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Abstract

Human-AlI collaboration in clinical pharmacy is often evaluated through average accuracy or efficiency, although the same system may
reduce cognitive burden in one setting while increasing interruption, misplaced trust, or responsibility ambiguity in another. This realist
review examined when, how, for whom, and under what conditions human—AI collaboration may improve medication-related decision
quality, workload, and safety. We used a RAMESES-aligned realist-review design. Searches covered seven databases and supplementary
citation, journal, web, and registry sources. After deduplication, 817 records were screened, 79 reports were sought, 76 full texts were
assessed, and 21 reports representing 21 distinct study or document families were included. Evidence was selected for relevance and rigour,
extracted into context-mechanism—outcome configurations, tested against contradictory cases, and synthesized into a refined programme
theory. Collaboration appeared most promising when Al supplied complementary, task-specific information; pharmacists retained
interpretive authority; outputs were integrated into workflow; and escalation routes remained explicit. Workload reduction could preserve
cognitive capacity when low-value processing was removed, but poorly targeted alerts redistributed rather than reduced work. Trust was more
appropriately calibrated when system limits, uncertainty, and accountability were visible. Incorrect recommendations, opaque explanations,
weak organizational support, and unclear responsibility could promote automation bias, vigilance loss, or decision diffusion. workflow,
professional authority, organizational support, and system reliability. The resulting programme theory is evidence-bounded and requires
prospective testing in clinical-pharmacy settings before routine implementation.
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INTRODUCTION In clinical pharmacy, however, medication decisions
combine technical evidence with patient goals, comorbidity,
workflow constraints, uncertainty, and professional
accountability. An Al output may therefore improve one
component of a decision while simultaneously creating new
work, suppressing doubt, or obscuring who must act.

Human—Al collaboration is increasingly framed as a route to
safer, faster, and more consistent clinical work. Yet
collaboration is not a single intervention. It may involve an
alert, ranked recommendation, predictive  score,
conversational assistant, or decision-support interface, and
each configuration redistributes attention, interpretation, and
authority differently. The broader vision of high-performance
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Empirical studies outside pharmacy illustrate this variability.
In skin-cancer recognition, human—computer collaboration
altered diagnostic performance, but benefit depended on the
interaction between clinician and system rather than on model
accuracy alone [2]. A deep-learning assistant used for liver-
cancer histopathology likewise demonstrated that assistance
can change classification behaviour and error patterns, not
merely add an independent prediction [3]. These findings are
relevant to medication work because pharmacists also
integrate algorithmic suggestions with incomplete records,
competing risks, and time-sensitive judgments. They do not
establish pharmacy effectiveness, but they show why an
average comparison between unaided and Al-assisted
performance can conceal consequential differences among
users, tasks, and settings.

A recent synthesis of human—large language model
collaboration in clinical medicine further indicates that
reported effects vary across study designs, specialties, tasks,
and outcome definitions [4]. Average-effect questions such
as “Does Al improve decisions?” are therefore insufficient.
They compress heterogeneous contexts and mechanisms into
a single estimate and may treat workload reduction, speed,
confidence, agreement, and clinical quality as
interchangeable. Realist inquiry instead asks what resources
an intervention offers, how participants reason or respond to
those resources, and which outcomes follow under particular
conditions.

This review accordingly examined six linked questions: when
complementary expertise improves medication-related
decisions; when workload relief preserves cognitive capacity
rather than reducing vigilance; how interruption and alert
burden reshape collaboration; what supports calibrated trust;
when automation bias or responsibility diffusion emerges;
and how organizational support and escalation pathways
modify outcomes. The initial programme theory proposed
that improvement is most likely when Al addresses a bounded
task, provides information that complements rather than
duplicates professional expertise, fits the medication-use
workflow, communicates limitations, and leaves interpretive
authority and escalation responsibility explicit. The review
tested, contradicted, and refined that theory rather than
assuming collaboration was inherently beneficial. Its purpose
was explanatory rather than prescriptive: to identify recurring
context—-mechanism—outcome patterns, preserve uncertainty
where evidence conflicted, and distinguish changes in model
or task performance from demonstrated improvements in
medication safety, patient outcomes, implementation
durability, or professional practice overall.

Review Design, Questions, and Protocol
This realist review examined how human—AI outcomes arise
from interactions among context, system resources,

professional reasoning, and organizational conditions.
Sources were assessed for relevance to programme theory
and rigour of supporting evidence [5, 6]. The review sought
explanatory context-mechanism—outcome patterns rather
than a pooled effect estimate.

The scope covered Al-assisted medication review,
prescribing, clinical pharmacy, medication safety, and related
tasks in which professionals interpreted or acted on
algorithmic outputs. Purely technical prediction studies were
excluded. Outcomes included decision quality, workload,
trust, reliance, escalation, responsibility, and implementation
effects.

Initial programme theory proposed that bounded, workflow-
integrated Al may improve decisions when it supplies
relevant information while preserving professional authority,
but may cause harm through interruption, overreliance, or
unclear accountability [7]. No formal stakeholder panel was
conducted. Reporting followed RAMESES principles, with
PRISMA 2020 used only for the selection diagram [8].

Eligibility, Searching, and Extraction

Eligible reports published from 2017 to 2026 examined
human—AI interaction in medication-related work or
mechanisms such as trust, workload, attention, responsibility,
and decision quality. Experimental, implementation,
qualitative, mixed-methods, simulation, and relevant review
evidence was included. Generic clinical evidence was
retained only when transferability to medication work could
be justified.

Seven databases and supplementary citation, journal, web,
and registry searches were used. Records, reports, and studies
were distinguished according to PRISMA guidance [9, 10].
Deduplication and screening remained subject to accountable
human judgment despite the possible use of machine-assisted
tools [11]. Multi-source searching addressed differences in
database coverage [12].

Extraction covered setting, role, task, Al function, workflow
position, autonomy, uncertainty, training, organizational
support, outcomes, maturity, and limitations. Trust,
workload, and decision quality were defined broadly and
were not reduced to agreement, speed, or technical accuracy.

Table 1 organizes the evidence, constructs, relationships,
uncertainties, and boundary conditions required for
eligibility, definitions, and evidence-extraction framework
for the review When Does Human—AI Collaboration Improve
Clinical Pharmacy? A Realist Review of Trust, Workload,
and Decision Quality.

Table 1. Eligibility, definitions, and evidence-extraction framework for the review When Does Human-Al
Collaboration Improve Clinical Pharmacy? A Realist Review of Trust, Workload, and Decision Quality.
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Use of multiple

Database; platform;

Academic search

Uneven indexing, Interpret evidence gaps
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Search, Selection, Extraction, Appraisal, and  review guidance on transparent methods and selection

Synthesis

Search and Selection Process

Selection proceeded through deduplication, title and abstract
screening, full-text retrieval, and eligibility assessment.
Uncertain records advanced to full text, and disputed
decisions were resolved through documented discussion.
Procedures used prespecified questions, explicit decisions,
and reproducible documentation, consistent with guidance for
medical evidence synthesis [13]. At full text, each excluded
report received one primary reason from a mutually exclusive
hierarchy. Reports from the same study were linked, and
background or methodology sources were distinguished from
reports contributing to programme theory.

CMO  Construction
Analysis

For each included report, extracted observations were coded
as context, intervention resource, mechanism, and outcome.
Mechanisms were treated as changes in reasoning, attention,
confidence, motivation, or action triggered by available
resources, not as labels for the technology itself. Candidate
configurations were compared across pharmacy and
transferable clinical settings. Findings were examined for
explanatory fit, methodological credibility, and applicability
to medication work. Contradictory cases were retained to test
whether beneficial mechanisms reversed under different task
demands, reliability levels, workflow arrangements, or
accountability structures.

and  Contradictory-Case

Theory Testing, Refinement, and Reporting

Theory testing used iterative comparison among the initial
propositions, supportive cases, negative cases, and alternative
explanations. The programme theory was refined only when
evidence clarified how a context enabled or constrained a
mechanism and how that mechanism was linked to an
outcome. Reporting decisions followed updated systematic-

accounting [14]. Claims comparing Al with clinicians were
interpreted cautiously because reviews of clinical deep-
learning studies have identified weaknesses in design,
reporting, and claims of superiority [15]. No pooled effect
estimate was planned because the included evidence differed
in intervention, task, setting, comparator, and outcome.
Synthesis therefore emphasized recurring configurations,
contradictions, evidence boundaries, and propositions
requiring prospective clinical-pharmacy evaluation under
routine conditions and across organizational environments.

Search and Selection Results

The database and supplementary searches identified 1,134
records: 1,048 from seven databases and 86 from citation
searching, target-journal handsearching, and focused web or
registry sources. Deduplication removed 317 records, leaving
817 for title and abstract screening. Of these, 738 were
excluded and 79 reports were sought. Three reports could not
be retrieved, so 76 full texts were assessed. Fifty-five were
excluded: 18 evaluated an algorithm without human—AlI
collaboration; 12 lacked clinical-pharmacy or transferable
medication-decision relevance; nine could not inform a
context-mechanism—outcome  explanation; six  were
ineligible publication types; four fell outside the date
window; three were duplicate or companion reports without
additional relevant evidence; and three lacked sufficient full-
text detail or a stable identifier. Twenty-one reports
representing 21 distinct study or document families entered
the realist synthesis.

Figure 1 presents the completed review-selection pathway in
a black-and-white RAMESES-compatible PRISMA-style
flow diagram for evidence selection, documenting
identification,  deduplication,  screening, eligibility,
exclusions with reasons, and final inclusion using the
approved record-accounting values.
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Figure 1. Black-and-White RAMESES-Compatible PRISMA-Style Flow Diagram for Evidence Selection

Evidence-Base  Characteristics and Initial
Programme Theory

The included evidence was heterogeneous in design, setting,
intervention maturity, and outcome definition. A scoping
review of machine-learning approaches to medication alerts
described attempts to improve the specificity and usefulness
of clinical decision support, while also showing that
prospective evaluation and workflow evidence remained
limited [16]. A systematic review of trust in Al-based clinical
decision support identified clinician, system, task, and
organizational factors that influence willingness to rely on
recommendations [17]. A broader scoping review of Al-
assisted medical decision-making similarly found that
effectiveness depends on the interaction among
recommendation quality, user expertise, task characteristics,
presentation, and implementation context [18]. These sources
supported a programme theory based on contingent
interaction rather than uniform technological effect.

The initial programme theory proposed four linked
conditions. First, the Al resource must contribute information
that is relevant to a bounded medication task. Second, the
pharmacist must be able to interpret, question, and override
the output. Third, workflow design must prevent assistance

from becoming unmanaged interruption or hidden
verification work. Fourth, the organization must sustain
training, escalation, monitoring, and accountability. Under
these conditions, complementary expertise and cognitive
relief could improve decision quality. When one or more
conditions were absent, the same system could activate
interruption, overreliance, vigilance loss, or responsibility
diffusion.

Evidence-Base Characteristics

CMO: Complementary Expertise

Pharmacy evidence showed that Al value depends on how
professionals interpret and integrate recommendations, not
merely on access to them [19]. Trials similarly found that Al
may fail to improve reasoning when interaction is poorly
optimized, but can support uncertain decisions when users
critically assess its recommendations [20, 21]. Benefit
therefore arises when Al supplies task-relevant information
while pharmacists retain authority and compare outputs with
patient-specific evidence.

CMO: Workload Relief and Cognitive Capacity
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Al may reduce workload by prioritizing cases, screening
records, or summarizing information. However, benefits
disappear when verification, navigation, or documentation
demands exceed the effort saved. Cognitive capacity
improves only when low-value work is removed without
weakening professional awareness or judgment.

CMO: Interruption and Alert Burden

Frequent, poorly timed alerts can cause interruption,
habituation, and reduced responsiveness [22]. Role-sensitive
design and more precise targeting may reduce burden [23,
24]. Effective alerts must remain relevant, interpretable,
actionable, and linked to authority to intervene.

CMO: Calibrated Trust

Clinicians may follow incorrect Al advice, while
explanations can increase confidence without ensuring
correctness [25-27]. Calibrated trust therefore depends on
visible reliability, uncertainty, task fit, and opportunities for
independent checking.

CMO: Automation
Diffusion

Automation bias occurs when Al narrows reasoning or is
accepted because of perceived authority. Responsibility
diffusion occurs when verification, override, communication,
and follow-up duties are unclear. Both excessive and
insufficient reliance can weaken collaboration.

Bias and Responsibility

CMO: Organizational Support and Escalation
Trust, liability, ownership, monitoring, integration, and
maintenance remain organizational concerns [28, 29]. Clear
roles, training, workflow integration, escalation thresholds,
fallback procedures, and continuous evaluation help convert
uncertainty into appropriate review rather than silent
acceptance or rejection [30].

Refined Programme Theory

The refined programme theory therefore treated outcomes as
products of interacting conditions. Bounded tasks,
complementary information, visible uncertainty, usable

interfaces, professional authority, workload-sensitive
integration, and supported escalation can activate
comparison, cognitive relief, calibrated reliance, and

accountable action. In contrast, low-specificity output,
repeated interruption, opaque confidence, weak monitoring,
and ambiguous ownership can activate habituation,
automation bias, vigilance loss, or responsibility diffusion.
These propositions describe evidence-supported and review-
derived relationships, not measured effect sizes or universal
causal rules.

Methodological appraisal qualified every configuration.
Direct pharmacy evidence was concentrated in medication-
review and alerting contexts, whereas several trust,
diagnostic-reasoning, and automation-bias mechanisms came
from adjacent clinical settings. Randomized studies

strengthened inference about short-term assisted performance
but often used bounded tasks or outcomes distant from
routine medication safety. Reviews broadened coverage but
inherited variation in terminology and measurement.
Qualitative evidence offered richer explanations of workflow
and responsibility, although causal direction was less secure.
Across designs, accuracy, agreement, confidence, response
time, and alert acceptance were not interchangeable with
appropriateness, prevented harm, or patient benefit. Few
sources followed collaboration long enough to establish
adaptation, sustained workload change, maintenance effects,
or consequences after system updates. Evidence concerning
equity, patient involvement, interprofessional negotiation,
and organizational escalation was sparse. The synthesis
consequently assigned confidence to recurring mechanisms
supported across designs, while treating setting-specific
outcomes and cross-domain transfer as provisional. No
quantitative synthesis was undertaken, and no certainty grade
was converted into a claim of clinical effectiveness, because
interventions, comparators, tasks, and outcome definitions
were too heterogeneous for a defensible common estimate.

Discussion

When Collaboration Improves Decisions

The principal finding overall is that human—AlI collaboration
improves decision work only when technology, user, task,
workflow, and organization form a compatible configuration.
The review did not identify a general mechanism by which
adding Al necessarily produces better clinical-pharmacy
decisions. Benefit arose when a bounded system resource
complemented professional knowledge, enabled comparison
or prioritization, and remained open to questioning. Harmful
or null outcomes arose when output quality was unreliable,
task boundaries were unclear, interruptions accumulated, or
organizational arrangements encouraged reliance without
preserving accountability.

This interpretation aligns with responsible machine-learning
guidance emphasizing that healthcare Al must be evaluated
within clinical systems rather than as an isolated model [31].
In pharmacy, the relevant unit is the medication decision
pathway: information is generated, interpreted, reconciled
with patient circumstances, communicated, acted upon, and
monitored. Each transition can amplify or lose benefit. A
technically accurate output may arrive too late, duplicate
known information, require disproportionate verification, or
conflict with a pharmacist’s authority. Conversely, a modest
system may be useful if it reliably surfaces overlooked
information when professional judgment can act.

Complementary expertise was conditional on difference with
relevance. Al assistance added value when it processed
information at a scale or speed that supported a defined
human judgment. Mere disagreement was not evidence that
the machine was informative, and agreement was not
evidence that the combined decision was correct. The
pharmacist required knowledge, time, and transparency to
compare the recommendation with competing evidence.
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Without those resources, the system could narrow reasoning
rather than extend it.

When Workload Savings Produce New Risks

Workload findings similarly require separation of task
removal from task redistribution. Screening, prioritization, or
summarization may reduce visible processing time while
creating less visible work through checking, documentation,
alert management, exception handling, and follow-up. A
workload-saving claim is credible only when evaluation
captures the pathway and observes whether vigilance,
communication, or unresolved queues deteriorate.
Adaptation can also change effects over time: users may
initially inspect every output, later develop efficient routines,
or become habituated to low-value recommendations.

Explanation should not be treated as a universal remedy.
Critiques of current explainable-Al approaches warn that
understandable outputs may not establish fidelity, usefulness,
or safety [32]. Explanations were potentially valuable when
they helped users identify evidence, limits, and reasons for

persuasive presentation increased confidence without
improving the recommendation. Trust calibration therefore
requires observable performance, task-specific uncertainty,
independent checking, and feedback about errors, not
explanation alone.

Prospective evidence also showed that access to advanced
generative assistance does not ensure improved task
performance. A randomized trial of GPT-4 assistance found
gains on some patient-care tasks, but its controlled conditions
and measured outcomes do not establish broad clinical-
pharmacy benefit [33]. This reinforces the distinction
between capability and collaboration. Evaluation should
examine who uses the tool, for which decision, under what
workload, with what fallback, and with which consequences
when advice is wrong, ignored, or contested.

Figure 2 presents the original conceptual synthesis for
refined programme theory of human—Al collaboration in
clinical pharmacy, showing how the article’s principal
components, evidence relationships, uncertainties, and

disagreement. They were potentially harmful when  decision boundaries are connected.
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L 2
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Figure 2. Refined Programme Theory of Human—AI Collaboration in Clinical Pharmacy
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Refined Programme Theory and Implementation
Context—including task scope, data quality, workflow,
expertise, authority, training, support, and monitoring—
shapes how users respond to Al resources. Responses may
include comparison, cognitive relief, calibrated reliance,
interruption, automation bias, or responsibility diffusion,
affecting decision quality, workload, escalation, and
medication safety. Feedback from errors and overrides should
inform system governance.

Local evaluation should test representative users and cases,
including uncertain or incorrect outputs. Measures should
separate model performance from human—Al performance
and assess workload transfer, disagreement, escalation, and
changing effects across settings and updates.

Strengths and Limitations

Human factors, workflow, safety, input handling, and real-
world performance should be prospectively evaluated [34—
36]. These frameworks support testing but do not validate the
programme theory.

Strengths included mechanism-focused synthesis and
attention to contradictory evidence. Limitations included
heterogeneous evidence, few pharmacy-specific studies,
reliance on short-term outcomes, and limited organizational,
equity, patient, and longitudinal evidence. The propositions
are therefore testable explanations rather than universal
conclusions.

ConNcLUsION

Human—AI collaboration in clinical pharmacy is best
understood as a contingent relationship rather than a
uniformly beneficial intervention. Across the included
evidence, improved decision work was most plausible when
Al addressed a bounded task, contributed information that
complemented professional expertise, fitted the workflow,
communicated uncertainty, and preserved the pharmacist’s
authority to question, override, and escalate. Under those
conditions, comparison, prioritization, and cognitive relief
could support more complete or consistent reasoning.

The same technology could produce different outcomes when
these conditions changed. Low-specificity alerts, repeated
interruption, opaque recommendations, unreliable output,
time pressure, and ambiguous responsibility could
redistribute workload, narrow reasoning, weaken vigilance,
or promote inappropriate reliance. Explanations alone did not
ensure calibrated trust, and technical performance did not
establish medication-safety benefit, patient benefit,
implementation durability, or organizational readiness.

The refined programme theory links task and organizational
contexts to mechanisms of complementary expertise,
cognitive relief, interruption, habituation, calibrated reliance,
automation bias, and responsibility diffusion. It provides
testable propositions for evaluating collaboration across

medication-review, alerting, prescribing, and related decision
pathways. It is not a validated predictive model or a clinical
implementation standard.

Future evaluations should examine representative users,
routine workflows, incorrect and uncertain outputs, workload
transfer, overrides, unresolved disagreement, escalation, and
downstream medication consequences over time. Until such
evidence accumulates, health systems should interpret claims
about collaborative Al cautiously. The central question is not
whether humans or Al perform better in isolation, but
whether their interaction preserves accountable professional
judgment while producing outcomes that matter to patients
and medication safety across clinical settings.
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