
 

 © 2025 Archives of Pharmacy Practice     69 

 

 Original Article  
 
 

 Designing Prescription Verification Systems That Know 

When the Pharmacist Must Take Over 
 

Sofía Martínez¹*, Carlos Gómez¹, Lucia Navarro² 

 
1Department of Prescription Verification and AI, Faculty of Pharmacy, Polytechnic University of Madrid, Madrid, Spain. 2Department of 

Pharmacy Safety and Human Oversight, Faculty of Pharmacy, University of Barcelona, Barcelona, Spain.    

 

Abstract 
 

Prescription-verification systems increasingly combine rules, clinical knowledge bases, predictive models, and workflow automation. Yet 

the central safety problem is not simply whether a system can classify a prescription as high or low risk. It is whether the system can recognize 

when its output is insufficient for continued automation and responsibility must transfer to a pharmacist. Confidence-only automation is 

inadequate because a high score may coexist with poor calibration, missing clinical context, conflicting evidence, unusual patient–therapy 

combinations, vulnerability, or high-consequence decisions. This article proposes a non-empirical Prescription-Verification State Model 

linked to a Pharmacist-Takeover Trigger Framework. The model separates context assembly, automated checking, evidence reconciliation, 

clarification, pharmacist takeover, adjudication, disposition, and lifecycle monitoring. Takeover is organized around six proposed trigger 

classes: uncertainty, conflicting evidence, missing context, unusual combinations, vulnerable patients, and high-consequence decisions. A 

related takeover contract specifies the reason for escalation, unresolved information, urgency, completed checks, required professional action, 

fallback behavior, and documentation. Evaluation must extend beyond model discrimination to calibration, trigger sensitivity, missed 

takeover, unnecessary takeover, timing, workload displacement, interface comprehension, subgroup performance, and post-deployment 

change. Governance must define authority for activation, modification, suspension, requalification, and retirement. The framework is an 

original conceptual synthesis rather than a validated clinical system, guideline, or regulatory standard. Its trigger logic, state transitions, 

thresholds, and responsibility boundaries require empirical testing in specific pharmacy settings before decision use. 
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INTRODUCTION 

Verification Is More than Error Classification 
Medication-related processes contribute to preventable 

patient harm, but the safety relevance of a prescription-

verification system cannot be reduced to whether it correctly 

labels an order as erroneous [1]. Artificial intelligence in 

pharmacy already encompasses heterogeneous functions, 

including prediction, prioritization, information retrieval, 

automation, and decision support, each with different 

evidential and professional implications [2]. “Verification” is 

therefore broader than error detection: it includes establishing 

patient and prescription identity, assembling the clinical 

context, checking internally and externally derived evidence, 

recognizing unresolved uncertainty, determining whether a 

proposed action remains within system coverage, and 

assigning responsibility for the next decision. 

Existing medication AI has concentrated substantially on 

optimizing alerts and prioritizing prescriptions at elevated 

medication-error risk rather than defining an explicit 

responsibility-transfer contract [3, 4]. These functions may 

help organize attention, but prioritization does not 

demonstrate that lower-ranked prescriptions are safe to 

process without professional review. Context also matters. 

Indication documentation is often incomplete or poorly 

integrated into prescribing systems, limiting the capacity of 

computerized support to evaluate dose, interaction, 

duplication, and therapeutic appropriateness in relation to 

clinical purpose [5]. Similar limitations arise when renal or 

hepatic function, allergy details, pregnancy status, laboratory 

trends, prior response, current medicines, or the intended 

treatment duration are absent, stale, or internally inconsistent. 
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 This article therefore treats prescription verification as a 

sequence of conditional decision states rather than a single 

classifier output. Its original contribution is a proposed 

Prescription-Verification State Model and Pharmacist-

Takeover Contract. The model asks not only “What risk does 

the system predict?” but also “Is the context adequate, are 

evidence sources concordant, is the case within validated 

coverage, what are the consequences of error, and who is 

authorized to decide next?” The contract defines when 

automated support must stop progressing, what evidence 

must be transferred, how urgently pharmacist review is 

required, and how the final disposition is recorded. 

The framework does not assume that every uncertainty 

requires interruption or that every pharmacist review prevents 

harm. Excessive takeover could create delay, fatigue, and 

queue displacement. Conversely, permissive automation 

could create false reassurance or allow high-consequence 

errors to pass. The design problem is therefore a boundary-

setting problem: preserving useful automation while making 

uncertainty, conflict, missingness, vulnerability, and 

consequence visible enough to trigger timely professional 

control. 

Failure of Confidence-Only Automation 
Confidence-only automation is defined here as a design 

pattern in which a model score, probability, or threshold is 

treated as sufficient authorization to continue or complete 

verification. That pattern conflates distinct properties. 

Decision use requires uncertainty characterization, 

uncertainty communication, and calibration rather than 

reliance on a raw confidence score [6-8]. A model may be 

confident because the input resembles its training data while 

still being wrong because the target was poorly specified, 

relevant context was omitted, or the clinical environment has 

changed. Conversely, a low-confidence output may reflect 

ambiguity that is clinically trivial or readily resolved. 

Confidence is therefore one signal, not a transferable measure 

of medication safety. 

Explanations do not repair this problem automatically. A 

plausible feature attribution or rationale can make an output 

easier to inspect without establishing that the model is valid, 

causally appropriate, or safe for the intended decision [9]. 

Human review is also not an infallible backstop. Automation 

bias and verification complexity can lead users to accept 

incorrect advice, neglect contradictory information, or 

perform only superficial checking when the system appears 

authoritative [10]. The relevant design question is not 

whether a human remains nominally “in the loop,” but 

whether the workflow creates a meaningful opportunity, 

sufficient information, and clear authority for independent 

adjudication. 

The proposed framework therefore makes automation 

conditional on several jointly satisfied requirements: 

adequate and current context; authorized intended use; 

acceptable calibration and coverage for the case; no material 

conflict among rules, models, patient data, and treatment 

history; no unresolved unusual combination; no vulnerability 

condition requiring professional interpretation; and no high-

consequence decision that local governance has designated 

for mandatory review. Failure of any requirement does not 

necessarily imply that the prescription is wrong. It means that 

the system lacks sufficient grounds to continue without 

clarification or pharmacist takeover. 

Alternative designs may use universal pharmacist review, 

selective automation, tiered clarification, or non-interruptive 

decision support. The framework does not presume that one 

configuration is always superior. It proposes that the authority 

boundary be explicit, testable, and resistant to the false 

inference that confidence alone establishes readiness for 

automated progression. 

Table 1 organizes the evidence, constructs, relationships, 

uncertainties, and boundary conditions required for 

definitions, components, relationships, and intended uses for 

the article Designing Prescription Verification Systems That 

Know When the Pharmacist Must Take Over. 

Table 1. Definitions, components, relationships, and intended uses for the article Designing Prescription Verification 
Systems That Know When the Pharmacist Must Take Over. 

Component 
or scientific 
dimension 

Problem 
addressed 

Inputs or 
determinants 

Proposed 
mechanism or 
relationship 

Expected 
contribution 

Evidence 
required 

Failure or 
uncertainty 

risk 

Boundary 
statement 

Confidence and 

calibration 

A high score 

may be mistaken 

for safety 

Predicted probability, 

calibration evidence, 

decision threshold 

Proposed: confidence 

informs but does not 

authorize progression; 

calibration is assessed 

separately [8] 

Reduces score-to-

decision 

conflation 

External and local 

calibration across 

relevant cases 

Miscalibration 

and threshold 

instability 

No score alone 

establishes safe 

non-takeover 

Uncertainty 

communication 

Users may not 

recognize 

system limits 

Predictive uncertainty, 

data quality, coverage 

Proposed: uncertainty 

is displayed with its 

source and possible 

consequence [7] 

Supports 

informed review 

Comprehension 

and response 

testing 

False precision or 

vague warnings 

Displayed 

uncertainty is not 

proof of validity 
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Context 

completeness 

Clinically 

material 

information may 

be absent 

Indication, organ 

function, allergies, 

pregnancy, laboratory 

and treatment history 

Proposed: missing 

material context 

creates clarification or 

takeover [5] 

Prevents 

unsupported 

contextual 

inference 

Completeness, 

freshness, 

provenance, and 

clinical 

adjudication 

Missing, stale, or 

incorrect data 

Completeness 

rules require local 

validation 

Evidence conflict 

Rules, models, 

records, or 

history may 

disagree 

Rule outputs, model 

outputs, patient 

record, prior response 

Proposed: unresolved 

material conflict 

blocks automated 

progression 

Makes 

disagreement 

actionable 

Conflict reference 

standards and 

pharmacist 

adjudication 

Silent precedence 

or contradictory 

advice 

Conflict does not 

identify the correct 

action by itself 

Unusual 

combination and 

coverage 

A case may lie 

outside ordinary 

or validated use 

Drug–dose–route–

patient pattern and 

coverage indicators 

Proposed: weak 

coverage or unusual 

combinations increase 

review requirements 

[6] 

Limits 

unsupported 

extrapolation 

Rare-case and out-

of-distribution 

evaluation 

Novelty missed 

or over-triggered 

“Unusual” is 

model- and setting-

dependent 

Vulnerability and 

consequence 

Low-probability 

errors may 

remain 

unacceptable 

Patient susceptibility, 

severity, reversibility, 

monitoring capacity 

Proposed: 

consequence can 

mandate takeover 

despite high 

confidence 

Aligns authority 

with tolerance for 

error 

Clinical-severity 

and subgroup 

validation 

Stereotyping or 

incomplete 

categories 

No universal 

vulnerability list is 

asserted 

Pharmacist 

takeover 

An alert may not 

clearly transfer 

responsibility 

Trigger reason, 

urgency, unresolved 

evidence, completed 

checks 

Proposed: a takeover 

contract transfers 

decision authority and 

information 

Creates an 

auditable 

professional 

handoff 

Workflow, human-

factors, delay, and 

safety evaluation 

Nominal review, 

unclear 

ownership, queue 

delay 

Takeover 

activation does not 

prove improved 

outcome 

Monitoring and 

requalification 

Performance and 

context may 

change 

Incidents, missed 

triggers, false triggers, 

workload, system 

change 

Proposed: monitoring 

can modify, suspend, 

or requalify trigger 

logic [10] 

Supports lifecycle 

control 

Prospective 

surveillance and 

change-control 

evidence 

Undetected 

deterioration or 

unsafe adaptation 

Initial 

implementation 

does not establish 

continuing validity 

Prescription-Verification Workflow and Decision 
States 
A verification workflow requires explicit states because the 

meaning of a system signal depends on what has already been 

checked, what remains unresolved, and which action follows. 

Prospective evidence on medication-related decision-support 

overrides shows that overrides are heterogeneous: some 

reflect appropriate clinical judgment, whereas others expose 

unsafe responses or poorly designed alerts [11]. A binary 

alert–override model therefore conceals important 

distinctions among clarification, justified nonacceptance, 

unresolved conflict, professional adjudication, and silent 

bypass. 

Risk prediction can be useful near the beginning of the 

workflow by prioritizing prescriptions or patients for 

attention [12]. In the proposed model, however, prioritization 

is not equivalent to authorization. A high-risk classification 

may accelerate pharmacist review, whereas a low-risk 

classification remains conditional on context completeness, 

model coverage, evidence agreement, and consequence. The 

relevant unit of safety is the combined human–technical 

process, not the classifier alone. 

Usability is likewise part of task performance. A medication-

related decision-support application can affect how 

efficiently users find relevant information, interpret 

warnings, and complete actions, so evaluation must include 

interaction and workflow effects rather than only algorithmic 

accuracy [13]. Poorly timed requests, fragmented evidence, 

hidden provenance, or unclear responsibility can turn an 

otherwise informative output into delay, workaround, or false 

reassurance. 

The proposed Prescription-Verification State Model contains 

nine states: 

S0—Prescription intake and identity assembly: links the 

correct patient, prescriber, medicine, strength, dose, route, 

frequency, duration, and available indication. 

S1—Context-completeness assessment: determines whether 

required clinical information is present, current, attributable, 

and internally coherent. 

S2—Automated mechanism checks: applies authorized rules, 

interaction resources, dose checks, allergy checks, and 

predictive models. 

S3—Evidence reconciliation: examines agreement, 

provenance, uncertainty, applicability, and coverage. 

S4—Automation-supported proceed: permits continued 

processing only within the validated intended use and when 

no takeover trigger applies. 

S5—Clarification hold: pauses progression while missing or 

ambiguous but potentially resolvable information is obtained. 

S6—Mandatory pharmacist takeover: transfers decision 

authority to a pharmacist. 
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S7—Pharmacist adjudication and disposition: records 

approval, modification, clarification, rejection, referral, or 

continued hold. 

S8—Monitoring and requalification: evaluates incidents, 

misses, excessive triggers, delays, workload effects, 

subgroup performance, drift, and system change. 

Clinical decision support is sociotechnical: benefits and risks 

arise from interactions among data, software, users, tasks, 

organizations, and implementation conditions [14]. 

Accordingly, transitions between the proposed states must be 

governed rather than inferred from a single output. A 

prescription cannot enter S4 merely because no rule fired; 

absence of a signal may reflect incomplete data, a knowledge-

base gap, or weak model coverage. Nor should every 

deviation automatically enter S6. S5 can resolve nonurgent 

missingness without imposing an interruptive takeover, 

provided delay does not create material risk. 

The state model therefore separates “no problem detected,” 

“sufficient grounds to proceed,” “additional information 

required,” and “professional authority required.” It also 

separates activation of takeover from completed review: a 

trigger has not protected the patient when the pharmacist 

cannot access the evidence, the queue delays action, or 

responsibility remains ambiguous. 

These states are an original synthesis, not an empirically 

complete taxonomy. Their definitions, permitted transitions, 

responsibility assignments, and fallback behavior require 

validation across community, hospital, ambulatory, specialty, 

and remote-pharmacy settings. 

Pharmacist-Takeover Trigger Framework 
Drug-allergy checking illustrates why detection cannot be 

equated with disposition. Allergy decision support varies in 

knowledge representation, specificity, and clinical relevance, 

leaving cases in which a warning, absent warning, or 

ambiguous record still requires professional interpretation 

[15]. 

Figure 1 presents the original conceptual synthesis for 

prescription-verification workflow with pharmacist-takeover 

triggers, showing how the article’s principal components, 

evidence relationships, uncertainties, and decision 

boundaries are connected. 

 
Figure 1. Prescription-Verification Workflow with Pharmacist-Takeover Triggers 

The first proposed trigger is uncertainty. It includes poor 

calibration, unstable output, weak coverage, ambiguous 

records, or uncertainty that cannot be reduced within the 

available workflow. It does not mean every low-confidence 

output is unsafe; activation depends on whether uncertainty 

is material to the pending decision. 
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The second trigger is conflicting evidence. Context-aware 

drug–drug interaction screening demonstrates that relevance 

can change when patient and clinical information is 

incorporated [16]. In the proposed framework, disagreement 

among rules, model outputs, laboratory values, treatment 

history, allergy data, or documented indication requires 

reconciliation. A material unresolved conflict activates 

takeover, whereas a documentation discrepancy that can be 

resolved safely may enter clarification hold. 

The third trigger is missing context. Material missingness is 

defined relative to the decision rather than a generic 

completeness score. Missing indication, organ function, 

pregnancy status, concurrent treatment, allergy detail, 

laboratory results, or monitoring data should activate 

clarification or takeover when the absent information could 

alter dose, suitability, interaction interpretation, monitoring, 

or urgency. 

The fourth trigger is unusual combinations. This category 

covers cases outside validated or familiar coverage, including 

uncommon drug–dose–route patterns, rare comorbidity 

combinations, contradictory treatment histories, or atypical 

patient–therapy relationships. Unusualness is not evidence 

that a prescription is wrong. It is a boundary marker against 

unsupported extrapolation. 

The fifth trigger is vulnerable patients, and the sixth is high-

consequence decisions. Evidence that alert timing and 

screening intervals affect burden shows that safety cannot be 

separated from when and how review is requested [17]. 

Medication-related harm among older adults further supports 

treating patient susceptibility and potential consequence as 

dimensions distinct from predicted probability [18]. The 

framework therefore permits mandatory takeover when 

tolerance for error is low, even when estimated risk is low or 

model confidence is high. 

The proposed Pharmacist-Takeover Contract accompanies 

every transition into S6. It communicates: 

• the trigger class and triggering evidence; 

• the affected prescription element; 

• missing, conflicting, uncertain, or unusual information; 

• evidence provenance and timestamp; 

• estimated urgency and potential consequence; 

• checks already completed and actions not completed; 

• the required pharmacist role; 

• permissible dispositions; 

• fallback behavior if review is delayed or unavailable; and 

• the final adjudication and rationale. 

The contract is intended to prevent an alert from being 

mistaken for a completed handoff. It also makes escalation 

auditable by distinguishing system detection, transfer of 

authority, pharmacist receipt, completed adjudication, and 

final disposition. 

Table 2 organizes the evidence, constructs, relationships, 

uncertainties, and boundary conditions required for 

evaluation criteria, evidence requirements, and failure modes 

for the article Designing Prescription Verification Systems 

That Know When the Pharmacist Must Take Over. 

Table 2. Evaluation criteria, evidence requirements, and failure modes for the article Designing Prescription 
Verification Systems That Know When the Pharmacist Must Take Over. 

Architecture 
layer or 
process 

stage 

Core function 
Information 

flow 

Interaction with 
other 

components 

Evaluation 
criterion 

Potential 
failure mode 

Human or 
organizational 
responsibility 

Readiness 
boundary 

S0–S1: intake and 

context 

Establish identity 

and required 

context 

Prescription, 

patient, indication, 

history, and current 

clinical data 

Determines whether 

subsequent checks 

are interpretable 

Completeness, 

freshness, 

provenance, correct 

patient linkage 

Wrong-patient 

association, stale 

data, silent 

missingness 

Pharmacy and 

information 

governance define 

required fields 

Populated fields 

do not by 

themselves 

establish 

adequate context 

S2: automated 

checks 

Apply authorized 

rules and models 

Structured context 

enters checks; 

outputs enter 

reconciliation 

Produces evidence 

rather than final 

authority 

Technical validity 

within the intended 

use 

False negative, 

false positive, or 

weak coverage 

Model and 

knowledge-base 

owners maintain 

versions and 

limitations 

Technical 

performance does 

not establish 

clinical 

usefulness 

S3: evidence 

reconciliation 

Identify agreement, 

conflict, and 

uncertainty 

Rules, models, 

records, history, 

and provenance are 

compared 

Routes the case to 

proceed, 

clarification, or 

takeover 

Conflict detection, 

source traceability, 

and reproducibility 

Silent precedence 

or unresolved 

contradiction 

Pharmacist-led 

governance defines 

material conflict 

Association does 

not determine the 

correct 

medication action 

S4: automation-

supported proceed 

Continue only 

when proposed 

conditions are 

satisfied 

Reconciled 

evidence and 

absence of an 

active trigger 

Conditional 

transition rather than 

autonomous 

approval 

Appropriate non-

takeover and 

absence of missed 

mandatory cases 

False reassurance 

or unauthorized 

progression 

Organization defines 

the permissible scope 

of automation 

“Proceed” is not 

equivalent to 

independent 

clinical 

authorization 
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S5: clarification 

hold 

Obtain resolvable 

information 

Missing item, 

request, response, 

and updated 

context 

Returns to S1 or 

escalates to S6 

Resolution quality, 

delay, and handoff 

completeness 

Indefinite hold, 

informal 

workaround, or 

lost request 

Assigned staff obtain 

and verify information 

Clarification is 

unsuitable when 

delay creates 

material risk 

S6–S7: takeover 

and adjudication 

Transfer authority 

and document 

disposition 

Trigger contract 

moves to the 

pharmacist; 

rationale returns to 

the record 

Produces approval, 

modification, 

clarification, 

rejection, referral, or 

hold 

Trigger sensitivity, 

response time, 

comprehension, 

and traceability 

Nominal review, 

queue delay, 

unclear 

ownership, or 

automation bias 

[10] 

Pharmacist 

adjudicates; 

organization ensures 

staffing and fallback 

Takeover 

activation alone 

does not establish 

improved safety 

S8: monitoring 

and requalification 

Detect 

deterioration, 

inequity, burden, 

and new failure 

Incidents, misses, 

false triggers, 

workload, and 

system changes 

Feeds redesign, 

suspension, or 

requalification 

Timely detection 

and corrective 

control 

Normalized 

workaround or 

unmanaged 

change 

Multidisciplinary 

governance owns 

surveillance and 

change control 

Continued 

operation does 

not prove 

continuing 

validity 

Trigger 

framework 

Convert 

uncertainty, 

conflict, 

missingness, 

unusualness, 

vulnerability, and 

consequence into 

action 

Trigger evidence is 

combined with 

urgency and 

consequence 

Activates S5 or S6 

under proposed 

local rules 

Trigger-class 

sensitivity, 

unnecessary 

takeover, and 

subgroup behavior 

Over-triggering, 

under-triggering, 

or omitted trigger 

categories 

Local clinical 

governance validates 

thresholds and 

exceptions 

Trigger classes, 

thresholds, and 

exceptions 

remain proposed 

The trigger framework is not a clinical rule set. It supplies 

categories and responsibility-transfer fields that may be 

operationalized differently across settings. Hard triggers, 

conditional triggers, escalation timing, permitted exceptions, 

and fallback arrangements require local empirical validation, 

human-factors testing, workflow assessment, and governance 

authorization. 

Interface, Alert, and Escalation Design 
A takeover interface must communicate transferred authority, 

not merely another warning. Interruptive medication alerts 

have variable effects, so interruption should be reserved for 

conditions in which bypass or delay could materially affect 

the prescription decision [19]. Lower-consequence 

uncertainty may enter clarification or queued review. 

Role-tailored interaction design may reduce medication-alert 

fatigue [20]. Pharmacist-facing escalation should show the 

trigger, affected prescription element, unresolved evidence, 

provenance, urgency, completed checks, and permitted 

dispositions rather than only a risk score. 

Workload, complexity, and repeated alerts influence alert 

fatigue [21]. Queue position, response time, staffing, and 

repeated-trigger burden are safety variables. Mandatory 

triggers should remain visible until resolved, while redundant 

signals may be consolidated without hiding distinct high-

consequence concerns. 

Collaborative alert review can support accountable removal 

or redesign of low-value decision support [22]. Interface 

changes require testing for comprehension, verification, 

response quality, workload displacement, and workarounds. 

Testing Takeover Sensitivity, Timing, and 
Workload 
Evaluation should document live human–AI interaction, AI-

specific trial conduct, and prespecified handling of inputs, 

outputs, errors, and professional involvement [23-25]. The 

unit is the prescription–system–pharmacist episode. 

Outcomes should distinguish correct, missed, unnecessary, 

delayed, and incomplete takeover. 

Prediction-model reporting should define intended use, 

targets, data sources, missing-data handling, performance, 

and limitations [26]. These properties are insufficient alone. 

Testing must also examine trigger-class sensitivity, conflict 

detection, pharmacist comprehension, fallback, subgroup 

behavior, and whether escalation occurs before an 

irreversible action. 

Sensitivity must be evaluated under nominal and stressed 

workload. Long queues, reduced staffing, or competing tasks 

may delay escalation; excessive takeover may displace 

attention from more consequential prescriptions. No 

universal performance or workload threshold is proposed. 

Implementation and Safety Implications 
Clinical impact depends on generalizability, workflow 

integration, data quality, and real-use conditions [27]. Figure 

2 presents the original conceptual synthesis for takeover 

testing matrix across sensitivity, timing, and workload, 

showing how the article’s principal components, evidence 

relationships, uncertainties, and decision boundaries are 

connected. 
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Figure 2. Takeover Testing Matrix across Sensitivity, Timing, and Workload 

Responsible health-care machine learning requires lifecycle 

monitoring and mechanisms for intervention when 

assumptions fail [28]. Governance must control intended use, 

updates, incidents, suspension, requalification, and 

retirement. 

Adoption and response timing are workflow-mediated [29]. 

Evaluation should distinguish alert exposure, pharmacist 

receipt, completed adjudication, and final disposition. High 

use is not equivalent to safe use. 

Implementation should be assessed across the intervention, 

setting, individuals, and process [30]. Local readiness 

requires staffing, role clarity, training, downtime procedures, 

auditable provenance, and authority to suspend unsafe 

automation. 

Table 3 organizes the evidence, constructs, relationships, 

uncertainties, and boundary conditions required for 

governance responsibilities, implementation conditions, and 

monitoring requirements for the article Designing 

Prescription Verification Systems That Know When the 

Pharmacist Must Take Over. 

Table 3. Governance responsibilities, implementation conditions, and monitoring requirements for the article 
Designing Prescription Verification Systems That Know When the Pharmacist Must Take Over. 

Governance 
domain 

Responsible 
actor 

Required 
authority 

Documentation 
requirement 

Monitoring 
indicator 

Escalation 
trigger 

Corrective 
action 

Accountability 
boundary 

Intended use 
Multidisciplinary 

safety body 

Approve scope 

and exclusions 
Intended-use dossier Out-of-scope use 

Recurrent scope 

breach 

Restrict or 

suspend 

Approval does not 

establish benefit 

Trigger and 

interface control 

Pharmacist-led 

informatics team 

Change logic 

and 

presentation 

Versioned rationale 

Misses, false 

takeover, or 

confusion [22] 

Material 

recurring failure 

Redesign and 

retest 

Configuration remains 

locally validated 

Lifecycle safety 
System and 

pharmacy owners 

Review, 

rollback, or 

suspend 

Incident and update 

records 

Drift or data failure 

[28] 

Assumptions no 

longer hold 

Correct and 

requalify 

Operation does not 

prove continuing 

validity 
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Workflow 

capacity 

Pharmacy 

leadership 

Assign queues 

and fallback 

Staffing and downtime 

plan 

Delayed takeover 

[29] 

Inadequate 

response 

capacity 

Reallocate or 

activate fallback 

Technology cannot 

replace unavailable 

expertise 

Implementation 
Implementation 

leads 

Assess fit and 

adaptation 

Training and readiness 

record 

Persistent process 

failure [30] 

Setting–system 

mismatch 

Adapt or 

withdraw 

Adoption is not proof of 

safety 

Equity 
Safety and patient 

representatives 

Require 

subgroup 

review 

Subgroup audit 
Differential misses 

or delay 

Unjustified 

disparity 

Investigate, 

redesign, or 

suspend 

One fairness metric 

cannot settle 

acceptability 

Limitations 
Proxy variables and target definitions can produce inequitable 

decisions despite strong apparent performance [31]. Missing 

data, uneven documentation, differential pharmacist access, 

or incomplete vulnerability categories may reproduce such 

disparities. Fairness metrics cannot resolve ethical and 

distributive questions alone [32]. 

Machine learning can also generate unintended clinical and 

organizational effects [33]. Takeover logic may increase 

delay, superficial review, workarounds, or attention 

displacement. Dataset shift may invalidate assumptions after 

implementation [34]. The proposed states, triggers, 

thresholds, and governance responsibilities therefore require 

external, prospective, subgroup-sensitive, and lifecycle 

evaluation. 

CONCLUSION  

Prescription verification is not completed when a system 

classifies risk or produces a confident recommendation. It 

requires context assembly, evidence reconciliation, 

responsibility allocation, professional adjudication, and 

documented disposition. 

The proposed Prescription-Verification State Model and 

Pharmacist-Takeover Contract identify uncertainty, 

conflicting evidence, missing context, unusual combinations, 

vulnerable patients, and high-consequence decisions as 

takeover classes. They distinguish alert generation from 

transfer of authority and takeover activation from completed 

review. 

The conceptual framework establishes no universal threshold, 

mandate, improved outcome, regulatory acceptance, or 

deployment readiness. Its value lies in defining testable 

responsibility boundaries and failure conditions. Operational 

use requires local validation, pharmacist and patient 

involvement, implementation assessment, accountable 

governance, and continuing authority to modify or suspend 

the system. 
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