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Abstract

Artificial intelligence is entering pharmacy education faster than evidence is establishing what pharmacists must know, demonstrate, and
resist. This critical review examined whether curricula, competency claims, and assessments prepare pharmacists to challenge artificial
intelligence outputs rather than merely operate tools. A transparent critical-review method with SANRA-informed quality controls was
applied to peer-reviewed literature published from 2017 through 2025. Searches of PubMed/MEDLINE, targeted journal and publisher
platforms, and backward and forward citation trails were executed on 2 August 2026 with publication-date censoring. Eligible reports
addressed pharmacy curricula, competency frameworks, educational interventions, assessment, or directly transferable health-professions
evidence relevant to verification, uncertainty, bias, hallucination, refusal, escalation, accountability, workplace performance, or patient
communication. Records were deduplicated, screened, linked to study families, extracted using predefined fields, and appraised according to
design. Heterogeneous findings were compared narratively without quantitative pooling. Fifty-nine retrievals yielded 38 unique records, 27
assessed full texts, and 18 included reports representing 18 studies: six pharmacy-specific and 12 transferable reports. Pharmacy-specific
evidence chiefly described exposure, perceptions, task completion, item generation, or artificial-intelligence-assisted grading. Direct
assessment of independent verification, justified refusal, escalation, documented accountability, or workplace transfer was scarce.
Transferable frameworks widened the competency scope but did not validate pharmacy-specific performance. The review was limited by a
single-reviewer workflow, source-interface constraints, methodological heterogeneity, and the later search execution date. Pharmacy
education should distinguish tool use from challenge competence and align claims with observable, authentic performance across realistic
medication decisions involving patients, teams, and governance constraints. Proposed domains require prospective validation before
curricular standardization.
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The central educational problem is therefore not whether
pharmacists will encounter artificial intelligence, but what
kind of competence should govern that encounter.

INTRODUCTION

Artificial intelligence has moved from a specialist topic to a
visible component of health-professions education, propelled
by predictive systems, conversational models, automated
assessment, and generative tools that can produce apparently
authoritative explanations within seconds. Pharmacy
programmes consequently face pressure to introduce learners
to systems that may influence drug-information retrieval,
counselling, documentation, assessment, and medication-
related decisions. Yet curricular presence does not establish
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educational value. Early scholarship argued that artificial
intelligence changes professional education because
information access becomes less scarce while interpretation,
judgement, and responsibility become more important;
reviews also documented heterogeneous applications and
unresolved implementation challenges [1-3].
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Three levels require separation. Using artificial intelligence
means accessing a system, constructing prompts, navigating
an interface, or completing a task with model assistance.
Understanding it requires knowledge of intended purpose,
data dependence, validation, performance measures,
limitations, and ethical implications. Challenging it requires
independent verification, recognition of uncertainty and bias,
detection of fabricated or inconsistent content, refusal when
evidential or safety conditions fail, escalation to appropriate
expertise, and documentation of who remains accountable.
This tripartite distinction adapts broader medical-education
arguments that conceptual literacy and critical appraisal
matter more than universal coding proficiency [4]. In
pharmacy, the distinction is especially consequential because
fluent output may concern doses, interactions,
contraindications, evidence provenance, or patient-specific
counselling.

Current educational claims often blur these levels. Learner
satisfaction, willingness to wuse a tool, perceived
preparedness, successful task completion, or improved
efficiency may be valuable outcomes, but none alone
demonstrates that a pharmacist can contest an unsafe
recommendation. Conversely, resistance is frequently framed
as an adoption barrier, although principled nonuse may
represent appropriate professional judgement. Assessment
design determines whether these distinctions remain
rhetorical or become observable. An authentic test must
reveal what a learner does when artificial intelligence is
persuasive but wrong, incomplete, inequitable, or
unsupported, not merely whether the learner can obtain a
plausible response.

The distinction also changes faculty responsibility. Educators
must be able to design adversarial cases, identify authoritative
verification sources, explain escalation routes, and judge
reasoning rather than reward polished output. Workplace
constraints and patient perspectives matter because challenge
competence is exercised through teams, documentation,
communication, and governance. A classroom activity that
omits these conditions may teach familiarity while leaving
authority and contestability untested.

This review critically examines how artificial-intelligence
competence is defined in pharmacy education; whether
curricula prioritize operation, understanding, critical
appraisal, or combinations of these aims; how verification,
bias, uncertainty, hallucination, refusal, and escalation are
taught; what assessment methods test authentic performance;
which competency claims rest primarily on self-report; and
what challenge-oriented domains and reforms are defensible
from the evidence. Its purpose is argumentative rather than
cataloguing: to compare claimed competence with teaching
activity and assessment evidence, identify contradictions and
omissions, and distinguish pharmacy-specific findings from
transferable health-professions frameworks. The review does
not infer clinical effectiveness, medication safety, workplace
readiness, or universal curricular applicability from

publication  frequency, learner enthusiasm, model

performance, Oor consensus language.

Review Design, Questions, and Protocol

This review used a transparent critical-review design to
evaluate the adequacy of educational claims rather than
estimate a pooled intervention effect. SANRA-informed
quality controls were used to make the review purpose, search
description, referencing, scientific reasoning, and endpoint
explicit, without assigning a formal SANRA score [5].
Methodological decisions aligned the questions, evidence
boundaries, appraisal, and synthesis with the review’s critical
purpose; comprehensiveness was pursued through multiple
sources, but publication volume was not treated as evidential
strength and systematic-review exhaustiveness was not
claimed [6].

The protocol was frozen before final record capture. It
specified the 2017-2025 publication window, English-
language peer-reviewed journal reports, Q1 journal
boundary, eligible populations and settings, article-specific
questions, source-type rules, extraction fields, full-text
exclusion hierarchy, study-family linking, and distinction
between pharmacy-specific and transferable evidence. The
search was executed on 2 August 2026 and date-censored
through 31 December 2025. This later execution date is
reported because presenting it as a 2025 search would
misstate the review chronology.

The scope included pharmacy learners, pharmacists, faculty,
curricula, competency frameworks, educational
interventions, and assessment studies. Directly relevant
health-professions, workplace, patient, and psychometric
literature was eligible only when it informed pharmacists’
capacity to evaluate or challenge artificial intelligence.
PRISMA terminology supported transparent record
accounting and the flow visualization, but did not redefine the
work as a systematic review [7]. The six analytical questions
addressed competency definitions, curricular emphasis,
teaching of challenge behaviours, authenticity of assessment,
reliance on self-report, and defensible reform.

Eligibility, Definitions, and Information Sources

Eligible evidence had to provide detail to appraise an
educational objective, competency claim, learning design,
assessment method, or transferable decision-work
implication. Curricula and interventions were included when
they described what learners were expected to know, do,
judge, verify, communicate, refuse, or escalate. Competency
frameworks were included when domains and behaviours
could be extracted. Assessment studies were included when
the evaluated construct, task, comparator, scoring approach,
or validity evidence was identifiable. Studies of artificial
intelligence as an assessor were retained only to examine
assessment design and human oversight; their model
performance was not interpreted as learner competence.
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Exclusions comprised tool demonstrations without
educational objectives or assessment, nonempirical opinion
presented as evidence of attainment, perception or readiness
studies when competence was claimed without observed
performance,  nontransferable  education literature,
publications outside the date window, and journals outside
the prespecified Q1 boundary. The critical analytical lens
separated use, foundational understanding, evidence
verification, uncertainty appraisal, bias recognition,
hallucination detection, professional refusal, escalation,
authentic assessment, workplace competence, and patient
perspective. These were review operationalizations, not
validated competency standards.

Search concepts combined pharmacy or health-professions
populations, artificial-intelligence technologies, educational
phenomena, and evaluation terms. Platforms, exact queries,
filters, dates, capture counts, and completion notes were
recorded. Eligibility mapping, reproducible search reporting,
and concept-block construction followed relevant reporting
and search-method guidance [8-10].

Table 1 organizes the evidence, constructs, relationships,
uncertainties, and boundary conditions required for
eligibility, definitions, and evidence-extraction framework
for the review Teaching Pharmacists to Challenge Artificial
Intelligence: A Critical Review of Curricula, Competency

Claims, and Assessment.
Information sources were PubMed/MEDLINE, targeted
journal and publisher platforms, and backward and forward
citation searching from anchor reviews and frameworks.

Table 1. Eligibility, definitions, and evidence-extraction framework for the review Teaching Pharmacists to Challenge
Artificial Intelligence: A Critical Review of Curricula, Competency Claims, and Assessment.

Review . _— Eligibility or . . Bias or Planned
Operational definition gibiiity Data field Rationale T -
element decision rule ambiguity risk synthesis use
Pharmacy-specific evidence .
CY-SP Include sources with
and directly transferable . . Transferable .
. extractable learning, . . Keeps the review . Separate direct
. health-professions, workplace, Profession; setting; evidence may be i
Review . competency, assessment, centred on . pharmacy findings
patient, or assessment . source type; o mistaken for
boundary . workflow, or patient medication- . from transferable
evidence relevant to . relevance pathway . pharmacy-specific . .
. P relevance; exclude generic decision work T interpretation
challenging artificial . validation
. . technology promotion
intelligence
. Retain claims only when . . Prevents broad Copﬁder_lce,
An observable claim . . Claim wording; satisfaction, .
. ... the source identifies what . competency Compare claimed
Competence  concerning knowledge, skill, . construct; evidence exposure, or .
- . o7 learners or practitioners language from o competence with
claim judgement, communication, or . source; outcome . willingness may be . . . .
can know, do, judge, or exceeding its evidential basis
performance level . : relabelled as
demonstrate supporting evidence
competence
e Include when operation is c
e Ability to access, prompt, NOBREA . .. Distinguishes Successful task . .
Artificial- . an explicit objective or  Learning activity; > . Classify curricula
navigate, or complete a task functional completion may

intelligence use assessed activity; do not task; tool; by operational

with an artificial-intelligence familiarity from  conceal unverified

or operation classify operation alone as assessment method . . - emphasis
P tool yop critical capability output P
challenge competence
Knowledge of model purpose . . .
& purpose, Include conceptual . Establishes the Technical Identify the depth
. data dependence, validation, . L . Content domain; s
Foundational learning objectives; coding . L knowledge needed vocabulary may be of artificial-
. performance measures, . . learning objective; . . . . .
understanding . *.7 . is not required unless to interpret system mistaken for applied  intelligence
limitations, and appropriate . . assessment . .
. specified by the curriculum output understanding literacy
task boundaries
. . . . . Tests whether
Independent checking of Verification must use an ~ Verification task; o . .
. . . .2 o learners can  Plausibility checking Evaluate direct
Evidence claims, calculations, citations,  external authoritative source consulted; .
. - L . . challenge may be reported as  preparation for
verification guidelines, patient data, and  source or reproducible detected error; . . . . .
. apparently credible verification evidence checking
provenance calculation response
content
Recognition of missin - . .
. . & OEMUSSING  1nclude explicit teaching or Groups related General ethics
Uncertainty, information, calibration limits, . Error type; . . X
) . assessment of detection . . failure modes while teaching may be Compare coverage
bias,and  representation or measurement uncertainty cue; bias . L . ™ .
P . . and response; awareness L7 preserving distinct interpreted as of critical-risk
hallucination bias, fabricated content, . L domain; learner .
. . ; without action is response demonstrated error domains
appraisal inconsistency, and contextual . . response . .
. insufficient requirements detection
mismatch
e . .. Include explicit refusal or
Ability to reject, stop, quali b . -
. ty Ject, stop, q .fy’ escalation triggers, . . Treats principled Refusal may be Assess whether
Professional  override, or refer an artificial- . = Trigger; action; X . .
. . . responsible recipient, .S . nonuse as a misclassified as  curricula preserve
refusal and intelligence-mediated task recipient; rationale; . . .
. . . urgency, and . professional resistance to professional
escalation when evidential or safety . documentation o . . .
.. . documentation capability innovation authority
conditions fail .
expectations
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Performance in a realistic

medication-related task Self-reported confidence or

Scenario; Aligns competency Simulated

Rank assessment

Authentic o . . satisfaction alone does not comparator; scoring claims with performance may .
requiring verification, . . . evidence by
assessment . demonstrate authentic rubric; assessor; observable still overstate ..
challenge, documentation, L . . authenticity
c . performance validity evidence behaviour workplace transfer
communication, or escalation
Performance under workflow Lo .
. Course completion is not Setting; . .
constraints, team Extends Professional and  Identify transfer
. assumed to transfer to stakeholders; . R
Workplace and dependencies, local S . . competence beyondpatient evidence may gaps and
. . practice; patient acceptanceworkflow constraint; . .. .
patient relevance governance, patient - . - . isolated classroom  originate outside contextual
. is not equated with validity patient outcome or . . .
communication, and interaction pharmacy requirements

contestability or safety

perspective

Table note: The definitions, classifications, and decision rules are review operationalizations derived from the frozen protocol. They are not validated competency standards, clinical

recommendations, or deployment criteria.

Search, Selection, Extraction, Appraisal, and
Synthesis
All captured citations received record identifiers.

Deduplication prioritized DOI, then normalized title, first
author, year, and study details; each retrieval was linked to a
canonical record. One reviewer screened titles and abstracts,
sought full texts, assigned one primary exclusion reason to
every excluded report, linked multiple reports through study-
family identifiers, and completed extraction fields. No
independent duplicate screening or inter-rater agreement was
claimed.

Appraisal and synthesis were design-sensitive and
nonquantitative [11-13]. Review-level sources were
examined for search transparency, selection logic, appraisal,
and synthesis credibility. Qualitative, quantitative, mixed-
methods, survey, curriculum, consensus, and psychometric
reports were judged against design-appropriate questions
rather than collapsed into one universal score. Extraction
captured setting, participants or units, artificial-intelligence
focus, educational objective, learning activity, assessment
method, outcome level, competency claim, challenge-domain
coverage, applicability, and limitations.

Comparison proceeded across source type, profession,
claimed competence, teaching activity, assessment evidence,
and validation level. Findings were retained only at method-
supported levels. Contradictions were examined by
distinguishing attitudes from performance, feasibility from
validity, model accuracy from learner capability, classroom
outcomes from workplace transfer, and consensus from
empirical demonstration. No meta-analysis was attempted
because interventions, constructs, populations, and outcomes
were not commensurable.

Reflexivity was addressed through frozen definitions, a
prespecified exclusion hierarchy, positive record-level

traceability, and explicit labelling of critical interpretation
and original synthesis. Nevertheless, single-reviewer
decisions, English-language restriction, interface-dependent
capture, Q1 eligibility, and reliance on transferable evidence
may have shaped the corpus. Appraisal moderated each
resulting interpretation; it did not produce a universal
certainty grade.

Search and Selection Results

The search identified 59 retrievals: 31  from
PubMed/MEDLINE, 17 from targeted journal and publisher
searches, and 11 from backward and forward citation
searching. Removing 21 duplicate retrievals left 38 unique
records for title and abstract screening. Eleven records were
excluded at that stage, leaving 27 reports sought and
successfully retrieved. All 27 full texts were assessed. Nine
were excluded: one nonempirical opinion without
competency-attainment evidence, three perception or
readiness reports without demonstrated competence, three
reports from journals outside the prespecified Q1 boundary,
and two reports with insufficient -challenge-oriented
extraction detail or redundant review evidence. Eighteen
reports representing 18 distinct studies entered the critical
synthesis, comprising six pharmacy-specific and 12
transferable reports. The earlier pharmacy evidence map
similarly characterized the field as small and heterogeneous,
although its boundaries and search period differed from this
review [14]. These values describe a finite captured corpus,
not a systematic census of every educational publication.

Figure 1 presents the completed review-selection pathway in
a black-and-white prisma-style flow diagram for evidence
selection, documenting identification, deduplication,
screening, eligibility, exclusions with reasons, and final
inclusion using the values approved in the Part 1 PRISMA
Record-Accounting Audit.
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Figure 1. Black-and-White PRISMA-Style Flow

Across the included evidence, “competence” was used
inconsistently. In pharmacy-specific work, it most often
referred to exposure, perceived preparedness, task
completion, or the successful incorporation of an artificial-
intelligence  tool. A  medicinal-chemistry  project
demonstrated that learners could use artificial intelligence
within a curricular assignment, but its educational design did
not directly test whether they could independently verify,
reject, or escalate unsafe output [15].

A student-pharmacist survey documented interest,
anticipated relevance, and perceived curricular need; those
findings described attitudes rather than observed competence
[16]. Consequently, publication of a course or positive learner
response could not be treated as evidence that challenge-
oriented capability had been achieved.

Diagram for Evidence Selection

Curricular emphasis was predominantly operational.
Learners prompted systems, generated content, explored
applications, or completed disciplinary tasks with artificial-
intelligence assistance. Some reports discussed ethics,
limitations, or critical appraisal, but the actions required when
output was wrong remained less explicit. The corpus rarely
specified an authoritative verification source, a minimum
evidential threshold, a refusal trigger, an escalation recipient,
or an accountability record. This gap matters because a
learner may know that hallucinations occur yet still fail to
check a fabricated reference, correct a dose, communicate
uncertainty, or stop inappropriate use.

Evidence-Base Characteristics

The evidence base contained six pharmacy-specific reports
and 12 transferable reports, but these categories offered
different warrants. A pharmacogenetic-counselling skills
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laboratory placed artificial intelligence within a realistic
pharmacy communication task and provided experiential
evidence; it did not establish durable workplace transfer or
independent challenge across cases [17].

An assessment-item study showed that GPT-4 could generate
potentially usable pharmacy questions, yet expert review and
revision remained necessary, illustrating that fluent output
cannot substitute for content validation [18].

A pilot of artificial-intelligence-assisted objective structured
clinical examination grading examined agreement,
efficiency, and consistency of an assessor system rather than
learners’ capacity to contest artificial intelligence [19]. Thus,
even apparently performance-oriented pharmacy studies
frequently evaluated tool feasibility or assessor behaviour
instead of challenge competence.

Coverage of evidence verification was partial. Some
activities encouraged comparison with course materials or
professional sources, but explicit verification procedures
were not consistently described or scored. Bias and
uncertainty were more commonly named as topics than
translated into observable decisions. Hallucination was often
presented as a known limitation, yet few educational tasks
deliberately planted fabricated citations, contradictory
recommendations, missing patient variables, or confident but
unsupported claims. The review therefore distinguished
awareness from response: recognizing that a model can err is
not equivalent to detecting the error, establishing its
consequence, and acting appropriately.

Methodological strength varied within both branches.
Pharmacy studies frequently offered concrete educational or
assessment settings, but they were usually bounded by one
course, one cohort, exploratory design, or outcomes close to
the intervention. Transferable reviews and consensus
frameworks broadened the construct map, yet their
heterogeneity and professional distance limited direct
applicability. No synthesis member combined pharmacy-
specific curriculum design, objective adversarial assessment,
workplace observation, patient involvement, and longitudinal
follow-up. Accordingly, the strongest conclusion concerns a
mismatch between broad competency language and narrow
evidence, not the comparative effectiveness of particular
teaching models.

Teaching Professional Resistance and Refusal

Professional resistance requires careful definition. In this
review, resistance did not mean generalized hostility to
technology. It meant the capacity to withhold reliance,
override output, or stop an artificial-intelligence-mediated
task when evidential, ethical, or medication-safety conditions
were not met. Transferable competency work extended
professional capability beyond operation to evidence
appraisal, workflow integration, ethics, communication, and
ongoing evaluation [20]. That breadth supports a challenge-
oriented interpretation, but the framework was not validated

specifically for pharmacists and did not itself establish an
assessment standard for refusal.

Implementation-focused competency mapping further
implied that professionals need to recognize system limits,
identify  affected stakeholders, evaluate workflow
consequences, and participate in monitoring [21]. These
responsibilities logically create escalation duties when a
problem exceeds the user’s authority or expertise. However,
escalation was seldom operationalized as a teachable
sequence specifying the trigger, urgency, recipient, interim
action, and documentation. Ethical education can also support
principled refusal by asking learners to reason from
obligations and contextual consequences rather than
memorize abstract principles [22]. Still, a proposed ethics
framework does not demonstrate that learners will refuse a
persuasive but unsafe recommendation under time pressure.

The pharmacy-specific corpus offered little direct evidence
that refusal or escalation was taught and assessed. No
included study established a validated threshold for
overriding an artificial-intelligence output, demonstrated
entrustment for independent challenge, or observed
longitudinal workplace behaviour. This absence does not
prove that existing curricula never address such actions; it
indicates that the published evidence did not make them
visible enough to support competency claims. Refusal and
escalation are therefore retained here as original review-
derived domains requiring prospective pharmacy validation.

Assessment Methods and Authenticity

Assessment methods ranged from surveys and course
evaluations to project outputs, expert item review, simulated
counselling, objective knowledge testing, and artificial-
intelligence-assisted grading. Reviews of health-professions
programmes found heterogeneous educational designs and
inconsistent outcome evaluation, with many studies
emphasizing knowledge, attitudes, or satisfaction [23]. Such
outcomes may identify acceptability or learning needs, but
they cannot independently support claims about safe
performance. Curriculum proposals have appropriately
argued for longitudinal teaching of limitations, transparency,
ethics, and liability, yet proposed content remains distinct
from validated assessment [24].

Self-reported confidence was particularly weak as a stand-
alone measure. Confidence may rise because a learner
becomes familiar with an interface, receives rapid output, or
overestimates the system’s reliability. It may also fall after
education exposes complexity, despite better judgement. An
objective  generative-artificial-intelligence literacy test
showed that directly measured literacy could contribute
information beyond self-reported proficiency when
predicting task performance [25]. Nevertheless, a
psychometric knowledge test in general higher education is
not equivalent to pharmacy challenge performance. It does
not show whether a learner can identify a medication error,
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select an authoritative source, justify refusal, communicate
with a patient, and escalate within a real workflow.

Authentic assessment should therefore create consequential
disagreement between the learner and the system. A credible
case would include incomplete patient data, plausible but
fabricated  evidence, subgroup  bias, conflicting
recommendations, or pressure to accept an efficient answer.
Scoring should reward verification strategy, detection
accuracy, uncertainty qualification, refusal or override when
warranted, escalation, communication, and audit-ready
documentation. The review proposes this assessment
architecture as a defensible synthesis, not as a validated
instrument or high-stakes standard.

Faculty capability was another implicit boundary. Challenge-
oriented teaching requires educators to select authoritative
comparators, construct realistic failure cases, distinguish
uncertainty from error, and judge whether escalation is
proportionate. It also requires policies for permitted tool use,
disclosure, documentation, and remediation when learners
accept unsafe output. The included pharmacy reports
demonstrated faculty experimentation with projects,
counselling, item review, and grading, but did not establish a
reproducible faculty-development model. Without such
preparation, curricula may assess prompt fluency because it
is easy to observe while leaving the harder work of evidential
challenge, relational communication, and accountable refusal
unmeasured. This limitation applies to classroom, simulation,
and workplace assessment, although its consequences differ
across settings.

Missing Workplace and Patient Perspectives

Workplace and patient perspectives were markedly
underrepresented. Clinicians in primary care anticipated
changes in professional roles, trust, deskilling, and
accountability, indicating that artificial-intelligence
competence is exercised within organizational relationships
rather than isolated individual cognition [26]. These findings
are transferable design signals, not direct evidence about
pharmacists. They suggest that education should test whether
learners preserve independent reasoning, recognize when
automation redistributes responsibility, and act when
organizational incentives favour speed over scrutiny.

Patient evidence also complicates the assumption that
resistance is simply a deficit in literacy. Experimental
research found that resistance to medical artificial
intelligence can reflect concerns that systems will not
recognize personal uniqueness or provide relational care [27].
Survey evidence on an artificial-intelligence-assisted
symptom checker further showed that perceived usefulness is
shaped at the interface between technical output, user
expectations, and communication [28]. Neither context is
identical to pharmacy practice, but both indicate that patient-
facing competence includes explaining the system’s role,
limitations, alternatives, and routes for contesting a decision.

The review consequently proposes ten challenge-oriented
domains:  foundational artificial-intelligence literacy;
independent evidence-source verification; uncertainty and
calibration appraisal; bias and equity response; hallucination
and inconsistency detection; professional refusal and
override; escalation and consultation; documentation and
accountability; patient communication and contestability;
and workflow monitoring and learning. Each domain requires
observable action, not only awareness. Their inclusion is an
original synthesis derived from convergent gaps across
pharmacy-specific and transferable evidence. They should
guide hypothesis generation, curricular design, and
prospective assessment research, but they should not be
represented as a validated universal framework.

Discussion: Principal Findings and Interpretation

The principal finding is not that pharmacy education has
ignored artificial intelligence, but that its published claims
often exceed the outcomes used to support them. Existing
models correctly recognize that pharmacists need exposure to
emerging tools, conceptual vocabulary, ethical awareness,
and opportunities to practise with disciplinary tasks. The
pharmacy studies also show constructive experimentation:
artificial intelligence was incorporated into medicinal
chemistry, pharmacogenetic counselling, item development,
and objective structured clinical examination grading. These
activities make technology concrete and can reveal practical
limitations. However, the broader medical-education
literature remains heterogeneous, mixes artificial intelligence
used to teach with education about artificial intelligence, and
provides limited high-quality evidence for durable
educational outcomes [29]. Growth in activity therefore
demonstrates curricular attention, not challenge competence.

A recurring problem is construct inflation. “Competence”
may be inferred from familiarity, willingness, satisfaction,
confidence, completion, or agreement with an artificial-
intelligence system. Those indicators answer legitimate but
narrower questions. Familiarity concerns exposure;
confidence concerns self-perception; agreement concerns
concordance; efficiency concerns workflow; and knowledge
tests concern conceptual recognition. None alone warrants
the conclusion that a pharmacist can safely adjudicate a
contested medication decision. Competency statements
derived through Delphi processes can clarify important
content, but consensus descriptors still require translation into
observable tasks, scoring rules, performance standards, and
validity evidence [30]. Otherwise, the curriculum may name
verification, ethics, or accountability without determining
whether learners can enact them.

This distinction has direct consequences for pharmacy
education. Artificial-intelligence teaching should not be
isolated as a short technology module concerned mainly with
terminology and prompting. It should be integrated across
drug information, therapeutics, calculations,
pharmacogenomics, communication, professional practice,
and medication safety. The relevant question is how learners
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preserve pharmaceutical reasoning when a model intervenes
in those activities. Broader digital-health competency work
supports linking artificial intelligence to person-centredness,
data stewardship, systems thinking, implementation, and
interprofessional practice rather than treating it as a stand-
alone tool [31]. Pharmacy programmes can use that systems
orientation while retaining medicine-specific responsibilities
for evidence provenance, dose reasoning, interaction
assessment, counselling, and escalation.

Assessment reform should begin with explicit claim
alignment. Before describing a learner as competent,
educators should specify the target action, conditions,
comparator, acceptable error boundary, and evidential
warrant. A foundational assessment may test whether the
learner can explain intended use and validation limitations. A
verification assessment should require an external source and
reproducible reasoning. An uncertainty assessment should
require qualification or an information request. A refusal
assessment should present pressure to accept fluent output
despite a failed evidential threshold. An escalation
assessment should require selection of the correct recipient,
urgency, interim protection, and documentation. A patient-
facing assessment should test understandable disclosure,
alternatives, teach-back, and contestability.

Authenticity also requires cases in which artificial
intelligence is neither consistently wrong nor consistently
right. If every output contains an obvious error, learners can
succeed through generalized distrust. If every output is
correct, the assessment rewards compliance. Cases should
vary error type, clinical consequence, uncertainty, patient
characteristics, and workflow pressure. Scoring should
distinguish ~ detection from explanation, correction,
communication, and follow-through. Multiple cases are
needed because one successful challenge may reflect chance
or topic familiarity. Consequences attached to the simulated
decision should be visible so that learners understand why
verification and refusal matter.

Current educational models also need a stronger account of
professional resistance. Adoption frameworks often position
resistance as an obstacle to be reduced, but medication
practice sometimes requires deliberate nonuse. The
educational objective is calibrated reliance: neither reflexive
acceptance nor categorical rejection. Learners should be able
to state when the system is useful, what evidence would
justify reliance, what signals should lower confidence, and
when professional authority must interrupt the process. Such
judgement is relational and organizational. A pharmacist may
need to challenge a prescriber, informatics team, vendor
claim, local protocol, or colleague, not merely an on-screen
answer.

Faculty development is therefore central. Educators need
shared definitions, access to authoritative comparators,
expertise in adversarial case design, and rubrics that capture
reasoning rather than stylistic polish. They also need

governance for tool access, privacy, disclosure, version
changes, and retention of learner work. Evaluation should
record model and version because educational performance
may shift when systems change. Institutions should avoid
investing high-stakes authority in an assessment tool merely
because it improves speed or agreement during a pilot.

Implications, Strengths, and Limitations

The review supports a staged research agenda. First,
pharmacy-specific challenge domains should wundergo
content validation with educators, practising pharmacists,
learners, patients, medication-safety specialists,
informaticians, and regulators as stakeholders, without
treating stakeholder agreement as outcome validation.
Second, assessment tasks should be cognitively interviewed
and piloted for realism, scoring clarity, subgroup fairness, and
susceptibility to coaching. Third, prospective studies should
compare self-report, objective knowledge, simulation
performance, and workplace observation. Fourth,
longitudinal research should examine retention, transfer
across medication tasks, incident recognition, escalation
quality, and patient communication. Fifth, multicentre studies
should evaluate contextual variation rather than assuming one
programme or health system represents the profession.

Educational content should preserve three boundaries.
Explanation displays are not automatic justification, because
interpretable outputs may still rest on unreliable relationships
[32]. Challenge competence must extend beyond the
encounter to lifecycle evaluation, dataset shift, incident
reporting, and postdeployment monitoring [33]. Generative
systems can combine impressive capability with
hallucination, inconsistency, and contextual failure; teaching
must therefore evaluate the task and version rather than
confer trust [34].

Review strengths were the frozen operational definitions,
record-level traceability, design-sensitive appraisal, explicit
separation of pharmacy-specific from transferable evidence,
and preservation of distinctions among attitudes,
performance, validity, and workplace transfer. Limitations
were single-reviewer screening and extraction, English-
language and Q1 restrictions, interface-dependent source
capture, methodological heterogeneity, and a search executed
in 2026 but date-censored through 2025. These choices may
have omitted relevant evidence or influenced interpretation.
Accordingly, the framework remains evidence-bounded and
cannot establish educational effectiveness, medication-safety
benefit, or universal applicability across all pharmacy
settings.

CONCLUSION

Pharmacy education is beginning to engage seriously with
artificial intelligence, but the published evidence does not yet
show that pharmacists are being prepared consistently to
challenge it. Pharmacy-specific studies demonstrate
curricular experimentation, learner interest, disciplinary
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applications, and emerging uses in assessment. Their
outcomes, however, primarily concern exposure, perceptions,
task completion, feasibility, agreement, or efficiency. These
outcomes should not be relabelled as verified competence in
evidence checking, uncertainty appraisal, bias response,
hallucination detection, refusal, escalation, accountability,
workplace performance, or patient communication.

The critical distinction is between operating a system and
exercising professional authority over its use. Challenge
competence requires pharmacists to compare output with
authoritative evidence, identify missing or distorted
information,  reject  unsupported recommendations,
communicate residual uncertainty, escalate unresolved risk,
and document responsibility. It also requires attention to
patients, teams, workflow pressures, and system monitoring.
Transferable health-professions frameworks support this
broader direction, but they do not validate pharmacy-specific
curricula or assessment standards.

The review therefore proposes challenge-oriented domains
and an assessment reform agenda centred on observable
performance in realistic medication cases. These proposals
are original synthesis, not a validated framework, clinical
guideline, regulatory requirement, or deployment-ready
standard. Future research should establish content validity,
scoring reliability, fairness, longitudinal retention, workplace
transfer, patient relevance, and relationships with medication-
safety outcomes. Until that evidence exists, educators should
make competency claims proportionate to what was actually
taught and measured. Teaching pharmacists to use artificial
intelligence is insufficient when professional responsibility
requires knowing when, why, and how to challenge it. Such
restraint remains an essential educational safeguard.
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