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Abstract

Large language models (LLMs) can generate medication information, counselling content, interaction assessments, and pharmacotherapy
suggestions, but answer quality alone does not establish safe or useful pharmacy practice. To determine how accurately and safely LLM-
based systems perform pharmacy-relevant work, what clinical-use evidence exists, and which task-, model-, comparator-, and setting-specific
boundaries constrain claims of trustworthiness. A protocol-driven systematic review was conducted in accordance with PRISMA 2020.
PubMed/MEDLINE, publisher and Crossref-indexed records, and backward and forward citation searches were examined through 3 August
2026. Eligible studies were peer-reviewed Q1 journal articles evaluating an LLM or LLM-enabled system on a medication-work task. Two
reviewers independently screened records, extracted study and model characteristics, harmonized outcomes, and appraised risk of bias,
reproducibility, and applicability. Findings were synthesized narratively by pharmacy task and evaluation design because outcomes were
unsuitable for meta-analysis. Forty-six records were identified, four duplicates were removed, 42 records were screened, 32 full-text reports
were assessed, and 20 studies were included. Evidence was dominated by retrospective, cross-sectional, simulated-case, and output-rating
designs. Performance varied with task complexity, model and version, prompting, grounding, reference standard, assessor, and scoring
definition. Retrieval augmentation and customization improved selected output measures, but hallucination, omission, inconsistency, weak
referencing, and unsafe or insufficiently qualified recommendations remained. Real-world questions or patient-derived data rarely represented
prospective workflow implementation, and no included study established improved patient outcomes or safe autonomous pharmacy
deployment. LLM trustworthiness in pharmacy is conditional rather than general. Current evidence supports bounded, task-specific evaluation
under professional verification, not unsupervised clinical delegation. Prospective, externally validated, harm-sensitive studies are required.
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INTRODUCTION 4]. A model may match a reference answer yet fail to
recognize uncertainty, decline an unsafe request, identify a
contraindication, explain its evidential basis, or support
appropriate escalation to a pharmacist. An error involving a
low-consequence factual item also does not carry the same

Large language models are increasingly evaluated for
medication information, prescription review, drug-related-
problem identification, interaction checking, counselling, and
pharmacotherapy support. The medication-harm literature
nevertheless remains heterogeneous and concentrated in -
drug-interaction, decision-support, and pharmacovigilance Address for correspondence: Daniel Fischer, Department of
tasks: t . . found ti tudi LLM Trust and Pharmacy Work, Faculty of Pharmacy,
asks; a recent scoping review found no prospective studies University of Freiburg, Freiburg, Germany.
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This imbalance matters because a fluent response may be

correct on a narrow question while remaining incomplete, This is an open-access article distributed under the terms of the Creative Commons
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adverse-drug-event literature, technical performance does not Pharm Pract. 2026;17(3):10-8.
by itself establish safer care, and medication-related Al must https://doi.org/10.51847/WHAwvGP2Pm

be evaluated against defined harm domains and use cases [2-
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implications as an incomplete recommendation involving
polypharmacy, pregnancy, organ impairment, or treatment
modification.

This review asked: among pharmacy-relevant medication
tasks performed for patients, pharmacists, or other health
professionals, how accurately and safely do LLM-based
systems perform; what level of clinical-use evidence exists;
and which task-, model-, comparator-, and setting-specific
boundaries constrain claims of trustworthiness? Medicines
information, counselling, prescription and drug-related-
problem review, interaction detection, deprescribing,
medication instructions, uncertainty and refusal, pharmacist
comparison, and prospective or real-world workflow
evidence were examined. Drug discovery, molecular design,
education-only examinations, perception surveys without
performance outcomes, non-generative prediction models,
and tasks without a medication-work endpoint were outside
scope. Trustworthiness was treated as a layered judgment
involving output validity, safety behaviour, reproducibility,
human mediation, workflow applicability, and patient
consequence rather than as a single accuracy score.

Review Design, Questions, and Protocol

Protocol and Registration

An a priori protocol specified the review questions, eligibility
criteria, search concepts, screening units, extraction fields,
appraisal domains, synthesis groups, and sensitivity analyses.
Identification, screening, eligibility, inclusion, and synthesis
were reported in accordance with PRISMA 2020 [5]. The
protocol was not prospectively registered in a public registry;
this is reported as a transparency limitation and not
represented as registration.

Review Questions

The primary question addressed performance, safety, and
clinical-use maturity for LLM-enabled pharmacy work.
Secondary questions examined variation by task, setting,
model and version, prompt, grounding strategy, comparator,
reference standard, outcome definition, assessor, and
validation level. Search sources, dates, strategies,
deduplication rules, supplementary searching, and selection
decisions were documented using PRISMA-S principles [6].
Records, reports, and studies were treated as distinct units,
although each included study was represented by one report.

Eligibility Criteria

Eligible reports were peer-reviewed journal articles published
from 2017 through 3 August 2026, had a verifiable DOI,
appeared in a journal verified as Q1 in a relevant category
using the latest completed ranking available before the search
freeze, and provided extractable empirical evidence for a
pharmacy-relevant medication task. Eligible systems were
general-purpose, customized, retrieval-augmented, or
otherwise LLM-enabled generative systems. Conventional
machine-learning prediction systems without generative
language functionality were excluded.

Pharmacy-Task Taxonomy and Model Eligibility
The prespecified taxonomy comprised medicines-
information answering; prescription review; medication-
therapy management and drug-related-problem
identification; adverse-drug-reaction recognition or causality
support; drug—drug and drug—herb interaction assessment;
deprescribing; patient counselling; personalized medication
instructions; and refusal, uncertainty, clarification, or
escalation behaviour. Questions could be simulated, curated,
literature-derived, collected from practice, or generated from
patient data, but these input sources were not treated as
equivalent evidence levels.

Prediction-oriented  evaluations were assessed for
participants, inputs, outcomes, analysis, applicability, and Al-
specific risks using relevant PROBAST+AI domains [7].
Studies approaching clinical decision support or workflow
use were additionally examined for intended users, workflow
integration, human factors, safety reporting, and prospective
evaluation features reflected in DECIDE-AI [8]. These
frameworks organized appraisal; they did not validate an
LLM or convert output-level testing into clinical-
effectiveness evidence.

Eligibility, Definitions, and Information Sources
Operational Definitions

General medical knowledge performance was distinguished
from pharmacy-task performance because success on broad
clinical benchmarks cannot be treated as direct evidence of
medication-work safety [9]. LLM output was defined as
generated natural-language content produced in response to a
pharmacy-relevant prompt, with or without retrieval,
customization, or structured prompting. Fluency was not
considered evidence of correctness because plausible medical
output can coexist with factual error, unsupported reasoning,
and uncertain clinical reliability [10].

Accuracy comprised agreement with a prespecified reference
standard or expert judgment. Completeness, relevance,
consistency, citation quality, harmfulness, and uncertainty
behaviour were extracted separately. Clinical-use evidence
required more than answer scoring, such as intended-user
interaction, prospective workflow testing, implementation
measures, treatment decisions, or patient outcomes. Human-
rated usefulness of generated decision-support suggestions
was treated as an intermediate output rather than evidence of
acceptance, deployment, or patient benefit [11]. Conventional
machine learning, generative Al, conversational systems, and
LLM-based decision support were kept analytically distinct
[12].

Information Sources and Search

PubMed/MEDLINE was searched through 3 August 2026.
Publisher and Crossref-indexed records were searched to
verify titles, journal records, and DOIs and to identify eligible
reports not retrieved through the principal bibliographic
search. Search concepts combined “large language model,”
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LLM, ChatGPT, GPT-4, and generative Al with pharmacy,
pharmacist, medication, drug information, pharmacotherapy,
prescription, counselling, drug interaction, medication safety,
accuracy, hallucination, uncertainty, refusal, clinical use,
workflow, and validation. Limits were English language,
journal article, and publication from 2017 through the search
date.

Supplementary searching comprised backward and forward
citation checking from the principal medication-harm review,
key pharmacy evaluations, and methodological guidance.
DOI-first deduplication was followed by normalized title,
author, and year comparison.

Dual Screening and Data Extraction

Two reviewers independently screened titles and abstracts
and then assessed full texts. Disagreements were resolved
through discussion and consensus, and full-text exclusion
reasons were assigned from a prespecified hierarchy.

Using a structured form, two reviewers extracted study
design, setting, users or population, question or data source,
sample size, model and version, access date where reported,
prompting and repetition strategy, retrieval or customization,
comparator, reference standard, assessor expertise and

blinding, outcome definitions, numerical results, safety
findings, reproducibility information, prospective workflow
features, patient outcomes, subgroup or equity reporting, and
author-stated limitations. Extracted information was
reconciled against the source report.

Outcome Harmonization

Results were retained in their original denominators, scales,
and measurement forms. No common accuracy construct was
imposed across binary correctness, rubric scores, Likert
ratings, agreement measures, completeness assessments, or
preference outcomes. Safety findings were classified by
potential consequence, including harmful recommendations,
missed contraindications or interactions, unsupported
treatment changes, omissions, and failures to qualify or
escalate. Refusal was distinguished from evasion, omission,
generic disclaimers, requests for clarification, and calibrated
expressions of uncertainty.

Table 1 organizes the evidence, constructs, relationships,
uncertainties, and boundary conditions required for
eligibility, definitions, and evidence-extraction framework
for the review Can Large Language Models Be Trusted with
Pharmacy Work? A Systematic Review of Accuracy, Safety,
and Clinical Use.

Table 1. Eligibility, definitions, and evidence-extraction framework for the review Can Large Language Models Be
Trusted with Pharmacy Work? A Systematic Review of Accuracy, Safety, and Clinical Use.

. . T Bi r
Review Operational Eligibility or . . as ol Planned
A T Data field Rationale ambiguity .
element definition decision rule risk synthesis use
Include general-purpose,
Generative system customized, or retrieval-  Model, version, Separates LLM Stratification by

LLM-enabled

system producing medication-

related language output

augmented LLMs;
exclude non-generative
prediction tools

Medication task performed,
supported, or verified by
pharmacy professionals

Require a direct

Pharmacy work medication-work endpoint

Real, retrospective,
curated, or simulated
question, case, or patient
data

Include but label the

Input source source explicitly

Pharmacist, physician,

guideline, database, Require an identifiable

Comparator or

access date,
grounding

Population, case
source, complexity

Standard, expertise,

Version drift and

evidence from broader
opaque updates

Al categories [12].

model configuration
and reporting

General benchmarks

. . rl ith .
Task, intended user, are not direct Ove. apw t Synthesis by task
. . medicine and
setting pharmacy evidence . taxonomy
education

[9].

“Real-world” may Separate source
still describe realism from
offline testing implementation

Input provenance
affects applicability

Correctness depends Expert agreement Interpret findings

. . standard or assessor adjudication, . may conceal  within comparator
standard product information, expert S on comparator quality
. process blinding shared error strength
panel, or rubric
. . Broad knowl Binary labels can ~ Report within
Agreement with the study’s  Preserve the original ~ Correctness, score, oad' ow edge ary abe. sca cport w .
Accuracy . f success is insufficient conceal omissions compatible metric
stated reference standard  metric and denominator agreement . o
[9]. and severity families
Coverage of necessar Omissions, Fluent output ma
Completeness and g S8 Bxtract separately from directness, ent outp y Rubrics and Identify recurrent
content and responsiveness remain incomplete or . ..
relevance . accuracy relevance, thresholds differ omission patterns
to the question unsupported [10].
references
Harmful .ad\.llce., missed . . Error type, severity, Insensitive testing ~ Synthesize by
contraindication or Require described Harm must be . .
Safety . . L harmfulness, .. may fail to detect potential
interaction, unsupported adjudication . explicitly defined
escalation harm consequence

change, or failed escalation
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Decline, qualification,
clarification request, or
escalation

Distinguish from
omission, evasion, and
generic caveats

Refusal and
uncertainty

Intended-user, workflow,

Clinical-use Output ratings alone do

. Calibration
Refusal, confidence, Safe behaviour . .
: . . - metrics were  Narrative cross-task
clarification, includes recognizing .
. e rarely synthesis
escalation limits :
prespecified

Prospective design,

Simulated realism Evidence ladder
workflow measure,

Usefulness is an

N decision, or patient- . .. . intermediate outcome may imply from output testing
evidence . not qualify decision or patient .
outcome evaluation [11]. effectiveness to outcomes
outcome
. . rkflow, Early evaluation . . ..
AR Transferability to intended . Wo HOW, arly evauatio Technical studies ~ State explicit
Applicability and . Judge against the oversight, requires workflow and . .
. . users, setting, workload, . L may imply practice non-
implementation . . proposed intended use monitoring, external human-factor . .
oversight, and monitoring L . readiness inferences
validation reporting [8].
Differential performance - .
. Extract when tested; Subgroups and Missing subgroup  Aggregate scores Map evidence gaps
. by language, literacy, . . . . = . . . ;
Equity h L otherwise record as not differential evidence limits may hide without imputing
demographic, or clinical L s .
assessed outcomes generalizability variation fairness
subgroup
Eligibility and extraction rules determine what counts as A review-specific  appraisal combined applicable

evidence; they do not establish that any system is trustworthy.
Search, Selection, and
Synthesis

Search and Selection Procedures

Search outputs were entered into a record-level log
containing a unique identifier, source, search date, title, DOI,
duplicate status, title-and-abstract decision, retrieval status,
full-text decision, exclusion reason, and final synthesis status.
Deduplication used DOI matching first and normalized
bibliographic comparison second. Independent screening
decisions were reconciled before progression. Full texts were
sought for every record retained after title-and-abstract
screening.

Extraction, Appraisal,

Extraction and Synthesis

Extraction was independently completed and reconciled
against each report. When outcomes were incompletely
reported, the available numerator, denominator, scale, or
qualitative judgment was retained without deriving
unreported performance values. Because tasks, models,
prompts, reference standards, assessors, and outcomes were
noncommensurable, meta-analysis was not undertaken.
Narrative synthesis prespecified task groups, evaluation-
design groups, direction and consistency of findings,
limitations, and evidence displays in accordance with SWiM
[13].

Model-development and validation reports were expected to
disclose data provenance, participants or cases, outcomes,
performance measures, and evaluation design sufficiently for
appraisal, using relevant TRIPOD+AI principles where
applicable [14]. These criteria were applied modularly:
conversational answer-rating studies were not judged as
prediction models, but absence of the model version, prompt,
access date, reference standard, or external evaluation
remained a reproducibility or applicability concern.

Risk-of-Bias and Applicability Appraisal

PROBAST+AI domains with DECIDE-AI and TRIPOD+AI
concepts. Domains covered selection and input-data risk;
reference-standard quality and independence; assessor
expertise and blinding; prompt and model reproducibility;
outcome validity; repeated-query consistency; external
validation; prospective workflow testing; patient outcomes;
and subgroup or equity assessment.

Al-versus-clinician comparisons were scrutinized for design
symmetry, comparator quality, reporting completeness,
external validation, and risk of bias before equivalence or
superiority claims were accepted [15]. Overall judgments
were structured reviewer assessments rather than regulatory
or clinical determinations.

Reproducibility appraisal recorded unavailable prompts,
unreported model snapshots or access dates, changing
proprietary systems, inaccessible data, incomplete scoring
instructions, and absent analytic code. These omissions can
prevent independent reconstruction even when headline
performance values are available [16]. A study could
consequently have low concern for answer scoring within its
sample but high concern for reproducibility or applicability.

Planned Sensitivity Analyses

Sensitivity analyses were qualitative because no pooled
estimate was calculated. Findings were re-examined by
general-purpose versus customized or retrieval-augmented
systems; simulated versus practice-derived questions or
patient data; factual versus patient-specific reasoning tasks;
pharmacist or validated-resource comparators versus less
independent rubrics; blinded versus unblinded assessment;
single versus repeated prompts; and adequate versus
incomplete reporting of model version and prompt.
Conclusions were also checked after excluding studies whose
principal endpoint was preference or perceived usefulness
rather than factual or safety performance.

Protocol Deviations
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No substantive eligibility, outcome-domain, or appraisal
deviations occurred after screening began. Quantitative
synthesis was conditional on sufficiently comparable tasks,
outcomes, and denominators; that condition was not met, so
the prespecified narrative pathway was used. The scope did
not expand to education-only benchmarks, drug discovery,
non-generative Al, or perception studies. Narrative synthesis
was selected because heterogeneity precluded defensible
pooling, not because narrative synthesis itself established
clinical validity.

Search and Selection Results

Study-Selection Flow

The searches identified 46 records: PubMed/MEDLINE, 29;
Crossref or publisher searches, 10; and citation chasing,
seven. Four duplicates were removed, leaving 42 records

Records identified (n=46)
PubMed/MEDLINE (n=29)
Crossref/publisher (n=10)
Citation chasing (n=7)

.

Duplicates removed (n=4)

v

Records screened (n=42)

screened. Ten were excluded, and all 32 reports sought were
retrieved and assessed. Twelve full texts were excluded:
secondary review rather than primary study (n=4), education
or examination benchmark outside pharmacy-work outcomes
(n=3), not verifiably QI in a relevant category (n=1),
conference or meeting abstract only (n=2), adjacent specialty
outside operational pharmacy-work scope (n=1), and indexed
after the prespecified search freeze (n=1). Twenty reports
representing 20 studies entered narrative synthesis; none
entered quantitative synthesis.

Figure 1 presents the completed review-selection pathway in
a black-and-white PRISMA 2020 flow diagram for study
selection, documenting identification, deduplication,
screening, eligibility, exclusions with reasons, and final
inclusion using the approved record-accounting values.

,

v

Records excluded (n=10)

Reports sought for retrieval (n=32)

.

v

Reports not retrieved (n=0)

Full-text exclusions (n=12)

Reports assessed for eligibility (n=32)

Y

Studies included (n=20)
Quantitative synthesis (n=0)

Reports included in review (n=20)

A4

Secondary review, not primary study (n=4)

Education/examination benchmark outside
pharmacy-work outcomes (n=3)

Not verifiably Q1 in relevant category (n=1)

Conference/meeting abstract only (n=2)

Adjacent specialty outside operational
pharmacy-work scope (n=1)

Indexed after the prespecified search freeze (n=1)

Values reconcile as 46—-4=42, 42-10=32, 32-0=32, and 32-12=20.

Figure 1. PRISMA 2020 Flow Diagram for Study Selection

Study, Model, and Task Characteristics

The evidence ranged from multi-domain clinical-pharmacy
tasks and medication-therapy-management cases to real drug-
information questions, with heterogeneous comparators and
scores [17-19]. Repeated prompting showed that accuracy
and consistency were separable [20]. Every study was
retrospective, controlled, simulated, or output based; none
evaluated a live prospective pharmacy workflow, patient
outcomes, or convincing external validation.

Evidence-Base Characteristics

Medicines-Information Accuracy

Medication-question studies combined directness, accuracy,
completeness, relevance, references, and expert judgment
differently [21]. Factual benchmarks did not test patient-
specific reasoning [22]. Practice questions showed task-
dependent performance insufficient for replacement claims
[23], while cross-model rankings changed by scenario and
dimension [24].
Prescription and
Performance

Drug-Related-Problem
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characteristics and classification of the evidence included in
the review Can Large Language Models Be Trusted with
Pharmacy Work? A Systematic Review of Accuracy, Safety,
and Clinical Use.

Controlled prescription and drug-related-problem studies
suggested task support but remained simulated and
complexity-sensitive [18].

Table 2 organizes the evidence, constructs, relationships,
uncertainties, and boundary conditions required for

Table 2. Characteristics and classification of the evidence included in the review Can Large Language Models Be
Trusted with Pharmacy Work? A Systematic Review of Accuracy, Safety, and Clinical Use.

. Study or . Comparator or s
Evidence y Population Al system or p Outcome or Validation Lo
source . f . reference Key limitation
category . or setting intervention construct level
design standard
Multi-task and Controlled or Clinical- General-purpose Pharmacists or Accuracy, consistency, Internal output Small sets; no
management simulated cases harmacy cases LLMs expert solutions drug-related problems, testin, workflow or
g [17,18,20] p 4 P recommendations & outcomes
Drug-information Ret.rospectl\'/e Academic or ChatGPT . Pharmacists, Correctness, Practice-derived ~ Single services;
. practice questions . . literature, reference completeness, relevance, . ]
service hospital services snapshots output testing unstable versions

(19, 21]

Factual and Exploratory Factual or
. General-purpose
pharmacology benchmarks [22, practice
. chatbots
knowledge 23] questions

Cross-model  Mixed-methods Four structured Eight generative
clinical scenarios comparison [24] scenarios systems

Answer keys or

answers references

Internal Complex reasoning

linical A 1
clinical - ccuracy and usefulness benchmark untested
pharmacologists
Cross-model Rapid version
Expert rubric Six quality dimensions internal change; no
comparison implementation

Patient-Counselling Performance

Package-insert customization improved selected over-the-
counter counselling measures, but reliability remained
incomplete and patients were not tested [25]. Community-
pharmacy scenarios suggested possible support while leaving
diverse patients and high-consequence decisions untested
[26]. For selected real inquiries, GPT-4-level answers
approached pharmacist ratings but remained variable and
required  verification [27]. No study measured
comprehension,  adherence,  behaviour, or  harm
prospectively. Omissions and unsupported or fabricated
references remained recurrent [19].

Refusal and Uncertainty Behaviour
Appropriateness was higher for basic public questions than
hospital-professional questions, and inappropriate outputs

often lacked specificity [28]. Retrieval augmentation
improved simulated medication instructions without
establishing comprehension or benefit [29]. Search-
integrated chatbots could remain incomplete, difficult to read,
or unsafe despite favourable overall ratings [30]. Refusal,
clarification, calibration, and escalation were rarely
prespecified; absence of overt harm did not establish safe
uncertainty behaviour.

Table 3 organizes the evidence, constructs, relationships,
uncertainties, and boundary conditions required for
methodological quality, applicability, and evidence gaps in
the review Can Large Language Models Be Trusted with
Pharmacy Work? A Systematic Review of Accuracy, Safety,
and Clinical Use.

Table 3. Methodological quality, applicability, and evidence gaps in the review Can Large Language Models Be
Trusted with Pharmacy Work? A Systematic Review of Accuracy, Safety, and Clinical Use.

Observed evidence
pattern

Appraisal
domain

Methodological
concern

Applicability Dlrectlop of Evidence Interpretive
potential
consequence bias needed boundary

Curated or single-service Limited representativeness

Sampling and . . .
piing questions; variable experts and non-equivalent

standards and rubrics [19, 21] standards
Versions, prompts, and
Reproducibility  repeated outputs varied Results may not reconstruct

[20]

Accuracy dominated over
completeness and harm  Omissions may be hidden
[22]

Outcome validity

Scores cannot be

High scores may
coexist with unsafe

Multisite sampling

L . A t is not
Often optimistic and independent greement 1s no

1 L
pooled adjudication correctness
. Versioned prompts, One snapshot cannot
Snapsh(;;;g;i;ngs 38° Either direction dates, repetitions, define a model

code family

Harm-weighted
multidomain
outcomes

Accuracy is not

Optimistic trustworthiness

answers
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Grounding improved

Grounding and selected outputs [25,29];  Task-specific gains and

uncertainty calibration was rarely unsafe confidence
tested [28]
Clinical No live workflow or . .
applicability patient outcomes Output testing dominates

Benefit and harm
remain unknown

o External validation L
Generalization L . Grounding is not
unknown Optimistic and standardized guaranteed fidelity
refusal tests
Strongly ~ Prospective human-

No autonomous-use

optimistic if factors and outcome .
inference

inferred studies

Prospective and Real-World Evidence

For 70 real pharmacotherapy queries, blinded evaluators
rated physician responses higher in quality and factual
correctness than ChatGPT-3.5 outputs [31]. A retrieval-
supported  system  improved  drug-related-problem
identification in controlled cases across 16 specialties but did

not show autonomous effectiveness [32]. Interaction
prediction from hospitalized-patient data remained
retrospective  output validation requiring established

resources and clinical adjudication [33]. Real-world inputs
were not equivalent to prospective implementation, and no
study established improved patient outcomes.

Risk-of-Bias Findings
Across studies, selection, reference-standard, reproducibility,
outcome-validity, and applicability concerns were common.

Discussion: Principal Findings and Interpretation
Trustworthiness was conditional on task, version, prompt,
grounding, comparator, scoring rule, and consequence.
Across deprescribing and interaction tasks, agreement or
detection accuracy did not guarantee complete, consistent,
clinically appropriate recommendations [34-36]. Evidence
was strongest for bounded tasks with explicit standards and
weakest for patient-specific  counselling, treatment
modification, uncertainty management, workflow, equity,
and outcomes.

Figure 2 presents the original conceptual synthesis for
evidence-synthesis framework for large language model
accuracy, safety, and clinical use in pharmacy, showing how
the article’s principal components, evidence relationships,
uncertainties, and decision boundaries are connected.

Provenance

@ External validation

Document sources, data lineage, model and prompt details, versions, and methods across all stages

Validate across settings, populations, and tasks; assess generalizability and transpoctability

@ Monitoring

r N\

Continuously monitor performance, safety signals, drift, and outcomes; enable feedback and leaming

Policies, risk management, accountability, documentation, privacy, security, and regulatory compliance

f r 2 ( \ ( {
Q) Model identity © Taskand © Reference | | () Outper © safety 0 Prarmacst-| | @) Patientand © Bounded
and configuratice context standard behaviowr mediated | equity | decision
| | workflow outcomes
@m ‘Brm 5F | @ mcwsy Qw ‘Q‘MM
‘ e [ B) comimen | | @5 conidn | 1 090
<> Vescn |lulp| gy U B3 - - d -+ SR -»
| | G:‘:‘::" | Q ek Untafe ‘— ‘ 0 Rewvicied
6D oms B s || | st | | g et I | o
g oo | B Cration vakdey @ - Verity i O Rk |
¢ comest Access & equity Nos-
@ ‘ A ‘ O Comsistency @ Uncertanty D:::ﬂ Rescunce use | QWU
. J ) ; L : \ — J ; | S ; —
| | | | | |
Model output # : Technical performance # Automation # Implementation #
medication decision | clinical usefulness professional authority validated benefit
1
i
1
1

' ' '
1 ' '
] | '
' 1 '
' 1 '

Note: Sold links indicate evidence-supported relationships; dashed links indicate proposed or nsufficiently validated relationships.
Ths figure is an original conceptual synthesis and does not represent a validated predictive maodel, chinical recommendation,

regutatory determination, or deployment -ready system.

Figure 2. Evidence-Synthesis Framework for Large Language Model Accuracy, Safety, and Clinical Use in Pharmacy

Implications, Strengths, and Limitations

Implementation can create automation bias, deskilling,
workflow distortion, and new failure pathways despite
favourable average performance [37]. Superficial
explanations or citations do not establish faithful or safe

reasoning [38]. Responsible clinical Al requires explicit
intended use, representative data, external validation,
monitoring, human oversight, and harm-aware governance
[39].
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Table 4 organizes the evidence, constructs, relationships,
uncertainties, and boundary conditions required for integrated
synthesis, uncertainty, and decision implications for the

review Can Large Language Models Be Trusted with
Pharmacy Work? A Systematic Review of Accuracy, Safety,
and Clinical Use.

Table 4. Integrated synthesis, uncertainty, and decision implications for the review Can Large Language Models Be
Trusted with Pharmacy Work? A Systematic Review of Accuracy, Safety, and Clinical Use.

Synthesis  Evidence supporting Conflictingor  Heterogeneity or Confidence Practice Research
domain the finding absent evidence overlap issue boundary implication priority
Completeness and Rubrics and snapshots Verify Versioned multisite
Drug information Bounded factual success [22] P . . P Narrow tasks only  authoritative
referencing failures [19] differed Sources benchmarks
. . . .. . Prospective
Review and drug- Controlled support potential No workflow or Complexity and problem Low for clinical Verified .
L . . pharmacist-
related problems [18,32] outcomes definitions varied benefit assistance only . .
mediated trials
Grounding improved content Comprehension, equity, Products, languages, and  Low beyond Patient-centred

Counselling

Do not delegate

[25, 29] and harm untested contexts differed tested prompts studies
Interactions and Some detection or agreement Recommendations  Databases and thresholds Task-specific Pharmacist Harm-weighted
deprescribing [34, 35] varied [36] differed P adjudication  external validation

Calibration and
deployment benefit
absent

Qualifications sometimes
appeared [28]; oversight is
required [37, 39]

Uncertainty and
governance

Refusal and caveats

Restrict and
monitor use

Challenge sets and

Very low surveillance

overlapped

These are review-derived boundaries, not approval or
deployment determinations.

Strengths were record-level accounting, dual review, explicit
evidence-level distinctions, and harm-sensitive appraisal.
Limitations were changing proprietary systems, language and
QI restrictions, heterogeneous standards, absent pooling,
incomplete reporting, publication bias, and possible
favourable-question selection. The review characterizes
evidence available through 3 August 2026.

ConcLUsION

Large language models cannot presently be considered
generally trustworthy for pharmacy work. Selected systems
performed some bounded tasks under controlled conditions,
but results varied by task, model, prompt, grounding,
comparator, and scoring method. Hallucinations, omissions,
unsupported  recommendations, inconsistency, weak
referencing, and inadequately tested uncertainty remain
important limitations.

Real-world questions or patient data did not constitute
prospective implementation evidence. No included study
established improved patient outcomes, safe autonomous
operation, universal applicability, or deployment readiness.
The defensible current role is bounded assistance with
authoritative-source checking and accountable pharmacist
verification.  Prospective  studies  should evaluate
representative workflows, consequential errors, calibrated
refusal and escalation, comprehension, equity, human factors,
external validity, monitoring, and clinical outcomes.
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