must resist the temptation to present themselves as AI experts based on tool proficiency. They must model the distinction between use and understanding.  Conclusion This positional paper has argued that the distinction between using AI and understanding it is where an emerging crisis of professional identity takes root. Individually, knowledge workers confront the simulacrum of their own expertise; collectively, the very category of "AI expert" dissolves into jurisdictional chaos as anyone with prompt proficiency claims the mantle. The empirical record confirms the paradox: AI compresses measurable performance gaps while simultaneously rendering users unable to perceive when their competence fails a jagged frontier with direct consequences for how higher education certifies expertise and how organizations allocate decision-making authority. Expertise has always required not only knowing but being recognized as one who knows. AI disrupts this recognition economy by democratizing the performance while leaving the underlying knowledge untouched. The path forward demands research into whether sustained use breeds confidence or genuine competence, and restraint in deploying the label "AI expert" until we have better answers. The tools are not the problem. The category error that mistakes their fluency for our own understanding is. Recognizing the distance between the appearance of expertise and its substance is the first step toward a more honest engagement with what these tools can and cannot do - and with what we can and cannot claim to know.

