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Abstract

Claims about artificial intelligence in pharmacy frequently combine conceptual proposals, retrospective models, and operational systems,
making it difficult to determine what work has actually been assigned to Al and where pharmacist judgment remains necessary. To map Al-
supported tasks across dispensing, prescription and clinical review, medicines information, patient-facing services, and administrative
pharmacy work while separating technical performance from workflow usefulness, safety, and autonomy. Peer-reviewed Q1 journal articles
published from 2017 through 2025 were eligible when they evaluated an Al or hybrid Al component performing or supporting an identifiable
pharmacy task and provided extractable evidence on setting, data, reference standard, human involvement, validation, comparator, or
outcome. Searches covered MEDLINE/PubMed, Embase, Scopus, Web of Science, CINAHL, International Pharmaceutical Abstracts, IEEE
Xplore, and supplementary citation and publisher searching. Evidence was charted by task, Al method, setting, data source, reference
standard, pharmacist role, validation level, comparator, outcome, and autonomy, then synthesized using a review-derived task—maturity—
oversight framework.

Searches identified 1,266 records. After removal of 472 duplicates, 794 records were screened; 153 reports were sought, 149 full texts were
assessed, and 22 studies were included. Evidence concentrated on prescription prioritization, intervention prediction, anomaly detection, pill
recognition, targeted patient services, and medicines-information answering. Pharmacists generally retained contextual review, authorization,
communication, or final action. Al has primarily taken on bounded tasks that rank, flag, recognize, retrieve, or draft. The evidence does not
establish autonomous completion of comprehensive pharmacy work or permit technical accuracy to be treated as proof of safety, benefit, or
deployment readiness.
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INTRODUCTION Medication-management Al is also studied in primary care,
medical, nursing, informatics, and population-health settings
without a clearly defined pharmacy actor [4]. Classifying
every medication-related algorithm as pharmacy AI would
inflate the evidence base and conceal who created labels,

Artificial intelligence in pharmacy encompasses machine
learning, deep learning, natural-language processing, large
language models, computer vision, anomaly detection, and
hybrid decision-support systems. These methods perform
different functions and require different forms of evaluation.
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reviewed outputs, authorized action, communicated
recommendations, and retained professional responsibility.
Conversely, restricting pharmacy work to product supply
would omit medication review, patient outreach, population-
health screening, and medicines-information services.

This review therefore asked what work Al actually
performed, prioritized, supported, or evaluated in dispensing,
prescription and clinical review, medicines information,
patient-facing services, and administrative workflows during
2017-2025. 1t distinguished proposed systems from
retrospective testing, prospective evaluation, operational use,
and independent validation; mapped retained human
involvement; and separated model output from medication
action. It did not ask whether Al should replace pharmacists
or whether technical performance established universal
safety, effectiveness, or readiness for deployment.

Review Design, Questions, and Protocol

Review Design and Protocol

A scoping-review design was selected because the evidence
encompassed heterogeneous tasks, technologies, settings,
study designs, reference standards, and outcomes. Reporting
followed PRISMA-ScR [5], and conduct was informed by
updated JBI methodological guidance [6]. Scoping
methodology was appropriate for clarifying definitions,
mapping evidence distribution, and identifying gaps rather
than estimating a pooled intervention effect [7]. Extraction
and presentation were organized around prespecified review
questions [8].

Review Questions Using PCC

The population included pharmacists, pharmacy technicians,
pharmacy services, medication orders and records, patients
receiving pharmacist-mediated services, and medicines-
information questions. The concept was an Al or hybrid
system that classified, predicted, ranked, identified,
generated, verified, or recommended an output relevant to
pharmacy work. Contexts included community, hospital,
ambulatory, primary-care, health-system, dispensing,
medication-review, medicines-information, and
administrative settings.

The primary question was: What pharmacy work has an Al
system actually performed or supported? Secondary
questions examined the Al method, task, setting, data source,
reference standard, human role, validation level, comparator,
outcome, autonomy, safety, equity, workflow consequence,
and applicability boundary.

Eligibility Criteria

Eligible empirical studies were peer-reviewed Q1 journal
articles published from 1 January 2017 through 31 December
2025, had a verifiable DOI, evaluated an Al or hybrid Al
component, addressed an identifiable pharmacy task or
pharmacist-mediated workflow, and provided extractable
evidence relevant to the review questions. Methodological

and reporting papers supported explicit methods claims but
were not classified as included pharmacy-work studies.

Conference-only papers, unpublished preprints, non-peer-
reviewed reports, and studies outside the date window were
excluded. Drug discovery, formulation, manufacturing, and
general diagnostic Al were excluded unless a pharmacy task
and actor were central. Deterministic rules-only systems were
excluded unless evaluated as comparators or inseparable
elements of a hybrid system. Duplicate reports without
unique evidence and papers unable to support a task-level
conclusion were also excluded.

Definitions of Al and Pharmacy Work

Al comprised machine learning, deep learning, natural-
language processing, large language models, computer
vision, anomaly detection, and relevant hybrid systems.
Pharmacy work was defined as an activity performed,
supervised, interpreted, or acted on by pharmacy personnel or
a medicines-information service.

A task was considered “taken on” when the system produced
a classification, prediction, ranking, recognition, generated
response, verification signal, or recommendation that
affected subsequent inspection, communication, or action.
Evidence maturity was classified as proposed, retrospectively
tested, prospectively evaluated, operationally implemented,
or independently validated. Autonomy was coded separately
according to whether pharmacist confirmation remained
necessary. Clinical usefulness was not inferred from
discrimination or accuracy alone.

Eligibility, Definitions, and Information Sources
Databases and Supplementary Sources

The search covered MEDLINE/PubMed, Embase, Scopus,
Web of Science Core Collection, CINAHL, International
Pharmaceutical Abstracts, and IEEE Xplore for eligible
journal articles. Supplementary identification used backward
and forward citation searching, publisher records, DOI
verification, and related-article searching. Records, reports,
and studies were maintained as distinct units [9].

Search Strategy and 2017-2025 Window
Database-specific strategies combined terms for Al methods;
pharmacists, pharmacy services, and practice settings; tasks
such as prescribing, medication review, intervention,
dispensing, pill identification, adherence, anticoagulation,
and medicines information; and evaluation terms including
validation, workflow, safety, errors, and outcomes. Searches
were limited to publications from 2017 through 2025. Full
database strategies, dates, platforms, and limits were
documented according to PRISMA-S principles [10].

Deduplication and Record Management

Each retrieved record received a unique identifier linked to its
source, search date, title, authors, year, DOI, duplicate status,
screening decisions, retrieval status, exclusion reason, study-
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family identifier, and synthesis role. Deduplication proceeded
through exact DOI, normalized DOI, normalized title, title—
first-author—year comparison, and manual review of online-
first and final versions, corrections, and preprint—journal

pairs.

Dual Screening and Conflict Resolution

Medicines Information

The charting form captured publication year, country, setting,
population or unit of analysis, pharmacy task, Al method,
data source, reference standard, comparator, pharmacist role,
study design, validation level, reported outcome, safety,
equity, implementation, and autonomy. Model performance
was separated from task performance, workflow
consequence, clinical outcome, and patient consequence.

Two reviewers independently screened titles and abstracts

and assessed potentially eligible full texts. Disagreements
were resolved through discussion and adjudication. One
primary exclusion reason was assigned to each excluded full-

text report. Al-specific extraction fields

use, model input, output, human involvement, error handling,
workflow integration, and permitted action [11]. Prospective
evaluations were additionally examined for prespecified

Prediction-model studies were examined using relevant
PROBAST domains and TRIPOD+AI reporting concepts
[13, 14]. Workflow-facing studies were examined for
human—AI interaction and failure handling using DECIDE-
Al-informed fields [15]. MI-CLAIM informed extraction of
data, model, evaluation, and reproducibility information
without being converted into a numerical quality score [16].

captured intended

integration, comparator, analysis, and management of

unavailable or poor-quality inputs [12].

Search, Selection,
Synthesis
Data-Charting Framework

Extraction, Appraisal,

Table 1 organizes the evidence, constructs, relationships,
uncertainties, and boundary conditions required for
eligibility, definitions, and evidence-extraction framework
for the review What Work Has Artificial Intelligence
Actually Taken On in Pharmacy? A Scoping Review of
Dispensing, Clinical Review, and Medicines Information.

and

Table 1. Eligibility, definitions, and

evidence-extraction framework for the review What Work Has Artificial

Intelligence Actually Taken On in Pharmacy? A Scoping Review of Dispensing, Clinical Review, and Medicines

Information.
Review . oy Eligibility or . . Bias or Planned
Operational definition gibfiity Data field Rationale R .
element decision rule ambiguity risk synthesis use
Machine learning, deep learning, Must pe.rforn} or Method and Prevents_ AI” from Unspecified software Stratification by
Al system NLP, large language model, computer support an identifiable . replacing task or concealed rule
- . . version .. . method and task
vision, anomaly detection, or hybrid task description logic
.. . Pharmacy actor, S
Pharmacy . Activity performed, supervised, service, or Actor, setting, Separates pharmacy Medlcat_lon data may Mapping of task
interpreted, or acted on by pharmacy N : from general be mistaken for .
work responsibility must be  workflow point .= ownership
personnel . medication Al pharmacy work
explicit
Classification, prediction, ranking, =~ Output must have a Task, output, Broad claims may
Task taken o, . - - Centers
recognition, generation, verification,  defined workflow subsequent exceed the component Task taxonomy
on . . . demonstrated work .
or recommendation function action studied
Evidence Proposed,.retrospec.tlve, prospective, Highest level directly Design and S.epa.rates Simulated deployment . .
. operational, or independently S publication from may appear Maturity mapping
maturity . demonstrated validation . .
validated maturity prospective
Label proYlder, reviewer, interpreter, Roles before and after OverS{ght, Makes human  Fuman work may be  Oversight and
Human role authorizer, communicator, or output must be override, o L. .
. . contribution visible underreported autonomy analysis
decision-maker extracted authority

Pharmacist judgment, intervention,

Referen .
elerence . art review, expert panel, database
standard . .
identity, or outcome
Internal, temporal, external,
Validation multicenter, prospective, or
independent
Model, task, workflow, safety,
Outcomes clinical, patient, equity, or
implementation outcome
Usefulness Meaningful workflow or patient
and effect; action without pharmacist
autonomy confirmation

Defines what Interpretation of

Provenance and  Label source and Historical action may

I R erformance agreement and
adjudication recorded  adjudication P not be ground truth &
represents error
Development testing is . . Supports o
P & Site, period, PpOIts Data overlap may Transferability
not independent . applicability .
i sample unit inflate performance assessment
validation assessment
. Metri Prevent: I . .
Outcome levels remain etic, CVENIS ACCUTACY  gjective technical  Outcome-level
separale denominator, from becoming reportin synthesis
P uncertainty benefit P & Y
Neither inferred from Effect,' Separates Automated” may Demonstrated
confirmation,  performance from mean only
accuracy alone . L . autonomy
authority decision rights computational
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Harmful output, subgroup Extract assessed Identifies . Gap and
Safety and . . Safety and . Nonreporting may be R
. performance, representativeness, and  findings and record consequential . . applicability
equity subgroup fields . mistaken for no risk .
access nonassessment evidence gaps synthesis
Note: Operational definitions and synthesis categories are review-derived unless attributed to a methodological source.
Classification of Pharmacy Tasks Search and Selection Results
Tasks were classified by their immediate function rather than ~ The searches identified 1,266 records: 214 from

by broad author labels. Domains comprised dispensing and
supply, prescription and clinical review, medicines
information, patient-facing services, and administrative or
population-health work. Functions included recognition,
retrieval, prediction, prioritization, anomaly detection,
generation, verification, and recommendation. A separate
workflow layer identified whether the output prompted
inspection, escalation, communication, authorization, or
action.

Synthesis and Visualization

Heterogeneity in tasks, designs, comparators, and outcomes
precluded quantitative pooling. Evidence was organized by
task, method, setting, reference standard, human role,
maturity, outcome, and autonomy. Contradictory findings
were retained rather than resolved through vote counting. The
task—maturity—oversight framework was treated as an
original review-derived synthesis rather than a validated
implementation model.

Deviations from Protocol

No deviation altered the review question, publication
window, eligibility framework, or evidence classification.
Quantitative synthesis was not undertaken because the
included studies examined non-equivalent tasks, reference
standards, settings, and outcomes.

IDENTIFICATION FROM DATABASES
MEDLINE/PubMed: 214
Embase: 286
Scopus: 33
Web of Science Core Collection: 198
CINAHL: n
International Pharmaceutical Abstracts: 84
IEEE Xplore: 53

Database records: 1,237

MEDLINE/PubMed, 286 from Embase, 331 from Scopus,
198 from Web of Science Core Collection, 71 from CINAHL,
84 from International Pharmaceutical Abstracts, 53 from
IEEE Xplore, and 29 from supplementary searching. After
removal of 472 duplicates, 794 records underwent title-and-
abstract screening. Of these, 641 were excluded and 153
reports were sought for retrieval. Four reports could not be
retrieved, leaving 149 full-text reports for eligibility
assessment.

A total of 127 full-text reports were excluded: 36 did not
examine an identifiable pharmacy-practice task, 14 contained
no eligible Al component, 19 were ineligible publication
types, nine were outside the 2017-2025 window, three lacked
a verifiable DOI, 16 did not meet the journal-quartile
criterion, 18 provided insufficient task-level evidence, seven
were duplicate reports without unique evidence, and five
were non-peer-reviewed. Twenty-two reports representing 22
distinct studies were included. No quantitative synthesis was
undertaken.

Figure 1 presents the completed review-selection pathway in
a black-and-white PRISMA-ScR flow diagram for evidence
selection, documenting identification, deduplication,
screening, eligibility, exclusions with reasons, and final
inclusion using the reconciled record-accounting values.

OTHER METHODS
Supplementary searching: 29

Supplementary records: 29

v v

I TOTAL RECORDS IDENTIFIED: 1,266

¥

| DUPLICATES REMOVED: 472
L 2

RECORDS AFTER DEDUPLICATION: 794

J
¥
[ RECORDS SCREENED: 794 |
3
L RECORDS EACLUDED: S41 | [FoLL-TExT RepoRTS ExcLUDED: 27
i "
[ REPORTS SOUGHT FOR RETRIEVAL: 153 [l [rotrrapriamens quml
L 2 Inaligible publication type: 19
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¥ No verifiable DOI: 3
[ FULL-TEXT REPORTS ASSESSED FOR ELIGIBILITY: 149 [o| e im0
3 okl -
[ REPORTS INCLUDED: 22 |l enspitinrimponton sl
¥
[ STUDIES INCLUDED: 22 |
¥
[ QUANTITATIVE SYNTHESIS: NOT APPLICABLE ]

Figure 1. PRISMA-ScR Flow Diagram for Evidence Selection
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Publication and Geographic Characteristics

The included evidence represented hospital, ambulatory,
primary-care, community-facing, patient-support, and
medicines-information contexts. Prescription-risk
prioritization was evaluated in hospital medication-review
workflows [17], while alert generation was examined through
retrospective clinical and cost analysis [18]. Dispensing-
related evidence included deep-learning pill identification
[19], and operational patient-service evidence included an
Al-supported pharmacist adherence program [20]. Most
studies remained institution-specific, limiting assumptions
about transferability —across countries, formularies,
prescribing systems, pharmacy roles, and patient populations.

Evidence-Base Characteristics

Al Methods Represented

Supervised machine learning predominated in prescription
prioritization and intervention prediction. Deep convolutional
networks were used for pill recognition, anomaly-detection
methods identified unusual prescriptions or dosing patterns,
and large language models were evaluated mainly for
medicines-information tasks. Hybrid systems combined
learned models with rules or pharmacist review.

Provider-action data were used to predict whether an
inpatient medication order would receive pharmacy
intervention [21]. Because the outcome represented recorded
professional action, it could reflect local workload,
documentation, and policy as well as clinical need.
Pharmacists’ perceptions of atypical medication orders did
not always correspond directly with model predictions [22],
emphasizing that algorithmic and professional judgments
were not interchangeable.

Dispensing and Supply Tasks

Dispensing-related evidence focused mainly on visual
recognition. Multicenter testing examined pill-recognition
performance across clinical settings and platforms [23]. The
demonstrated function was product recognition from an
image, not autonomous completion of prescription
interpretation, product selection, legal verification, labeling,
final checking, supply, counseling, or accountability.

Table 2 organizes the evidence, constructs, relationships,
uncertainties, and boundary conditions required for
characteristics and classification of the evidence included in
the review What Work Has Artificial Intelligence Actually
Taken On in Pharmacy? A Scoping Review of Dispensing,
Clinical Review, and Medicines Information.

Table 2. Characteristics and classification of the evidence included in the review What Work Has Atrtificial
Intelligence Actually Taken On in Pharmacy? A Scoping Review of Dispensing, Clinical Review, and Medicines

Information.
. Study or . Comparator or S
Evidence y Population or Al system or P Outcome or Validation T
source . i . reference Key limitation
category . setting intervention construct level
design standard
Retrospective Pharmacist- Local Predicted risk does
Prescription-risk P Hospital Machine-learning . . Prioritization for . not establish actual
PR development and o .. identified . retrospective
prioritization [17] . prescriptions decision support Lo . review . harm or safe
evaluation medication-error risk evaluation .
exclusion
Prescribing-alert I.{e.t rospective Health-system Machine-learning alert Chng review gnd Po'te'ntlal Local . PrevenF ed harm may
. . . clinical and cost s existing decision prescribing-error retrospective  be estimated rather
identification [18] . medication orders system : !
analysis support detection evaluation than observed
Pill-image Algorithm- Deep convolutional Reference pill Image Controlled

Pill-image dataset

identification [19] development study network

Internal testing recognition is not

classification . -
complete dispensing

identity

Al contribution

Pharmacist-1 tional Patients target Al- It . .
cist-led Operationa atients targeted suppo ed case Program or usual Adherence- Operational  cannot be isolated
adherence program for adherence targeting plus . .
. . . . workflow related outcome  evaluation from pharmacist
support [20] evaluation intervention pharmacist outreach work
. . . . . N - Historical action is
Intervention Retrospective Inpatient Machine learning  Historical pharmacy Probability of Internal not an independent
prediction [21]  prediction study medication orders using provider actions intervention intervention validation p
harm standard
Atypical-order Humanf{\l Hospltal Machine-learning Pharmacist Agreement and Local. Profess.l Om.ll
assessment [22] comparative pharmacists and atypicality model perception divergence comparative perception is
evaluation medication orders evaluation  context-dependent
Multicenter pill Multicenter real-  Clinical images  Deep-learning pill . a1 . Recognition Multicenter Does not establish
i . o Verified pill identity . S dispensing autonomy
recognition [23] world evaluation across platforms recognition across sites validation

or safety

Note: Evidence categories describe the immediate function evaluated and do not imply equivalent maturity, clinical consequence, or autonomy.
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Prescription and Clinical-Review Tasks
Prescription-review systems mainly determined which orders
should receive attention. A hybrid system was evaluated for
ruling selected prescriptions out of comprehensive
medication review [24]. Its practical significance depended
not only on model performance but also on the consequences
of incorrectly deprioritizing an order and on the safeguards
retained in the local workflow.

Canceled or self-intercepted medication orders were also
used as signals for potential ordering error [25]. This enabled
learning from routinely collected behavior, but cancellation
remained an imperfect proxy because orders may be stopped
for administrative, formulary, timing, or preference-related
reasons.

A hospital model predicted pharmaceutical interventions
from prescription-review data [26]. Such systems may
organize workload by directing attention to cases more likely
to prompt intervention, but they do not determine whether an
intervention is correct, accepted, clinically consequential, or
transferable to another institution.

Medicines-Information Tasks

Medicines-information applications generated or retrieved
explanatory content rather than ranking structured medication
orders. Evaluations examined correctness, completeness,
reference quality, clinical applicability, and potential risk.
Interpretation required attention to model version, prompt
construction,  language, observation date, source
transparency, and the distinction between fluent output and
accountable advice.

Patient-Facing and Administrative Tasks

An algorithmic population-health intervention identified
patients with atrial fibrillation who might require
anticoagulation review [27]. Pharmacist assessment excluded
many algorithm-identified cases after considering clinical
circumstances, and the intervention did not increase
anticoagulant initiation. The system therefore demonstrated
worklist generation while also showing why algorithmic case
finding could not be equated with a final recommendation.

Deep-learning pill identification could assist patients,
caregivers, or pharmacy personnel in recognizing tablets
against a reference database [28]. Recognition did not
establish  indication, dose, authenticity, ownership,
suitability, or safe administration.

Large-language-model responses were also compared with
drug-information answers produced or assessed by clinical
pharmacists [29]. The system performed a drafting or
answering function, but pharmacists retained responsibility
for clarification, evidence checking, individualized
interpretation, and communication of uncertainty.

Level of Autonomy Actually Studied

Most systems had low or conditional autonomy. They
flagged, ranked, identified, or drafted; pharmacists or other
clinicians reviewed outputs before consequential action.
Pharmacists also frequently supplied labels, defined
intervention outcomes, adjudicated errors, or served as
comparators. Human contribution therefore occurred both
upstream and downstream of the model.

No included evidence established autonomous completion of
comprehensive medication review, dispensing, medicines-
information practice, or patient-specific therapeutic decision-
making. “Automated” generally described computational
execution rather than independence from professional
confirmation or authority.

Evaluation Settings and Outcome Types

One medicines-information evaluation compared ChatGPT
responses with answers produced by a drug-information
center [30]. This offered an accountable professional
comparator but did not establish that one center represented
every possible expert response or institutional standard.

Search-engine-integrated chatbots were evaluated for the
quality and risks of drug information [31]. Their performance
depended on the query, platform, access date, retrieval
behavior, and underlying sources. A real-world analysis of
ChatGPT likewise identified variable performance and
potential risks in medicines-information use [32]. These
findings concerned particular systems and observation
periods rather than a stable property of all language models.

Across task domains, the most common outcomes were
accuracy, discrimination, sensitivity, specificity, agreement,
and intervention yield. Fewer studies assessed pharmacist
workload, review time, override, recommendation
acceptance, prescribing change, adherence, patient outcome,
safety events, subgroup performance, equity, maintenance, or
implementation burden.

Evidence Gaps

Independent external validation remained uncommon. Many
models learned from single-site historical actions, embedding
local documentation and intervention practices into the target.
Calibration, temporal drift, subgroup performance, missing
data, alert fatigue, override behavior, and the consequences
of false reassurance were inconsistently assessed.

Evidence was sparse for community-pharmacy counseling,
medicines reconciliation, transitions of care, controlled-drug
governance, supply disruption, pharmacovigilance, long-
term patient outcomes, and equity. Nonassessment of
subgroup performance could not be interpreted as evidence
that performance or access was equitable.

Discussion: Principal Findings and Interpretation
Principal Findings
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Al had taken on bounded components of pharmacy work
rather than complete professional roles. It classified pill
images, identified unusual orders, estimated intervention
probability, prioritized review, generated medicines-
information responses, and constructed patient worklists.
Renal-function data were used to identify patients at risk of
inappropriate dosing [33], pharmacy inquiry records
supported prediction of dose-related questions [34], and
unsupervised methods flagged potential overdose or
underdose prescriptions [35].

These functions shared a common structure: the system
narrowed, ordered, recognized, or drafted information, after
which a pharmacist determined whether the output was
relevant and what action was justified. The Al contribution
could be operationally meaningful without becoming
equivalent to accountable medication decision-making.

Difference between Automation Claims and
Demonstrated Work

Broad descriptions such as “automated medication review”
concealed the narrower tasks actually evaluated. Across

development and daily-practice studies, Al was used
principally to prioritize or filter prescriptions for pharmacist
review rather than to replace the pharmacist’s final clinical
judgment [17, 24, 26]. Pill recognition represented one
component of dispensing, and response generation
represented one component of medicines-information
practice.

Technical performance and clinical usefulness were distinct
evidential layers. High discrimination could indicate that
historical pharmacist actions were predictable without
showing that the model improved review quality, prevented
harm, reduced inequity, or remained safe after
implementation.

Figure 2 presents the original conceptual synthesis for
evidence map of Al tasks across dispensing, clinical review,
and medicines information, showing how the article’s
principal components, evidence relationships, uncertainties,
and decision boundaries are connected.

EVIDENCE MATURITY
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Figure 2. Evidence Map of Al Tasks across Dispensing, Clinical Review, and Medicines Information

Implications for Pharmacy Practice

Evaluation should remain task-specific. Prescription-ranking
tools require assessment of missed high-consequence cases,
alert burden, pharmacist response, and workflow effect.
Recognition tools require testing under realistic image

conditions and explicit management of uncertainty.
Medicines-information systems require evaluation of
factuality, evidence provenance, currency, harmful

omissions, and clarification needs.
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Evidence should not be transferred between tasks. Ability to
prioritize orders does not validate counseling; pill recognition
does not validate dispensing; and response generation does
not confer authority to make patient-specific treatment
decisions. Implementation remains conditional on local
validation, professional oversight, escalation, governance,
and monitoring.

Implications, Strengths, and Limitations
Implications for Research and Reporting

Future studies should define the unit of pharmacy work
before reporting model performance. Drug-specific dose-
correction prediction illustrates how rare outcomes, class
imbalance, and local treatment practices constrain
interpretation [36]. Reports should identify who created
labels, who reviewed outputs, which actions were permitted,
how uncertainty was communicated, and what occurred when
the model and pharmacist disagreed.

Clinical-pharmacy evaluations of ChatGPT also demonstrate
the need to distinguish factual correctness from applicability,
completeness, and patient-specific safety [37]. Version
control is essential because performance may change
materially between model generations [38]. Model and
interface versions, prompts, access dates, retrieval settings,
language, and source availability should therefore be
reported.

Priority designs include temporal and external validation,
prospective silent evaluation, workflow trials, independent
replication, and mixed-method human-factors assessment.
Outcomes should extend beyond discrimination to
calibration, workload, time, override, recommendation
acceptance, prescribing change, detected and missed harm,
patient experience, equity, sustainability, and performance
under data or model drift.

Strengths and Limitations

A principal strength was the task-centered approach, which
distinguished what the system computed from what pharmacy
personnel interpreted or authorized. The review also
separated technical outcomes from workflow, clinical, safety,
patient, equity, and implementation outcomes and treated
autonomy as an independent construct.

Limitations included heterogeneous terminology, task
definitions, reference standards, and validation designs.
Historical pharmacist action was frequently both training
label and evaluation target. Rapid model change complicated
comparisons of language-model studies. The evidence map
therefore describes the distribution and boundaries of
available work rather than establishing comparative
effectiveness across non-equivalent technologies.

ConcLUSsION
Artificial intelligence has taken on identifiable but bounded
components of pharmacy work. The most frequently

demonstrated functions were prescription prioritization,
anomaly detection, intervention prediction, pill recognition,
algorithmic case finding, and generation of medicines-
information responses. These functions generally reduced,
reordered, recognized, or drafted information rather than
completing an entire professional task.

Pharmacists remained central as label providers, reviewers,
contextual interpreters, authorizers, communicators, and
accountable decision-makers. Algorithmic worklists could
contain contextually inappropriate cases, recognition tools
addressed only one component of dispensing, and fluent
medicines-information responses still required evidence
checking and clinical interpretation.

Pharmacy Al should therefore be described according to its
immediate task, evidence maturity, human oversight,
comparator, and outcome. Technical accuracy should not be
treated as proof of medication safety, patient benefit,
transferable =~ workflow  improvement,  professional
equivalence, or autonomous authority. Stronger evidence will
require external validation, prospective workflow testing,
consequence-sensitive outcomes, explicit allocation of
human and algorithmic roles, equity assessment, version
control, and postimplementation monitoring.
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