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Abstract 
 

Artificial intelligence is increasingly positioned within medication-management activities such as prescription screening, risk prioritization, 

information generation, treatment selection, and clinical decision support. Yet the continued presence of a pharmacist or another healthcare 

professional does not necessarily constitute meaningful human oversight. A person may be formally “in the loop” while lacking the 

competence, time, information, organizational support, or authority required to identify and correct a hazardous output. This article develops 

a proposed Oversight-Capability Framework for determining when human involvement in AI-assisted medication management may be 

considered meaningful. The framework defines oversight through four proposed functions: detecting a reason for scrutiny, interpreting and 

challenging the AI-assisted output, deciding whether the output should be accepted, modified, deferred, rejected, or escalated, and 

implementing or coordinating an appropriate response. These functions depend on four enabling conditions—competence, time, information, 

and authority—and may operate prospectively, continuously, when triggered, or retrospectively. Meaningful oversight is therefore treated as 

a demonstrable capability to alter a potentially hazardous medication trajectory rather than as a professional title, explanation display, alert 

acknowledgment, or nominal override option. The framework separates model output from medication decision, technical performance from 

clinical usefulness, automation from professional authority, and implementation from validated benefit. Evaluation should examine erroneous 

recommendations, disagreement, intervention feasibility, workload, subgroup harm, escalation, and organizational learning. The proposed 

framework is conceptual and requires validation across medication tasks, technologies, populations, professional roles, and organizational 

settings. It is not a clinical recommendation, regulatory standard, validated safety mechanism, or deployment-ready protocol.  
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INTRODUCTION 

Medication management is a consequential sociotechnical 

activity in which recommendations must be interpreted 

against patient characteristics, treatment history, concurrent 

medicines, monitoring information, professional 

responsibilities, and organizational constraints. Artificial 

intelligence may support parts of this activity, but its 

introduction can also create new error pathways, including 

inappropriate reliance, concealed uncertainty, misleading 

outputs, and redistribution of responsibility. Machine-

learning systems can therefore produce unintended clinical 

consequences even when a healthcare professional remains 

formally involved [1]. 

The language of human–AI collaboration often assumes that 

combining computational capability with professional 

judgment will produce a superior result. Such 

complementarity is plausible but cannot be inferred from the 

simultaneous presence of a person and a model. It depends on 

which party performs which task, what information is 

available, how disagreement is handled, and whether the 
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professional can meaningfully change the resulting action [2]. 

In medication management, this distinction is especially 

important because a recommendation may influence 

prescribing, verification, dispensing, administration, 

monitoring, counselling, or follow-up without formally 

replacing the professional responsible for the decision. 

Automation bias further weakens the assumption that human 

review inherently provides protection. People may accept 

incorrect recommendations, fail to search for contradictory 

evidence, or reduce independent reasoning after exposure to 

apparently authoritative decision support. Verification can 

also become difficult when reviewing an output requires 

reconstructing complex calculations, locating missing 

clinical information, or understanding an unfamiliar model 

[3]. A nominal review step may consequently provide little 

protection if detecting the error demands more time, 

information, or expertise than the workflow permits. 

Clinical decision-support evidence similarly indicates that 

benefits and risks depend on usability, workflow integration, 

maintenance, data quality, alert design, and implementation 

conditions rather than technical availability alone [4]. A 

pharmacist who receives an alert too late, cannot inspect its 

basis, lacks access to relevant records, or has no practical 

mechanism for stopping the proposed action cannot exercise 

effective oversight merely by being present. 

This article therefore proposes that meaningful human 

oversight should be judged by capability and consequence. 

The relevant question is not whether a human appeared 

somewhere in the workflow, but whether an appropriately 

situated person could detect a reason for scrutiny, 

independently evaluate the AI-assisted output, exercise 

decision authority, and intervene before or after harm. This is 

an original conceptual framework rather than an empirical 

validation study. Its categories and relationships are proposed 

unless directly grounded in the selected evidence. 

Defining the Functions of Meaningful Oversight 
Artificial intelligence in pharmacy encompasses 

heterogeneous tasks, including prescription screening, 

medication-information support, workflow prioritization, 

error detection, clinical prediction, and communication. 

These applications differ in autonomy, uncertainty, intended 

user, reversibility, and potential harm. Oversight should 

therefore be defined for a bounded medication-management 

task rather than for “AI” or “digital pharmacy” as 

undifferentiated categories [5]. 

Meaningful oversight is proposed here as the demonstrable 

capacity of a human or organized professional team to 

identify, evaluate, contest, modify, stop, escalate, or learn 

from an AI-assisted medication action. Merely displaying an 

explanation is insufficient because an explanation may be 

incomplete, persuasive without being reliable, or 

disconnected from the information required for independent 

verification [6]. Explanation may support oversight, but it 

does not itself establish comprehension, challenge, authority, 

or intervention. 

Four proposed functions organize the concept. Detection 

means recognizing that an output, omission, uncertainty, 

workflow event, or patient circumstance requires scrutiny. 

Interpretation and challenge mean examining the 

recommendation against clinical evidence, patient context, 

alternative explanations, and known limitations. Decision and 

authorization mean determining whether the output should be 

accepted, modified, delayed, rejected, or referred. 

Intervention and escalation mean executing or coordinating 

an action capable of changing the medication trajectory. 

These functions should be connected to lifecycle 

accountability, monitoring, and organizational responsibility 

rather than treated as an isolated bedside or dispensing-stage 

check [7]. 

Human–AI performance can vary among users and cases, 

demonstrating that collaboration quality cannot be inferred 

from model accuracy alone [8]. An output that assists one 

professional may distract or mislead another. Meaningful 

oversight must therefore be evaluated as an interaction 

capability situated within a specific task, workflow, 

population, and organizational environment. 

Figure 1 presents the original conceptual synthesis for 

oversight-capability framework for ai-assisted medication 

management, showing how the article’s principal 

components, evidence relationships, uncertainties, and 

decision boundaries are connected. 
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Figure 1. Oversight-Capability Framework for AI-Assisted Medication Management 

Table 1 organizes the evidence, constructs, relationships, 

uncertainties, and boundary conditions required for 

definitions, components, relationships, and intended uses for 

the article What Counts as Meaningful Human Oversight in 

AI-Assisted Medication Management? 

 

Table 1. Definitions, components, relationships, and intended uses for the article What Counts as Meaningful 
Human Oversight in AI-Assisted Medication Management? 

Component 
or scientific 
dimension 

Problem 
addressed 

Inputs or 
determinants 

Proposed 
mechanism or 

relationship 

Expected 
contribution 

Evidence 
required 

Failure or 
uncertainty 

risk 

Boundary 
statement 

Bounded 

medication-

management 

task 

“AI” is too broad 

to define a 

uniform oversight 

requirement. 

Intended use, user, 

patient context, 

workflow stage, 

reversibility, credible 

harm. 

Proposed synthesis: 

oversight 

requirements are 

specified for the task 

and consequence 

rather than the 

technology label [5]. 

Prevents transfer of 

assumptions across 

dissimilar 

pharmacy 

applications. 

Clear intended-use 

statement and 

workflow analysis. 

Oversight may be 

designed for the 

model but not for 

the actual 

medication action. 

Task definition 

does not establish 

clinical 

usefulness. 

Human 

presence 

A professional 

may remain 

involved without 

being able to 

detect or correct 

error. 

Workflow position, 

attention, timing, 

access to evidence. 

Presence contributes 

only when it enables 

an effective oversight 

function [3]. 

Replaces nominal 

involvement with 

observable 

capability. 

Human-factors and 

workflow evidence. 

Symbolic review, 

rubber-stamping, 

automation bias. 

Human presence 

is not equivalent 

to meaningful 

oversight. 

Detection 

Harm cannot be 

prevented if no 

reason for 

scrutiny is 

recognized. 

Alerts, uncertainty 

signals, patient 

changes, conflicting 

information. 

Proposed function: 

identify an output, 

omission, or 

circumstance 

requiring 

examination. 

Creates an 

opportunity for 

timely review. 

Sensitivity to 

relevant hazards 

and manageable 

alert burden. 

Missed signal, 

excessive alerts, 

hidden uncertainty. 

Detection is not 

proof that the 

issue will be 

understood or 

corrected. 
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Interpretation 

and challenge 

Explanations may 

persuade without 

supporting 

independent 

verification. 

Output rationale, 

clinical records, 

alternatives, 

limitations, 

uncertainty. 

Proposed function: 

compare the AI-

assisted output with 

independent clinical 

and contextual 

evidence [6]. 

Supports 

contestability and 

calibrated reliance. 

Comprehension, 

verification, and 

disagreement 

studies. 

Explanation bias, 

incomplete 

context, inability 

to reconstruct 

reasoning. 

Explanation is not 

equivalent to 

verification. 

Decision and 

authorization 

Review has little 

value when the 

reviewer cannot 

alter the decision. 

Professional scope, 

accountability, 

escalation rules, 

organizational 

policy. 

Proposed function: 

accept, modify, defer, 

reject, or refer the 

output. 

Links professional 

judgment to an 

actionable decision. 

Evidence that users 

possess and 

exercise real 

authority. 

Nominal 

discretion, unclear 

responsibility, 

deference to 

automation. 

Model output is 

not the medication 

decision. 

Intervention 

and escalation 

Recognizing an 

error does not 

prevent harm 

unless action is 

feasible. 

Time, 

communication 

channels, staffing, 

access to prescribers 

and records. 

Proposed function: 

change, pause, stop, 

or escalate the 

medication trajectory. 

Connects oversight 

to potential risk 

control. 

Timeliness and 

intervention-

feasibility evidence. 

Delayed response, 

unavailable 

decision-maker, 

irreversible action. 

Override access is 

not equivalent to 

feasible 

intervention. 

Lifecycle 

accountability 

Point-of-use 

review cannot 

address every 

design, data, or 

monitoring 

failure. 

Development, 

validation, 

deployment, 

updating, incident 

review. 

Oversight is 

distributed across 

users and 

organizations 

throughout the system 

lifecycle [7]. 

Prevents the 

frontline 

professional from 

becoming the sole 

safety backstop. 

Role allocation, 

monitoring, audit, 

and change-control 

evidence. 

Responsibility 

gaps and 

organizational 

diffusion. 

Professional 

oversight does not 

replace developer 

or institutional 

accountability. 

Human–AI 

interaction 

Model 

performance may 

not predict 

combined 

performance. 

User expertise, case 

difficulty, interface, 

reliance, 

disagreement. 

Interaction effects are 

context-dependent 

and must be tested 

[8]. 

Directs evaluation 

toward combined 

task performance. 

Comparative 

human-only, AI-

only, and human–

AI evidence where 

appropriate. 

Performance 

degradation for 

some users or 

cases. 

Technical 

performance is 

not equivalent to 

clinical 

usefulness. 

Proposed Oversight-Capability Framework 
The proposed framework begins with a bounded AI-assisted 

medication-management task. The task should specify the 

intended user, information inputs, decision affected, timing, 

reversibility, plausible error pathways, and potential 

consequences. Medication-risk prioritization illustrates why 

this boundary matters: a system may identify prescriptions 

requiring review, but the safety contribution depends on 

whether the prioritized cases are clinically meaningful and 

whether a reviewer can investigate and act on them [9]. Risk 

identification should not be described as harm prevention 

unless the downstream review and intervention pathway has 

also been evaluated. 

The framework then asks whether four enabling conditions 

are present. Competence concerns the knowledge and skills 

required to understand the medication task, recognize model 

limitations, evaluate uncertainty, and challenge an output. 

Time concerns whether scrutiny can occur before the relevant 

decision becomes effectively irreversible. Information 

concerns access to the patient, treatment, evidence, model, 

and workflow context needed for an independent judgment. 

Authority concerns real permission and practical power to 

alter, delay, reject, or escalate the action. These conditions are 

proposed as necessary but individually insufficient. 

When the enabling conditions are adequate, the four oversight 

functions may be enacted: detection, interpretation and 

challenge, decision and authorization, and intervention or 

escalation. The sequence is not necessarily linear. A reviewer 

may return for additional information, seek another 

professional opinion, escalate uncertainty, or initiate 

retrospective analysis. The framework therefore represents a 

revisable capability pathway rather than a fixed algorithm. 

Oversight also extends beyond the moment at which an 

output is displayed. Responsible machine-learning practice 

requires attention to problem formulation, data provenance, 

validation, deployment, monitoring, and system change [10]. 

The professional using the system cannot independently 

repair biased training data, inappropriate objectives, 

distribution shift, inaccessible audit records, or unsafe 

organizational incentives. Point-of-use oversight must 

therefore be embedded within lifecycle governance. 

A further boundary separates technical performance from 

clinical task performance. A model may classify, rank, or 

generate text accurately under a benchmark while failing to 

improve professional decisions or workflow outcomes. 

Clinical impact additionally depends on external validity, 

integration, usability, prospective evaluation, and the 

consequences of errors [11]. Accordingly, the proposed 

framework evaluates not only whether a model produces a 

technically correct output, but whether the human–AI system 

enables an appropriate medication action under real 

conditions. 

Medication-direction error detection by large language 

models provides a relevant example. Such systems may 

identify potentially problematic instructions, but the output 
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remains an informational contribution rather than the 

medication decision itself [12]. A meaningful oversight 

pathway would specify who examines the flag, what source 

information is available, how uncertainty is communicated, 

how false-positive and false-negative outputs are managed, 

who contacts the prescriber or patient, and who authorizes the 

final wording. The framework therefore treats model 

flagging, professional review, medication authorization, and 

implementation as separate stages. 

Responsible translation consequently requires lifecycle 

governance connecting problem formulation, local 

validation, workflow integration, and post-deployment 

monitoring [7, 10, 11]. The proposed architecture does not 

claim that every stage must be controlled by one professional 

or that all medication applications require identical evidence. 

Instead, it provides a structure for asking whether 

responsibility, information, and intervention capacity are 

sufficient for the risk and claim being made. 

Triggered, Continuous, Prospective, and 
Retrospective Oversight 
Oversight may operate through different temporal modes. 

These modes are proposed categories rather than validated 

levels of safety, and more than one mode may be required for 

a single medication-management application. 

Triggered oversight begins when an event creates a reason for 

scrutiny. Triggers may include an AI-generated alert, low-

confidence output, data inconsistency, unexpected dose, 

contraindication, patient deterioration, disagreement between 

systems, or professional concern. A trigger is meaningful 

only when it reaches an appropriate reviewer, communicates 

why attention is required, and supports an independent 

verification pathway. Experimental evidence shows that users 

may remain susceptible to incorrect AI advice, meaning that 

notification alone cannot be treated as protection [13]. 

Trigger design should therefore be evaluated for both missed 

hazards and inappropriate reliance. 

Continuous oversight refers to human attention or 

supervisory capability maintained throughout an AI-assisted 

process. It may be relevant where outputs change 

dynamically, decisions occur repeatedly, or deterioration 

must be detected over time. Continuous exposure to AI, 

however, is not equivalent to continuous oversight. Human–

AI effects can vary with expertise and case conditions, and 

assistance may improve some judgments while impairing 

others [14]. Continuous oversight requires sustainable 

attention, information access, and corrective capacity rather 

than the permanent visibility of a dashboard or 

recommendation. 

Prospective oversight occurs before a medication action is 

finalized or executed. It may include reviewing a proposed 

prescription, checking an AI-generated instruction, assessing 

a treatment recommendation, or authorizing an automated 

prioritization outcome. AI recommendations can influence 

treatment selections, including choices involving medicines, 

which makes reliance, disagreement, and reversibility 

important evaluation targets [15]. Prospective oversight is 

most protective when the reviewer has sufficient information 

and authority before the decision becomes operationally 

difficult to reverse. 

Retrospective oversight occurs after an output, decision, or 

medication action. It may involve reviewing overridden 

alerts, investigating errors, examining subgroup performance, 

auditing recurrent recommendations, identifying drift, or 

revising local governance. Retrospective oversight can reveal 

patterns that are not visible in individual cases and can 

support organizational learning [7]. It cannot, however, 

reverse every completed harm and should not substitute for 

prospective or triggered intervention when immediate action 

is feasible. 

The modes should therefore be combined according to risk, 

uncertainty, reversibility, and workflow. A high-risk 

prescription-screening system may require prospective 

review of selected cases, triggered escalation for uncertainty, 

continuous monitoring of workflow burden, and retrospective 

analysis of errors and overrides. A lower-consequence 

administrative prioritization tool may require a different 

combination. Lifecycle monitoring remains necessary 

because performance and use can change after 

implementation [10]. 

No temporal mode is inherently meaningful. Triggered 

oversight fails when alerts are ignored or misleading; 

continuous oversight fails when attention is unsustainable; 

prospective oversight fails when review is rushed or 

powerless; and retrospective oversight fails when findings do 

not lead to corrective action. The proposed test is whether the 

selected combination gives appropriately competent and 

authorized people a realistic opportunity to detect, challenge, 

change, and learn from hazardous AI-assisted medication 

actions. 

Competence, Time, Information, and Authority 
Requirements 
Meaningful oversight requires more than a formally 

designated reviewer. The proposed framework treats 

competence, time, information, and authority as necessary 

enabling conditions whose adequacy depends on the 

medication task, potential harm, workflow, and degree of 

uncertainty. None is individually sufficient. A knowledgeable 

pharmacist cannot intervene meaningfully without time or 

authority, while an authorized professional cannot evaluate 

an output safely without relevant competence and 

information. 

Time includes both chronological opportunity and usable 

cognitive capacity. A reviewer must receive the output early 

enough to examine it before the medication action becomes 
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difficult or impossible to reverse. The workflow must also 

permit sustained attention rather than requiring rapid 

acknowledgment amid competing demands. Workload, task 

complexity, and repeated alerts can contribute to alert fatigue 

and reduce attention to decision-support messages [16]. The 

existence of a review interval therefore does not demonstrate 

that adequate review is realistically possible. Evaluation 

should examine interruption, queue length, competing 

responsibilities, response delay, and whether high-risk cases 

can be prioritized without creating new blind spots. 

Information means access to the contextual evidence needed 

to evaluate the AI-assisted output independently. Depending 

on the task, this may include indication, dose, organ function, 

laboratory values, allergy history, concomitant therapy, 

adherence, treatment response, previous adverse effects, 

prescriber intent, model inputs, missing-data indicators, and 

known limitations. Medication-related alerts are frequently 

overridden, and the appropriateness of those decisions varies 

according to alert type and clinical context [17]. Oversight 

should therefore not be assessed by alert acceptance or 

override frequency alone. The relevant question is whether 

the reviewer received sufficiently specific, timely, and 

actionable information to distinguish a useful warning from a 

misleading or irrelevant one. 

Competence includes medication-domain expertise, 

understanding of the intended task, recognition of 

uncertainty, knowledge of common AI failure modes, and the 

ability to compare the output with independent evidence. 

Professional registration or general familiarity with digital 

systems does not establish these capabilities. Existing 

educational programs for healthcare professionals vary 

considerably in content and assessment, indicating that AI 

competence cannot be presumed from exposure to technology 

[18]. Task-specific education should be paired with 

observable assessment, such as identifying erroneous outputs, 

articulating limitations, seeking missing information, and 

selecting appropriate escalation routes. The framework does 

not prescribe a universal curriculum or competency 

threshold. 

Authority means more than theoretical discretion. The 

reviewer must possess practical and organizational power to 

pause, reject, modify, defer, or escalate an AI-assisted 

medication action. Authority may be undermined by unclear 

responsibility, inaccessible prescribers, rigid automation, 

staffing limitations, managerial pressure, or fear of punitive 

consequences. It should therefore be evaluated through actual 

workflow permissions and responses to disagreement. An 

override button is not meaningful authority when its use is 

discouraged, undocumented, delayed, or incapable of 

changing the action. 

Human intervention capacity is consequently constrained by 

workload, alert burden, and competence rather than 

professional presence alone [16-18]. The proposed 

framework treats failure of any enabling condition as a 

potential break in the oversight pathway. However, the 

conditions should not be converted into unsupported 

universal scores. Their adequacy must be tested for the 

specific medication task, setting, user group, and foreseeable 

harm. 

Evaluating Whether Oversight Can Actually 
Prevent Harm 
The central evaluative question is whether human oversight 

can change a hazardous medication trajectory under realistic 

conditions. Model accuracy, explanation availability, 

reviewer satisfaction, alert acknowledgment, and agreement 

with AI may provide useful information, but none alone 

establishes harm prevention. Evaluation should reconstruct 

the pathway from model output to signal, human 

interpretation, decision authority, intervention, and resulting 

consequence. 

Clinical evaluation reports should describe the AI 

intervention, intended use, human interaction, error handling, 

and outcomes sufficiently to determine what the professional 

actually did and whether that action influenced the result [19]. 

Studies should distinguish errors generated by the AI, errors 

introduced through interaction, errors detected by the human, 

and errors remaining after review. Reporting that a human 

approved an output is insufficient unless the reviewer’s 

information, timing, options, and response are also described. 

Prospective protocols should specify the intended user, 

workflow position, data inputs, human role, escalation 

pathway, anticipated errors, and potential harms before 

claims about meaningful oversight are made [20]. The 

protocol should define what counts as successful detection, 

appropriate disagreement, effective intervention, delayed 

action, and unresolved uncertainty. Where oversight is 

expected to prevent harm, the evaluation design should 

include outcomes capable of testing that claim rather than 

relying solely on technical or usability proxies. 

Early live clinical evaluation should examine actual use, 

workflow adaptations, safety events, human factors, and 

deviations from intended practice [21]. Relevant measures 

may include whether reviewers recognize incorrect 

recommendations, whether correct outputs are unnecessarily 

rejected, whether escalation occurs in time, whether workload 

changes, whether users become over-reliant, and whether the 

system creates new medication-error pathways. Evidence 

should also identify which users and cases benefit or are 

disadvantaged. 

The proposed framework can be falsified when a reviewer 

does not receive a meaningful signal, cannot verify the 

output, lacks adequate time or information, cannot alter the 

action, or repeatedly fails to identify hazardous 

recommendations. It also fails when review creates additional 

delay, over-reliance, inequity, or diffusion of responsibility. 

The principal test is not whether a human interacted with the 
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system, but whether the interaction produced a timely and 

justifiable change when change was needed. 

Demonstrating prevention requires an appropriate 

comparative design. Agreement with AI, explanation 

viewing, override availability, or user confidence should 

remain secondary or process measures unless their 

relationship to safer medication decisions has been 

established. Evaluation should be proportionate to intended 

use: low-consequence administrative support may not require 

the same evidence as systems influencing dose, 

contraindication management, treatment selection, or 

dispensing authorization. 

Governance and Practice Implications 
Meaningful oversight is an organizational property as well as 

an individual professional capability. Institutions deploying 

AI-assisted medication-management systems remain 

responsible for defining intended use, validating local 

performance, assigning roles, maintaining infrastructure, 

monitoring changes, and responding to incidents. Ethical 

challenges associated with bias, opacity, and changing 

professional roles cannot be transferred entirely to the person 

who receives the final output [22]. 

Responsibility is distributed across developers, vendors, 

deploying organizations, managers, clinical teams, pharmacy 

professionals, and monitoring bodies throughout the system 

lifecycle [23]. Developers influence objectives, data 

representation, interface design, and error visibility. 

Organizations determine procurement, staffing, workflow 

integration, access to records, escalation processes, and 

monitoring. Professionals contribute contextual judgment 

and medication expertise. Meaningful oversight requires 

these responsibilities to be explicit rather than concealed 

behind a generic assertion that a human remains in control. 

Professional authority must also be preserved in practice. 

Algorithmic decision support can reshape autonomy and 

responsibility even when it is formally advisory [24]. A 

pharmacist may appear to retain discretion while 

organizational incentives, interface defaults, time pressure, or 

inaccessible escalation routes make disagreement difficult. 

Governance should therefore evaluate whether professionals 

can document uncertainty, reject a recommendation, request 

additional evidence, contact another decision-maker, and stop 

an unsafe action without unreasonable obstruction. 

Organizations should define escalation ownership, downtime 

arrangements, audit access, incident-review procedures, 

change control, and responsibility for recurrent error. 

Monitoring should include overrides, disagreements, missed 

alerts, false reassurance, workflow adaptations, delayed 

interventions, subgroup performance, and changes in system 

use. These arrangements should support learning rather than 

simply attributing adverse outcomes to individual users. 

The framework is not a legal allocation of liability or a 

regulatory standard. Local responsibilities will vary with 

jurisdiction, professional scope, technology, and 

organizational structure. Its governance contribution is a 

proposed test: an institution should not claim meaningful 

human oversight when the people assigned to review outputs 

lack the resources, information, authority, or organizational 

protection needed to perform that role. 

Limitations 
Human oversight cannot reliably compensate for every 

technical or organizational failure. Biased data, unsafe 

objectives, opaque error modes, poor calibration, and 

inappropriate deployment can remain difficult for reviewers 

to detect [25]. The framework therefore does not position 

pharmacists or other professionals as universal safety 

backstops. 

Oversight capability is also context-dependent. Performance 

and human interaction may change across institutions, 

populations, technologies, interfaces, and medication tasks, 

limiting assumptions of generalizability [26]. Local 

evaluation remains necessary before decision-use or safety 

claims are made. 

Aggregate results may conceal systematic harm affecting 

underserved groups [27]. Evaluation should therefore 

examine subgroup-specific error, detectability, intervention, 

and consequence. Performance can remain unsafe under bias, 

distribution shift, or underserved-population error even when 

a human reviewer is present [25-27]. These limitations 

constrain the framework’s interpretation and reinforce its 

status as a proposed, empirically testable synthesis. 

CONCLUSION 

Meaningful human oversight in AI-assisted medication 

management should not be defined by human presence, 

professional title, explanation access, alert acknowledgment, 

or a nominal override mechanism. This article proposes that 

oversight becomes meaningful only when appropriately 

situated people possess the capability to detect a reason for 

scrutiny, interpret and challenge an AI-assisted output, make 

an authorized decision, and intervene or escalate in time. 

The proposed Oversight-Capability Framework links these 

functions to competence, time, information, and authority and 

distinguishes prospective, continuous, triggered, and 

retrospective oversight. It separates model output from 

medication decision, technical performance from clinical 

usefulness, automation from professional authority, and 

implementation from validated benefit. Its evaluative focus is 

whether the human–AI arrangement can alter a hazardous 

medication trajectory without creating unacceptable new 

errors, delays, inequities, or responsibility gaps. 

The framework also places oversight within lifecycle 

governance. Professionals cannot independently correct 
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deficient data, inappropriate objectives, distribution shift, 

unsafe organizational incentives, or inaccessible monitoring. 

Developers, vendors, deploying institutions, managers, and 

healthcare professionals therefore retain distinct and 

overlapping responsibilities. 

The contribution is conceptual rather than validated. Its 

functions, relationships, temporal modes, and failure 

conditions require empirical testing across medication tasks, 

professional groups, patient populations, technologies, and 

organizational settings. It should not be interpreted as a 

clinical recommendation, regulatory determination, universal 

standard, or deployment-ready protocol. Its intended 

contribution is to replace the weak question of whether a 

human remains involved with the more demanding question 

of whether the human and organization possess demonstrable 

capability to recognize, contest, and change an unsafe 

medication action. 
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