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Abstract 
 

Automation in community pharmacy is often discussed as though medication tasks can be transferred to digital systems whenever adequate 

technical performance is demonstrated. This framing overlooks differences in clinical consequence, uncertainty, contextual dependence, 

patient vulnerability, error detectability, and the possibility of correcting an inappropriate action. This article develops an original, non-

empirical delegation-boundary model for determining when automation may proceed, when professional review is required, and when 

delegation should stop. Delegability is defined as a conditional property of a specific medication-task instance rather than an inherent 

characteristic of an entire service, technology, or occupational role. The proposed model assesses six interacting dimensions: clinical 

consequence, ambiguity, reversibility, contextual dependence, patient vulnerability, and detectability of error. These dimensions inform three 

conditional states. Proceed permits bounded automated execution under defined safeguards; Escalate requires review by an authorized 

professional before action; and Stop retains human control because necessary context, recovery capacity, accountability, or safety conditions 

are insufficient. The architecture also includes task specification, uncertainty communication, professional authority, monitoring, incident 

review, and boundary reassessment. Application is intended to distinguish automatable components from judgment-dependent components 

within dispensing, verification, counselling, and follow-up rather than classify whole services as automatable or non-automatable. Empirical 

evaluation would require task-specific technical validation, workflow simulation, human-factors assessment, medication-safety analysis, 

patient and equity evaluation, external validation, and lifecycle monitoring. The model is a proposed conceptual synthesis, not a clinical 

recommendation, legal standard, validated scoring system, or deployment-ready framework. Its principal contribution is to reposition 

pharmacy automation as a conditional delegation decision requiring evidence about both system performance and the consequences of 

transferring professional work. 
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INTRODUCTION 

The Unresolved Boundary of Pharmacy 
Automation 
Artificial intelligence and related digital systems are being 

applied across pharmacy activities, including information 

retrieval, medication review, decision support, dispensing 

processes, patient communication, and operational 

management. The available pharmacy literature nevertheless 

describes substantial variation in the purposes, maturity, 

evaluation, and practical integration of these applications [1]. 

“Pharmacy automation” therefore does not identify one 

intervention or one form of delegation. It may refer to 

transferring physical execution, data processing, 

prioritization, interpretation, communication, or decision 

authority, each of which creates different professional and 

medication-safety consequences. 

Technological transformation may redistribute pharmacy 

work rather than simply accelerate a stable set of existing 

tasks [2]. A system may reduce manual transcription while 

creating new verification work, convert direct checking into 

exception management, or move professional attention from 

routine processing to ambiguous cases. Whether such 

redistribution is beneficial cannot be inferred from the 

presence of automation alone. It depends on what information 

the system uses, what action it performs, what responsibility 
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remains with the pharmacist, and whether the surrounding 

workflow permits meaningful oversight. 

Clinical decision support illustrates this distinction. Its value 

depends not only on computational performance but also on 

usability, workflow integration, data quality, maintenance, 

evaluation, and management of unintended consequences [3]. 

A technically accurate system may still interrupt care at the 

wrong point, suppress relevant context, create excessive 

alerts, or induce reliance that weakens independent judgment. 

Conversely, a modestly complex tool may offer value when 

it performs a bounded function, communicates uncertainty, 

and supports rather than obscures professional reasoning. 

Machine-learning systems can also produce unintended 

harms that are not represented by average performance 

measures [4]. Errors differ in their clinical importance, 

visibility, reversibility, and distribution across patients. The 

unresolved question is therefore not whether community 

pharmacy should use automation, but where delegation 

should stop for a particular medication task under particular 

conditions. This article proposes that the answer requires a 

task-specific boundary model integrating technical evidence, 

professional judgment, medication-safety consequences, 

patient context, workflow conditions, and continuing 

accountability. The model is intended to organize evaluation 

and research. It does not establish that a task or technology is 

safe, authorized, or ready for implementation. 

Medication Tasks Are Not Equally Delegable 
Medication work should not be divided only into broad 

service labels such as dispensing, verification, counselling, 

and follow-up. Each service contains component tasks that 

differ in informational requirements, judgment, patient 

interaction, consequences of error, and dependence on local 

circumstances. Delegability is therefore proposed as a 

property of a specific task instance: a defined action, 

involving a defined patient and medication context, 

conducted within a defined technical and organizational 

environment. 

The existence of nominal human oversight does not by itself 

make delegation safe. Automation-bias research indicates 

that verification may become unreliable when the automated 

output is difficult to reconstruct or independently check [5]. 

A pharmacist who receives a recommendation without access 

to its relevant assumptions, missing data, uncertainty, or 

alternative interpretations may be positioned as a reviewer 

without being given a realistic capacity to review. Human 

involvement must consequently be distinguished from 

effective verification. 

Pharmacists’ electronic work also extends beyond selecting 

or accepting displayed information. It can involve reconciling 

records, interpreting incomplete histories, coordinating with 

other professionals, identifying discrepancies, and 

connecting digital information with the patient’s current 

circumstances [6]. These activities are not interchangeable. 

Structured transfer of an accurately identified prescription 

field may require little contextual interpretation, whereas 

determining whether a discrepancy is clinically meaningful 

may require access to treatment history, patient preferences, 

prescriber intent, and local care arrangements. 

Medication-related automation can additionally change the 

type of error rather than eliminate error. Experimental 

evidence from electronic prescribing shows that erroneous 

automated cues may contribute to omission and commission 

errors [7]. This matters for delegation because the same 

system may reduce one class of manual mistake while 

creating reliance on incorrect recommendations or 

incomplete representations. Task assessment must therefore 

consider not only how often an error may occur, but also 

whether the error can be recognized before action and 

whether the workflow encourages independent checking. 

Medication review provides a clear example of task 

heterogeneity. Decision-support architectures may integrate 

medication lists, clinical variables, guideline logic, 

visualization, and recommendations, yet professional 

interpretation remains necessary when evidence conflicts, 

information is incomplete, or patient priorities alter the 

meaning of a recommendation [8]. The article therefore 

rejects permanent classifications such as “medication review 

is automatable” or “counselling is non-automatable.” A 

single service may contain components that can proceed 

automatically, components that require escalation, and 

components for which delegation should stop. 

Table 1 organizes the evidence, constructs, relationships, 

uncertainties, and boundary conditions required for 

definitions, components, relationships, and intended uses for 

the article Where Should Automation Stop in Community 

Pharmacy? A Boundary Model for Delegating Medication 

Tasks. 

 

Table 1. Definitions, components, relationships, and intended uses for the article Where Should Automation Stop 
in Community Pharmacy? A Boundary Model for Delegating Medication Tasks. 

Component 
or scientific 
dimension 

Problem 
addressed 

Inputs or 
determinants 

Proposed 
mechanism or 
relationship 

Expected 
contribution 

Evidence 
required 

Failure or 
uncertainty 

risk 

Boundary 
statement 

Medication-task 

instance 

Broad service 

labels conceal 

important 

Intended action, 

patient, medication, 

Proposed: 

delegability attaches to 

a defined task instance 

Creates a precise 

unit for boundary 

assessment. 

Task analysis 

and workflow 

observation 

Tasks may be 

specified too 

Classification of a 

service does not 
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differences among 

actions. 

timing, setting, 

responsible actor 

rather than an entire 

pharmacy service. 

broadly or omit 

hidden work. 

determine every task 

within it. 

Automation 

support 

Assistance is often 

confused with 

transfer of 

authority. 

System function, 

output, action 

permitted, 

professional role 

Decision support, 

prioritization, data 

transfer, physical 

execution, and 

autonomous action are 

treated as distinct 

forms of support [3]. 

Prevents technical 

capability from 

being equated with 

professional 

delegation. 

Functional 

testing and 

intended-use 

specification 

Informal 

workarounds may 

expand system 

authority beyond 

its design. 

A recommendation 

is not equivalent to 

authorization to act. 

Delegation 

Responsibility 

may become 

unclear when a 

system performs 

part of a 

medication task. 

Scope of execution, 

decision authority, 

supervision, 

accountability 

Proposed: delegation 

is the conditional 

transfer of task 

execution or decision 

authority while 

responsibility remains 

explicitly allocated. 

Clarifies who may 

act, review, 

interrupt, and 

recover. 

Role mapping 

and governance 

evidence 

Nominal oversight 

may conceal 

ineffective or 

impossible 

review. 

Human presence 

alone does not 

establish meaningful 

oversight [5]. 

Task 

decomposition 

Composite 

services may 

contain routine 

and judgment-

dependent 

elements. 

Data collection, 

preparation, 

interpretation, 

communication, 

exception handling 

Tasks are separated 

into components with 

different informational 

and professional 

requirements [6]. 

Supports selective 

rather than whole-

service automation. 

Cognitive task 

analysis and 

direct 

observation 

Hidden 

coordination or 

contextual work 

may be omitted. 

Automating one 

component does not 

establish delegability 

of the complete 

service. 

Clinical 

consequence 

Similar error rates 

may have very 

different 

implications. 

Medication risk, 

severity, timing, 

affected patient, 

exposure duration 

Proposed: higher 

foreseeable 

consequence narrows 

the conditions under 

which automation may 

proceed. 

Aligns delegation 

with potential harm 

rather than average 

accuracy alone. 

Task-specific 

safety analysis 

Rare but serious 

consequences may 

be obscured by 

aggregate metrics. 

No universal 

consequence 

threshold is 

proposed. 

Ambiguity 

Systems may 

produce one 

output despite 

incomplete or 

conflicting 

evidence. 

Missing data, 

conflicting sources, 

uncertain intent, 

multiple reasonable 

interpretations 

Proposed: material 

ambiguity moves a 

task toward escalation 

unless uncertainty can 

be safely contained. 

Prevents uncertain 

outputs from being 

treated as 

determinate 

decisions. 

Uncertainty 

evaluation and 

scenario testing 

Hidden ambiguity 

may appear as 

unjustified 

confidence. 

Unresolved material 

ambiguity is 

incompatible with 

unreviewed 

execution. 

Reversibility 

A correctable 

administrative 

action differs from 

an irreversible 

medication 

consequence. 

Time to detection, 

ability to interrupt, 

corrective pathway, 

residual harm 

Proposed: 

reversibility can widen 

the Proceed region 

only when detection 

and recovery are 

realistic. 

Connects 

delegation to 

practical recovery 

capacity. 

Recovery 

simulation and 

incident 

analysis 

“Reversible” 

actions may still 

cause delay, 

confusion, or 

cumulative harm. 

Theoretical 

correctability does 

not establish 

practical 

reversibility. 

Contextual 

dependence 

Medication 

decisions may 

depend on 

information 

outside the 

automated 

representation. 

Patient history, local 

practice, staffing, 

workflow, prescriber 

intent, care setting 

Context dependence 

increases when task 

meaning changes 

across patients or 

environments [6]. 

Identifies when 

standardized 

processing is 

insufficient. 

Local 

validation and 

context-

completeness 

assessment 

Relevant 

contextual 

variables may be 

unrecorded or 

inaccessible. 

A task may cross 

boundaries when its 

context changes. 

Patient 

vulnerability 

Average 

performance may 

conceal greater 

consequences for 

particular patients. 

Frailty, cognition, 

language, health 

literacy, comorbidity, 

access, ability to 

report harm 

Proposed: 

vulnerability lowers 

tolerance for 

ambiguity, low 

detectability, or weak 

recovery. 

Introduces patient-

specific safeguards 

into delegation 

decisions. 

Patient-centred 

and subgroup 

evaluation 

Vulnerability may 

be incompletely 

observed or 

reduced to crude 

proxies. 

Vulnerability is not a 

reason for exclusion; 

it is a reason for 

stronger safeguards. 

Detectability of 

error 

An error that 

cannot be 

independently 

recognized may 

pass through 

nominal review. 

Output transparency, 

independent data, 

reviewer expertise, 

workload, timing 

Verification quality 

decreases when 

automated output is 

difficult to reconstruct 

or challenge [5]. 

Connects oversight 

to actual checking 

capacity. 

Human-factors 

testing and 

error-seeding 

studies 

Explanations may 

increase 

confidence 

without improving 

detection. 

Low detectability 

can justify escalation 

or stopping even 

when error 

frequency appears 

low. 
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Proceed, 

Escalate, and 

Stop states 

Binary automation 

decisions ignore 

intermediate and 

changing 

conditions. 

Six dimensions, 

context sufficiency, 

recovery, 

professional 

availability 

Original proposed 

synthesis: each task 

instance is assigned a 

conditional state rather 

than a permanent 

automation 

classification. 

Provides a common 

language for 

bounded 

delegation. 

Multistage 

empirical 

validation 

States may be 

applied 

inconsistently 

without 

operational 

definitions. 

The states are 

conceptual and not 

validated clinical 

thresholds. 

Dimensions Determining Delegability 
The proposed model contains six interacting dimensions. 

They are not intended as an additive score, and no dimension 

is assigned a universal weight. Their purpose is to expose 

reasons why adequate technical performance may still be 

insufficient for delegation. 

Clinical consequence concerns the foreseeable importance of 

an erroneous, delayed, omitted, or inappropriate action. 

Consequence is shaped by the medication, patient condition, 

duration of exposure, availability of rescue, and point in the 

medication-use process. In high-stakes settings, reliance on 

opaque models requires stronger justification, particularly 

when an interpretable alternative could support meaningful 

examination of the decision [9]. Clinical consequence does 

not mean that every high-risk task must remain entirely 

manual. It means that stronger evidence, more effective 

verification, and narrower authority are required before 

automated execution can be justified. 

Ambiguity describes uncertainty about the task, available 

evidence, patient state, prescriber intent, or appropriate 

response. It includes missing information, conflicting 

records, uncertain classification, and the presence of multiple 

reasonable interpretations. Medical machine-learning 

systems should communicate uncertainty rather than 

compress it into an apparently definitive output [10]. Within 

the proposed model, ambiguity may be managed through 

calibrated uncertainty presentation, abstention, requests for 

additional information, or professional escalation. A 

confidence value alone is insufficient unless users understand 

what it represents and how it should alter action. 

Detectability of error concerns whether an incorrect output 

can be identified before clinically important harm occurs. 

Detectability depends on access to independent information, 

reviewer expertise, time, workflow conditions, and the 

visibility of the system’s assumptions. Incorrect or biased AI 

advice can worsen human decisions, and explanatory material 

does not necessarily eliminate that influence [11]. A system 

may therefore require escalation when its errors are subtle, 

persuasive, or difficult to distinguish from clinically plausible 

recommendations. Detectability must be evaluated through 

observed human–system interaction rather than inferred from 

the existence of an explanation screen. 

Patient vulnerability concerns the likelihood that a patient 

will experience greater harm, receive a less appropriate 

recommendation, or have less capacity to identify and recover 

from an error. Vulnerability may arise through clinical 

instability, frailty, cognitive or communication barriers, 

limited health literacy, fragmented records, polypharmacy, 

unequal access, or underrepresentation in development data. 

Algorithmic systems may reproduce inequity when a 

convenient proxy does not adequately represent actual need 

[12]. Patient vulnerability is therefore not reducible to 

demographic classification. It must include whether relevant 

needs are represented, whether communication is accessible, 

and whether the patient can challenge or correct the 

automated process. 

Reversibility refers to the practical ability to interrupt, 

correct, and remediate an inappropriate action. Reversibility 

includes the time before harm, availability of a responsible 

responder, reliability of monitoring, and residual 

consequences after correction. Reprinting a label may be 

more reversible than releasing an inappropriate medicine, but 

even apparently administrative actions may create delay, 

duplication, privacy loss, or confusion. Reversibility can 

support Proceed only when recovery is realistic within the 

operating environment. 

Contextual dependence captures the extent to which task 

meaning changes with patient circumstances, medication 

history, local workflow, staffing, information availability, 

professional relationships, and jurisdiction. A rule that is 

appropriate for a complete and internally consistent record 

may be inappropriate when adherence, treatment intent, 

recent hospitalization, or over-the-counter use is unknown. 

Contextual dependence also means that an automation 

boundary is not fixed permanently. The same nominal task 

may proceed in one encounter, escalate in another, and stop 

when the necessary context or competent reviewer is 

unavailable. 

The dimensions interact. High consequence combined with 

low detectability may justify stopping even when ambiguity 

appears modest. High ambiguity may be manageable when 

the action is reversible and rapid professional escalation is 

available. Patient vulnerability may narrow the boundary 

despite unchanged average model performance. These 

interactions are proposed conceptual relationships requiring 

empirical investigation; they do not establish validated 

weights, mandatory thresholds, or universal task 

classifications. 

Proposed Stop–Proceed–Escalate Boundary 
Model 
The proposed model treats automation as a conditional 

delegation pathway rather than a binary choice between 

human and machine work. Evidence from other clinical 

domains suggests that human–computer performance 
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depends on how complementary capabilities are combined, 

not simply on replacing human judgment with algorithmic 

output [13]. In community pharmacy, the central unit is 

consequently the medication-task instance: what action is 

proposed, for whom, on what evidence, under which 

workflow conditions, and with what authority and recovery 

pathway. 

Figure 1 presents the original conceptual synthesis for stop–

proceed–escalate boundary model for community-pharmacy 

task delegation, showing how the article’s principal 

components, evidence relationships, uncertainties, and 

decision boundaries are connected. 

 
Figure 1. Stop–Proceed–Escalate Boundary Model for Community-Pharmacy Task Delegation. 

The figure is an original conceptual synthesis developed for 

“Where Should Automation Stop in Community Pharmacy? 

A Boundary Model for Delegating Medication Tasks.” A 

defined medication-task instance is assessed in relation to 

patient, medication, data, technical, workflow, and 

organizational context. Six proposed interacting dimensions 

inform decision gates concerning task specification, context 

completeness, uncertainty, independent verification, 

professional escalation, recovery, monitoring, and 

accountability. Proceed denotes conditional automation 

within a bounded scope; Escalate denotes required 

professional review before action; and Stop denotes that 

delegation is inappropriate under the present conditions. 

Monitoring, incidents, drift, inequity, and workflow change 

return the task to boundary reassessment. Arrows and 

grouping indicate proposed or evidence-supported 

relationships rather than measured effect sizes. The figure 

does not represent a validated predictive model, clinical 

recommendation, regulatory determination, or deployment-

ready system. 

Within the model, Proceed does not mean that a technology 

is generally safe or that professional responsibility has been 

transferred. It means that a defined function may execute 

within a bounded intended use because the relevant context is 

sufficiently represented, foreseeable consequences are 

constrained, error detection and recovery are credible, and 

monitoring remains active. Trust must remain calibrated to 

demonstrated capability and context; clinician confidence or 

willingness to use a system does not by itself establish 

trustworthiness [14]. 

Escalate applies when automation may support information 

gathering, prioritization, or presentation but cannot 

responsibly complete the task. Triggers include material 

uncertainty, conflicting records, unrepresented patient 

circumstances, disagreement between the system and patient-

reported information, inability to reconstruct the basis of an 

output, or a vulnerability that changes the consequence of 

error. Explanation is relevant only when it is usable for the 

particular professional, purpose, and decision context [15]. A 

technically detailed explanation that does not help the 

pharmacist detect an error or decide what action is warranted 

does not satisfy the escalation function. 
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Stop applies when delegation is inappropriate under present 

conditions. Examples include a high-consequence action with 

poor error detectability, an effectively irreversible action 

without a recovery pathway, missing information essential to 

safe interpretation, lack of competent professional escalation, 

known system malfunction or drift, and undefined 

responsibility for monitoring or remediation. Stop is not 

necessarily permanent. It may lead to obtaining further 

information, redesigning the process, narrowing the intended 

use, restoring manual handling, or conducting additional 

validation. 

The model is enclosed by continuing governance because a 

delegation decision cannot be treated as a one-time technical 

authorization. Responsible healthcare machine learning 

requires attention to data, stakeholders, evaluation, 

deployment, and monitoring across the system lifecycle [16]. 

A task that initially proceeds may later require escalation or 

stopping when the population, medication environment, 

workflow, data source, model calibration, or recovery 

capacity changes. 

Table 2 organizes the evidence, constructs, relationships, 

uncertainties, and boundary conditions required for 

evaluation criteria, evidence requirements, and failure modes 

for the article Where Should Automation Stop in Community 

Pharmacy? A Boundary Model for Delegating Medication 

Tasks. 

 

Table 2. Evaluation criteria, evidence requirements, and failure modes for the article Where Should Automation 
Stop in Community Pharmacy? A Boundary Model for Delegating Medication Tasks. 

Architecture 
layer or 
process 

stage 

Core function 
Information 

flow 

Interaction 
with other 

components 

Evaluation 
criterion 

Potential 
failure mode 

Human or 
organizational 
responsibility 

Readiness 
boundary 

Intended-use 

specification 

Define the exact 

task, permitted 

action, user, patient 

group, and 

operating 

conditions. 

Governance and 

workflow 

requirements enter 

system design. 

Constrains every 

later gate and state. 

Task scope is 

observable, testable, 

and distinguishable 

from adjacent 

professional 

decisions. 

Scope expands 

informally or hides 

composite 

judgment work. 

Organization and 

system owner define 

and control use. 

No Proceed state 

when the task or 

authority 

transferred is 

ambiguous. 

Data and context 

acquisition 

Assemble 

medication, patient, 

workflow, and 

organizational 

information 

required for the 

task. 

Source data enter 

the boundary 

assessment. 

Supports 

ambiguity, 

vulnerability, 

consequence, and 

detectability 

assessment. 

Relevant 

information is 

sufficiently 

complete, timely, 

traceable, and 

locally applicable. 

Missing, stale, 

inconsistent, or 

proxy-based 

information is 

treated as complete. 

Pharmacy 

organization 

maintains data access 

and provenance. 

Missing decision-

critical context 

triggers Escalate 

or Stop. 

Technical 

performance 

Determine whether 

the system 

performs its 

specified 

computational or 

physical function. 

Inputs are 

transformed into 

outputs, actions, 

or priorities. 

Technical results 

inform but do not 

determine 

delegation. 

Performance is 

task-specific, 

externally 

examined, 

calibrated where 

applicable, and 

tested under 

foreseeable 

variation. 

Aggregate accuracy 

conceals severe 

error types or 

subgroup failures. 

Developer validates 

function; organization 

verifies local fitness. 

Technical 

performance 

alone cannot 

establish Proceed. 

Uncertainty and 

abstention 

Represent 

limitations in 

evidence or 

confidence. 

Uncertainty 

accompanies the 

system output 

rather than being 

hidden. 

Influences 

ambiguity and 

escalation gates. 

Uncertain or out-of-

scope cases are 

identified reliably 

and communicated 

meaningfully. 

A single definitive 

output is produced 

despite inadequate 

evidence [10]. 

Developer designs 

uncertainty handling; 

pharmacist interprets 

its practical relevance. 

Unmanaged 

material 

uncertainty is 

incompatible with 

unreviewed 

execution. 

Human–AI 

interaction 

Support calibrated 

reliance and 

independent 

review. 

Outputs, rationale, 

context, and 

alternatives reach 

the responsible 

professional. 

Determines 

whether escalation 

and verification are 

meaningful. 

Users can detect 

seeded errors, 

challenge outputs, 

and act without 

undue reliance. 

Persuasive 

presentation 

increases 

acceptance of an 

incorrect 

recommendation 

[11]. 

Organization provides 

training, time, 

interface governance, 

and escalation 

authority. 

Nominal human 

oversight without 

effective 

checking capacity 

does not satisfy 

readiness. 

Patient-

vulnerability 

assessment 

Identify 

circumstances that 

alter harm, 

communication, or 

recovery. 

Patient-specific 

information 

modifies the 

delegation 

boundary. 

Interacts with all 

six dimensions. 

Subgroup 

performance, 

accessibility, 

communication 

needs, and recovery 

Vulnerability is 

omitted, inferred 

from unreliable 

proxies, or used to 

exclude patients. 

Pharmacist and 

organization ensure 

accessible human 

pathways. 

Unmitigated 

vulnerability 

narrows or closes 

the Proceed 

region. 
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capacity are 

evaluated. 

Proceed state 

Permit bounded 

automated 

execution. 

Authorized task 

output moves to 

execution and 

logging. 

Remains subject to 

safeguards, 

monitoring, and 

reassessment. 

Execution stays 

within intended use; 

errors are 

detectable; recovery 

and accountability 

are operational. 

Automation 

expands beyond its 

approved task or 

suppresses 

exceptions. 

Named professional 

and organizational 

owners retain 

oversight and 

remediation duties. 

Proceed is 

conditional, local, 

and revocable 

rather than a 

general approval. 

Escalate state 

Require 

professional 

interpretation 

before action. 

System output and 

relevant context 

are transferred to 

an authorized 

reviewer. 

May return the task 

to Proceed, retain 

human control, or 

trigger Stop. 

Escalations are 

timely, informative, 

actionable, and 

available when 

needed. 

Excessive 

escalation creates 

overload, while 

insufficient 

escalation hides 

risk. 

Organization ensures 

competent staffing, 

response pathways, 

and decision 

authority. 

No readiness 

where escalation 

exists only 

nominally or 

cannot be 

completed safely. 

Stop state 

Prevent 

inappropriate 

delegation. 

Automated 

execution is 

blocked or 

suspended. 

Leads to human 

handling, 

additional 

information, 

redesign, or 

revalidation. 

Stop conditions 

activate reliably and 

cannot be bypassed 

without accountable 

review. 

Commercial, 

workload, or 

usability pressures 

normalize unsafe 

override. 

Pharmacist and 

organization retain 

authority to suspend 

use. 

High 

consequence 

combined with 

low detectability, 

absent recovery, 

or missing 

context supports 

Stop. 

Monitoring and 

reassessment 

Detect changes that 

invalidate the 

original boundary. 

Incidents, 

overrides, drift, 

subgroup findings, 

and workflow 

changes return to 

governance. 

May reassign any 

task from Proceed 

to Escalate or Stop. 

Monitoring covers 

safety, calibration, 

human behaviour, 

equity, and 

operational context. 

Stable technical 

metrics conceal 

changing workflow 

or patient 

consequences. 

Shared responsibility 

across organization, 

professional users, 

developer, and 

governance body. 

Continuing use is 

not justified when 

meaningful 

deterioration 

cannot be 

detected or acted 

upon [16]. 

Application across Dispensing, Verification, 
Counselling, and Follow-Up 
The proposed boundary model applies to components of 

pharmacy services rather than assigning one delegation state 

to an entire service. A task may move among Proceed, 

Escalate, and Stop as its patient, medication, informational, 

or workflow conditions change. 

Dispensing 
Dispensing combines prescription intake, data entry, product 

selection, preparation, labelling, exception handling, final 

release, and patient communication. Structured transfer and 

preparation functions may enter the Proceed state when 

inputs are complete, identity controls are reliable, exceptions 

are detectable, and recovery remains possible. However, 

community-pharmacy work is frequently interrupted, and 

interruptions may disrupt task continuity, checking, and 

recovery [17]. A normally bounded dispensing function may 

therefore move to Escalate when records conflict, the 

intended product or dose is unclear, the patient reports new 

information, or workflow disruption weakens independent 

verification. Stop applies when clinically significant 

ambiguity cannot be resolved or the process cannot prevent 

release before professional assessment. 

Verification 
Automation may support verification by comparing 

structured fields, prioritizing alerts, identifying potential 

discrepancies, or suppressing low-value notifications. 

Evidence concerning artificial intelligence for medication-

alert optimization nevertheless remains heterogeneous, with 

limited demonstration of clinical and workflow validity 

across settings [18]. Alert ranking should therefore not be 

equated with authorization to accept or reject a medication 

order. Proceed may apply to bounded consistency checks 

with transparent rules and reliable exception capture. Escalate 

is appropriate when clinical significance depends on 

treatment intent, comorbidity, recent laboratory information, 

adherence, or competing risks. Stop is warranted when the 

system cannot represent a known exception or its output 

cannot be independently examined. 

Counselling 
Digital tools may collect questions, prepare standardized 

information, identify likely educational needs, or support 

accessible communication. A community-pharmacy 

intervention has shown that digital preparation can alter how 

patients interact with pharmacists [19]. Such evidence 

supports augmentation rather than autonomous replacement 

of counselling. Proceed may be suitable for standardized 

preparation or reinforcement when content is accurate, 

comprehensible, and consistent with the prescribed plan. 

Escalate is required when the patient expresses uncertainty, 

fear, nonadherence, adverse effects, conflicting beliefs, or 

difficulty understanding the information. Stop applies when 

communication barriers, vulnerability, or unresolved clinical 

questions make automated delivery insufficient. 
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Follow-up 
Follow-up may include reminders, structured symptom 

collection, adherence prompts, monitoring questions, and 

decisions about further intervention. Pharmacist-led 

interventions vary substantially in content, intensity, 

population, and reported outcomes [20]. Routine reminders 

or collection of predefined information may proceed when 

non-response and concerning answers trigger reliable 

escalation. Interpretation of deterioration, adverse effects, 

nonadherence, or changing treatment goals should remain 

escalated. Automation should stop when urgent risk cannot 

be detected, timely human response is unavailable, or 

continued contact could create false reassurance. 

Across verification, counselling, and follow-up, the available 

evidence remains task- and setting-specific rather than 

transferable wholesale [18–20]. These examples are 

conceptual applications of the model and do not establish that 

any complete pharmacy service is suitable for autonomous 

operation. 

Governance, Monitoring, and Boundary 
Reassessment 
Delegation boundaries require governance before 

implementation and continuing review after use begins. Early 

evaluation of artificial-intelligence decision support should 

examine intended use, workflow integration, human factors, 

errors, safety, and interaction with professional judgment 

rather than technical performance alone [21]. Evaluation of 

the proposed model should consequently test whether users 

can distinguish the three states, identify missing context, 

recognize unsafe automation, and escalate without excessive 

delay or workload. 

Governance should specify the task owner, system owner, 

responsible professional, permitted users, escalation 

pathway, monitoring responsibilities, incident response, and 

authority to suspend use. Trustworthy healthcare AI also 

requires attention to fairness, universality, traceability, 

usability, robustness, and explainability across the system 

lifecycle [22]. Within community pharmacy, these principles 

should be translated into local questions: whether the system 

works for the pharmacy’s patients, whether outputs and 

overrides are traceable, whether staff can use the tool safely, 

and whether vulnerable groups experience different errors or 

access barriers. 

A Proceed decision must remain revocable. Calibration may 

deteriorate over time even when other measures appear 

comparatively stable [23]. Reassessment should therefore be 

triggered by changes in patient populations, medications, data 

sources, software, workflow, staffing, professional 

responsibilities, or patterns of error. Incidents, near misses, 

unexplained overrides, rising escalation rates, subgroup 

disparities, unavailable reviewers, and recovery failures 

should also prompt review. 

Evaluation, governance, and drift monitoring must be linked 

rather than treated as separate lifecycle activities [21–23]. 

Reassessment may retain the original state, narrow the 

intended use, require stronger safeguards, move a task from 

Proceed to Escalate, or stop delegation until deficiencies are 

resolved. The model does not specify universal monitoring 

intervals or thresholds; these require prospective, task-

specific justification. 

Implications for Community-Pharmacy Workflow 
Automation should be evaluated according to how it 

redistributes work, attention, interruption, and responsibility. 

Community-pharmacist workload includes patient 

interaction, clinical activity, administrative work, and 

operational demands [24]. Removing one manual step does 

not necessarily create usable clinical capacity if automation 

generates new alerts, exception queues, documentation, 

monitoring, or recovery work. 

Workflow redesign should therefore identify who receives 

automated outputs, when review occurs, how unresolved 

cases are handed over, and what happens when staffing or 

systems are unavailable. The model also requires protected 

authority to pause automation. Without such authority, 

workload pressure may convert conditional Proceed 

decisions into routine acceptance. 

Real-world implementation depends on infrastructure, data 

integration, organizational processes, staff capability, 

leadership, and governance [25]. Although much 

implementation evidence originates in hospital settings, the 

underlying lesson is transferable: retrospective technical 

performance does not demonstrate safe integration into live 

community-pharmacy work. Local evaluation must account 

for pharmacy size, staffing, prescribing interfaces, access to 

clinical records, patient population, service model, and 

escalation resources. 

Community pharmacists may express positive attitudes 

toward artificial intelligence while also identifying needs for 

human supervision, training, infrastructure, and financial 

support [26]. Acceptance should not be interpreted as 

readiness, and reluctance should not automatically be 

interpreted as resistance to innovation. Both may reflect 

realistic assessments of responsibility, workload, or 

insufficient safeguards. The proposed model may support 

implementation discussions by making the reasons for 

proceeding, escalating, or stopping explicit and reviewable. 

Limitations and Context Dependence 
The model is a conceptual synthesis and has not been 

empirically validated. Clinical impact cannot be inferred 

from internal technical performance and requires 

representative data, external evaluation, pathway integration, 

prospective assessment, and surveillance [27]. The 

dimensions may overlap, and their relative importance may 
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vary by medication, patient, jurisdiction, organization, and 

task. 

Recorded health data may contain selection, measurement, 

missingness, and representation biases [28]. Relevant 

vulnerability or contextual information may therefore be 

absent even when a digital record appears complete. Human 

review may also fail when reviewers lack time, independent 

evidence, or authority. 

Responsibility for AI-supported decisions may be distributed 

across professionals, employers, developers, vendors, and 

system owners [29]. The model does not determine legal 

liability or professional scope. Generalizability, equity, and 

accountability are independent constraints on decision 

readiness [27–29]. 

CONCLUSION  

Automation in community pharmacy should not be governed 

by a simple choice between technological adoption and 

human control. Medication tasks differ in consequence, 

ambiguity, reversibility, contextual dependence, patient 

vulnerability, and error detectability. Moreover, these 

properties vary across individual encounters and operating 

conditions. 

The proposed Stop–Proceed–Escalate Boundary Model 

reframes automation as a conditional delegation decision. 

Proceed permits bounded execution only when context, 

safeguards, recovery, monitoring, and responsibility are 

adequate. Escalate preserves automated support while 

requiring professional interpretation before action. Stop 

prevents delegation when uncertainty, potential harm, 

irreversibility, poor detectability, vulnerability, or absent 

accountability exceeds the acceptable boundary. 

The model’s scientific contribution is the integration of task 

decomposition, human–AI collaboration, medication safety, 

patient context, workflow, and lifecycle governance within 

one proposed architecture. Its professional contribution is to 

distinguish meaningful oversight from nominal human 

presence. Its organizational contribution is to make task 

authority, escalation, monitoring, and suspension explicit. Its 

equity contribution is to treat vulnerability and unequal 

representation as boundary conditions rather than secondary 

implementation concerns. 

These contributions remain conceptual. The model requires 

construct validation, scenario testing, workflow simulation, 

prospective evaluation, subgroup analysis, and continuing 

reassessment. It is not a scoring instrument, clinical 

recommendation, legal standard, regulatory determination, or 

deployment-ready system. Its intended use is to structure 

more precise questions about what automation may do, under 

which conditions, and when community-pharmacy 

responsibility must remain decisively human. 
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