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Abstract 
 

Artificial intelligence in pharmacy is frequently evaluated through prediction-centred measures, including discrimination, calibration, 

sensitivity, specificity, and alert reduction. These measures are necessary for characterizing model behaviour but do not establish whether the 

model improves medication-related decisions. A prediction becomes consequential only when it is interpreted by a professional, connected 

to an available action, introduced at an appropriate time, and applied within a workflow in which errors have asymmetric consequences. This 

article critically examines the prediction-to-decision translation gap: the possibility that technically improved predictions may produce 

unchanged or worse pharmacy decisions. Six mechanisms are distinguished: target mismatch, automation bias, treatment leakage, poor 

timing, actionability failure, and unequal error consequences. Decision usefulness is proposed as a conditional property arising from 

alignment among the prediction target, patient and medication context, uncertainty communication, professional interpretation, action 

feasibility, and the consequences of acting or not acting. The article develops a proposed Prediction–Interpretation–Action Framework that 

separates model output from professional interpretation and medication action through three translation gates: target validity, interpretation 

integrity, and action suitability. Evaluation should therefore extend beyond model performance to include human–AI interaction, decision 

consequences, workflow burden, medication safety, subgroup effects, governance, and post-implementation change. The framework is an 

original conceptual synthesis rather than a validated clinical model, procurement standard, or regulatory instrument. Its propositions require 

prospective testing across pharmacy settings, medication tasks, professional roles, patient populations, and technology configurations before 

decision readiness can be inferred. 
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INTRODUCTION 

Separating Predictive Performance from Decision 
Quality 
Artificial intelligence has expanded the range of medication-

related events that can be predicted, classified, prioritized, or 

converted into clinical decision-support alerts. Pharmacy 

applications may identify prescribing anomalies, estimate 

adverse-event risk, rank patients for review, detect potential 

interactions, or reduce apparently low-value alerts. Yet 

predictive success is not equivalent to decision success. 

Clinical impact depends on whether a model is incorporated 

into an appropriate care pathway, reaches the intended user, 

changes a relevant action, and produces consequences that are 

preferable to those arising without the model [1]. A 

technically better prediction can therefore remain clinically 

neutral or become harmful when the surrounding decision 

process is poorly specified. 

This distinction requires the analytical unit to expand beyond 

the algorithm. Responsible health-care machine learning 

depends on choices made across problem formulation, data 

generation, model development, validation, implementation, 

monitoring, and stakeholder governance [2]. In pharmacy 

practice, these choices interact with professional judgment, 

medication histories, treatment intent, patient preferences, 

workload, communication pathways, and the authority to 

intervene. The resulting decision cannot be attributed solely 

to either the model or pharmacist. It is produced by a 

sociotechnical arrangement in which model behaviour, 

human interpretation, workflow design, and organizational 

controls may amplify or counteract one another. 
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 Even within technical evaluation, apparently strong 

performance may conceal limitations relevant to action. 

Discrimination concerns the ranking or separation of patients 

with different outcomes, whereas calibration concerns 

agreement between predicted and observed probabilities [3]. 

A model may discriminate well while systematically 

overstating or understating risk. Conversely, an adequately 

calibrated population estimate may remain unhelpful when 

the available action is ineffective, burdensome, delayed, or 

associated with substantial false-positive consequences. 

Predictive performance should therefore be treated as one 

input into decision evaluation rather than a substitute for it. 

The distinction is especially important in medication-alert 

systems. Artificial intelligence has been used to prioritize or 

suppress clinical decision-support alerts, but the available 

literature contains heterogeneous objectives, outcome 

definitions, validation practices, and implementation 

evidence [4]. Reducing alert volume or improving 

classification does not establish that important medication 

problems are detected, that inappropriate interventions are 

avoided, or that pharmacists can respond effectively. The 

central problem addressed in this article is consequently not 

whether prediction can be improved, but under which 

conditions an improved prediction can be translated into a 

better pharmacy decision. 

This article proposes the concept of a prediction-to-decision 

translation gap and develops an original Prediction–

Interpretation–Action Framework for examining it. The 

framework does not assume that artificial intelligence is 

intrinsically beneficial or harmful. Instead, it identifies the 

conditions, failure mechanisms, evaluation domains, and 

governance boundaries that determine whether predictive 

information can support medication-related judgment 

without displacing context, accountability, or professional 

authority. 

The Prediction-to-Decision Translation Gap 
The prediction-to-decision translation gap is proposed as the 

discordance between measured predictive performance and 

the quality of the decision produced when a prediction is 

introduced into pharmacy practice. The gap can emerge even 

when the reported performance estimate is technically correct 

within its development or evaluation setting. Independent 

assessment of a widely implemented clinical prediction 

model has shown that deployment and broad adoption do not 

guarantee that reported performance will be reproduced in 

another population or institution [5]. The relevant pharmacy 

question is therefore not only whether a model predicts 

accurately somewhere, but whether it supplies dependable 

information for a defined medication decision in the setting 

where it will be used. 

Generalisability should not be treated as an unrestricted 

property that a model either possesses or lacks. Clinical 

usefulness is conditional on the relationship among the 

development data, local patient population, documentation 

practices, available treatments, professional users, and care 

processes [6]. A prediction may be statistically transportable 

but operationally irrelevant because the receiving pharmacy 

uses different thresholds, lacks access to the required 

contextual information, or cannot perform the action assumed 

by the model developers. Conversely, a model with limited 

geographic transportability may still be useful within a 

narrowly defined and continuously monitored local 

workflow. 

Variation across settings can also arise because algorithms 

learn signals associated with institutional practice rather than 

stable clinical relationships. A model evaluated across 

hospitals may perform differently when local acquisition 

processes, coding practices, patient characteristics, or 

treatment patterns change [7].  

The translation gap is further widened when the model is 

treated as if it directly produces the decision. Clinical 

decision-support systems operate through multiple connected 

elements, including a knowledge or model base, an inference 

process, an interface, a user, and a workflow in which 

information is presented and acted upon [8]. A prediction can 

be lost, misunderstood, delayed, duplicated, overridden, or 

accepted without sufficient verification at any point in this 

chain.  

Decision quality is therefore proposed as the expected 

appropriateness of an action after considering medication 

benefit, preventable harm, delay, workload, patient burden, 

opportunity cost, and the consequences of error. It is distinct 

from clinical outcome because a reasonable decision can still 

produce an adverse outcome under uncertainty, and an 

inappropriate decision can occasionally be followed by a 

favourable outcome. It is also distinct from adherence to an 

alert or recommendation. Acceptance may reflect appropriate 

agreement, automation bias, time pressure, or absence of a 

feasible alternative, whereas override may reflect either 

expert correction or unsafe dismissal. 

Table 1 organizes the evidence, constructs, relationships, 

uncertainties, and boundary conditions required for 

definitions, components, relationships, and intended uses for 

the article Why Better Predictions Can Still Produce Worse 

Pharmacy Decisions.

 

Table 1. Definitions, components, relationships, and intended uses for the article Why Better Predictions Can Still 
Produce Worse Pharmacy Decisions. 
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Component 
or scientific 
dimension 

Problem 
addressed 

Inputs or 
determinants 

Proposed 
mechanism or 
relationship 

Expected 
contribution 

Evidence 
required 

Failure or 
uncertainty 

risk 

Boundary 
statement 

Predictive 

performance 

A single model 

metric may be 

mistaken for 

decision quality. 

Target definition, 

discrimination, 

calibration, 

threshold, evaluation 

population 

Evidence-supported 

distinction: 

discrimination and 

calibration characterize 

different aspects of 

prediction [3]. Proposed 

relationship: both remain 

upstream of decision 

usefulness. 

Clarifies what 

technical 

evaluation can and 

cannot establish. 

Internal, temporal, 

and external 

performance 

assessment using 

decision-relevant 

data 

Strong ranking 

may coexist with 

unreliable risk 

estimates or 

unsuitable 

thresholds. 

Predictive 

performance 

does not 

establish 

medication 

benefit, safety, 

or workflow 

value. 

Prediction-to-

decision 

translation gap 

Reported 

performance may 

not be 

reproduced or 

converted into 

useful action 

locally. 

Local population, 

data systems, 

workflow, users, 

interventions, 

implementation 

conditions 

Evidence indicates that 

implemented models 

may perform differently 

under independent 

evaluation [5]. The 

formal translation-gap 

construct is proposed in 

this article. 

Directs evaluation 

toward the 

pathway between 

output and action. 

Local validation 

followed by 

prospective 

evaluation of 

decisions and 

consequences 

The gap may be 

attributed 

incorrectly to the 

model when 

workflow or 

implementation is 

responsible. 

The construct 

does not imply 

that every 

performance 

difference 

causes harm. 

Contextual 

usefulness 

General 

performance 

claims may 

obscure setting-

specific 

requirements. 

Patient mix, clinical 

practices, resources, 

professional roles, 

intended use 

Evidence-supported 

relationship: usefulness 

is conditional on local 

context rather than 

universal generalisability 

[6]. 

Makes setting, 

user, and decision 

explicit. 

Assessment across 

relevant 

populations, 

institutions, roles, 

and workflow 

conditions 

A locally useful 

system may fail 

elsewhere; a 

broadly validated 

system may still be 

locally unsuitable. 

Local usefulness 

does not 

establish 

universal 

applicability. 

Data and 

institutional 

shift 

Models may 

learn setting-

associated 

signals that 

change across 

sites. 

Documentation, 

formulary, coding, 

acquisition 

processes, treatment 

patterns 

Cross-site performance 

variation can arise when 

data-generating 

processes differ [7]. 

Supports 

transportability 

and drift analysis. 

Multisite, temporal, 

and subgroup 

evaluation with 

examination of 

changing data 

sources 

Apparent clinical 

prediction may 

partly reflect 

institutional 

practice. 

Evidence from 

one task or 

institution 

cannot 

determine 

pharmacy 

performance 

elsewhere. 

Decision-

support 

pathway 

Treating the 

algorithm as the 

whole 

intervention 

obscures human 

and workflow 

effects. 

Model, inference 

engine, interface, 

user, timing, 

communication, 

workflow 

Evidence-supported 

relationship: decision 

support is a 

multicomponent system 

[8]. Proposed 

relationship: failures in 

any component may 

interrupt or distort 

translation. 

Establishes the 

combined human–

technology 

workflow as the 

unit of analysis. 

Usability, human-

factors, workflow, 

safety, and 

implementation 

evaluation 

Interface design, 

workload, or role 

ambiguity may 

dominate model 

performance. 

A validated 

component does 

not validate the 

complete 

system. 

Actionability 

A correct 

prediction may 

identify a 

problem for 

which no 

beneficial 

response is 

available. 

Available 

interventions, 

authority, timing, 

reversibility, 

resources 

Proposed relationship: 

decision usefulness is 

conditional on the 

existence of a feasible 

and beneficial action. 

Prevents risk 

detection from 

being equated with 

improved care. 

Prospective 

evidence 

connecting outputs 

to appropriate 

actions and 

consequences 

Additional alerts 

may increase 

workload, delay, or 

unnecessary 

intervention. 

Actionability 

must be 

established for 

the specific user 

and setting. 

Decision 

quality 

Alert acceptance 

or outcome 

occurrence may 

be misclassified 

as evidence of a 

good decision. 

Patient context, 

evidence, 

uncertainty, 

alternatives, error 

consequences 

Proposed definition: 

expected appropriateness 

of the selected action 

considering benefits, 

harms, burden, delay, 

and opportunity cost. 

Supplies the 

outcome construct 

for the proposed 

framework. 

Transparent 

decision criteria, 

expert review, 

patient-relevant 

outcomes, and 

consequence-

sensitive evaluation 

Reasonable 

decisions may have 

adverse outcomes; 

favourable 

outcomes may 

follow poor 

decisions. 

Decision quality 

is context-

dependent and is 

not reducible to 

adherence to AI 

advice. 

Governance 

and feedback 

Initial validation 

may be treated as 

permanent 

authorization for 

use. 

Ownership, 

monitoring, 

incidents, updates, 

workflow change, 

model change 

Evidence supports 

lifecycle attention 

beyond initial 

development [2]. 

Proposed relationship: 

observed consequences 

should trigger 

reassessment of the 

prediction, interpretation, 

Connects 

implementation to 

accountability and 

change control. 

Ongoing 

performance, 

safety, equity, 

workflow, and 

reliance monitoring 

Unmonitored 

changes can 

invalidate prior 

evidence without 

obvious technical 

failure. 

Governance 

does not itself 

prove clinical 

effectiveness or 

regulatory 

acceptability. 
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action pathway, or 

continued use. 

Mechanisms through Which Accurate Predictions 
Cause Harm 
Target Mismatch 
A model can predict its specified target accurately while 

supporting the wrong decision because the modeled quantity 

is not equivalent to the underlying patient need. This failure 

is especially important when a convenient proxy replaces a 

clinically meaningful construct. A population-management 

algorithm, for example, produced unequal allocation because 

expenditure was used as a proxy for health need, even though 

access and spending patterns differed across groups [9]. In 

pharmacy, analogous mismatch could arise when the model 

predicts prior intervention, medication cost, alert acceptance, 

documentation activity, or health-care utilization rather than 

preventable medication harm or expected benefit from 

pharmacist action. Improving prediction of the proxy may 

then strengthen the wrong allocation rule. 

Target mismatch differs from ordinary model error. The 

output may be statistically accurate for the selected label, yet 

the label may be inappropriate for the decision. The relevant 

validation question is therefore not only whether the outcome 

is predicted correctly, but whether predicting that outcome 

identifies patients for whom the contemplated medication 

action is beneficial. This relationship is task-specific and 

must not be inferred merely because the target is clinically 

associated with risk. 

Automation Bias 
Automation bias occurs when users give disproportionate 

weight to computerized advice, resulting in omission errors 

when the system fails to identify a problem or commission 

errors when incorrect advice is followed. Verification 

becomes more difficult when the underlying reasoning is 

complex, the user is under time pressure, or the system 

appears consistently reliable [10]. Better average 

performance can paradoxically increase this risk if it 

encourages users to reduce independent scrutiny while rare 

but consequential errors remain. 

Treatment Leakage 
Treatment leakage arises when model inputs contain 

information generated by treatment, clinical response, or 

decisions occurring after the point at which the prediction is 

intended to support action. Leakage cannot be identified 

solely by checking whether a variable has a timestamp before 

the recorded outcome. Its meaning depends on prediction 

cadence, observer perspective, causal position, and intended 

applicability [11]. A variable may be legitimate for 

monitoring an evolving patient but inappropriate for a model 

intended to guide the earlier treatment decision that produced 

it. 

In pharmacy AI, leakage may involve laboratory tests ordered 

after clinical deterioration, medication changes initiated in 

response to suspected risk, pharmacist documentation created 

after intervention, or utilization patterns that encode previous 

professional concern. Such variables can produce impressive 

retrospective performance while being unavailable, altered, 

or causally downstream at the intended decision point. 

Deployment under those conditions may generate unstable 

predictions, false reassurance, or delayed recognition that the 

model has lost the information on which its apparent 

performance depended. 

Poor Timing 
A clinically meaningful target can still be predicted at the 

wrong time. Outputs delivered after dispensing, after 

irreversible administration, or after the relevant monitoring 

window may be accurate but non-actionable. Predictions 

generated too early may also be weakly connected to the later 

decision because treatment, physiology, or patient 

circumstances can change. Timing should therefore be 

evaluated as alignment among the prediction horizon, 

information-availability horizon, professional review point, 

and action horizon. A model cannot be considered decision-

useful merely because the predicted event eventually occurs. 

Actionability Failure 
Some systems identify elevated risk without establishing 

what the pharmacist can do differently. Alert optimization 

research illustrates that improved prioritization or reduced 

alert burden does not by itself demonstrate that retained alerts 

lead to appropriate interventions or better medication 

outcomes [4]. Actionability may fail because no effective 

response exists, the user lacks authority, the patient cannot be 

contacted, the prescriber is unavailable, required monitoring 

is inaccessible, or the recommended response imposes greater 

burden than the predicted risk justifies. 

Unequal Error Consequences and Reliance-
Mediated Harm 
Equivalent error rates do not imply equivalent harm. False-

positive alerts may create disproportionate treatment 

interruption, surveillance, cost, or burden for some patients, 

whereas false negatives may deny review to those already 

facing limited access. Target mismatch can magnify these 

differences by allocating pharmacy attention according to 

variables shaped by existing inequities [9]. Evaluation should 

consequently examine who receives the benefit of correct 

predictions and who bears the consequences of error. 

Human interpretation can further amplify unequal or biased 

outputs. Experimental evidence indicates that clinicians 

exposed to systematically biased artificial-intelligence advice 

can make less accurate decisions, and the presence of an 

explanation does not necessarily neutralize that effect [12]. 
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This finding does not establish the magnitude of harm in 

pharmacy practice, but it shows why model evaluation cannot 

assume that a professional user will consistently detect or 

correct erroneous assistance. Accurate average predictions 

may therefore coexist with worse individual decisions when 

rare errors are persuasive, context is incomplete, or error 

consequences are asymmetric. 

Conditions Required for Decision Usefulness 
Decision usefulness is proposed as the conditional capacity 

of a prediction to improve a defined medication-related 

decision for a particular user, patient, setting, time point, and 

feasible action set. It is not an intrinsic attribute of an 

algorithm. The same prediction may be useful during 

inpatient medication review, irrelevant after discharge, and 

harmful when delivered to a user who lacks the information 

or authority required to interpret it. Decision usefulness must 

therefore be assessed at the level of the combined prediction–

user–workflow–action system. 

Meaningful Uncertainty 
The first condition is that uncertainty must be represented in 

a form that supports action. A point estimate or categorical 

label can create an appearance of certainty that the available 

evidence does not warrant. Communicating uncertainty can 

help users identify cases requiring additional information, 

specialist review, deferral, or non-automated assessment [13]. 

However, merely displaying a probability interval is not 

necessarily useful. The representation must correspond to the 

source of uncertainty, be understandable at the decision point, 

and connect to a permissible response. 

Uncertainty also includes limits that are not captured by a 

numerical confidence measure, such as unfamiliar patient 

characteristics, missing contextual data, suspected 

distribution shift, or disagreement between the model and 

medication history. A useful system should allow the 

pharmacist to recognize these conditions and should not 

convert every uncertain estimate into a mandatory binary 

action. 

Interpretable Meaning without Explanation 
Overreach 
The second condition is that users must understand what the 

output represents, which decision it is intended to inform, and 

which conclusions cannot be drawn from it. Post-hoc 

explanations may highlight variables associated with a 

prediction, but they do not automatically establish that the 

model is reliable, that the highlighted features are causal, or 

that the proposed action is safe [14]. Explanation should 

therefore support interrogation rather than serve as a visual 

assurance that the model is trustworthy. 

For pharmacy decisions, interpretability includes clarity 

about the prediction target, reference population, time 

horizon, required inputs, treatment context, threshold, and 

foreseeable failure modes. It also requires access to patient-

specific evidence that may contradict the output. An 

explanation that is technically plausible but disconnected 

from the medication question can strengthen inappropriate 

reliance rather than improve interpretation. 

Calibrated Trust and Contestability 
The third condition is calibrated trust. Trust should 

correspond to evidence of capability in the relevant task and 

setting rather than to novelty, visual polish, vendor 

reputation, or generalized confidence in artificial intelligence. 

Both excessive and insufficient trust may undermine 

performance: overtrust can produce passive acceptance, 

whereas blanket distrust can cause useful information to be 

ignored [15]. The appropriate objective is therefore not 

maximum adoption but context-sensitive reliance. 

Contestability is proposed as a related requirement. 

Pharmacists should be able to challenge the output, obtain the 

underlying patient information, document disagreement, 

select an alternative action, and escalate uncertainty without 

being treated automatically as non-compliant. Override rates 

alone cannot distinguish expert correction from alert fatigue, 

just as acceptance rates cannot distinguish valid agreement 

from automation bias. 

Target Congruence, Timing, and Action Suitability 
A decision-useful prediction must address the quantity that 

matters for the contemplated action. Reliable risk estimation 

is insufficient when risk does not identify who can benefit 

from intervention. The target should therefore correspond to 

a medication-relevant decision, and the prediction horizon 

should match the period during which the pharmacist can act. 

Input variables must also be available without relying on 

information generated after the intended decision. 

Action suitability requires at least one feasible response 

whose expected benefits justify its burdens and error 

consequences. The response must be available within the 

workflow, compatible with professional authority, and 

sufficiently reversible or monitorable when uncertainty is 

substantial. Deliberate non-action should remain available 

when intervention would produce greater harm than 

observation or reassessment. 

Context, Accountability, and Evidential Sufficiency 
Patient and medication context must remain visible 

throughout interpretation. Indication, treatment goals, 

duration, previous response, organ function, interacting 

therapies, adherence, patient preferences, and access 

constraints can change the meaning of the same prediction. 

Digital pharmacy systems that remove these factors from 

view may increase standardization while decreasing clinical 

relevance. 

Accountability must also be allocated across development, 

procurement, implementation, professional use, monitoring, 

and system change. Human oversight should not be invoked 
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as a general solution when the pharmacist lacks time, 

information, training, or authority to correct the model. 

Conversely, the presence of automation does not remove 

professional responsibility for contextual judgment. The 

proposed requirement is a documented distribution of 

responsibility that specifies who validates the target, monitors 

system behaviour, reviews incidents, manages updates, and 

decides whether use should be restricted or suspended. 

Finally, evidence must match the claim being made. 

Technical validation can support statements about prediction 

under specified conditions. Human-factors studies can 

support statements about comprehension or reliance. 

Prospective workflow evaluation can examine whether the 

system changes actions, workload, delays, or error recovery. 

Medication-safety and patient-outcome claims require 

evidence at those corresponding levels. No single metric, 

interface assessment, expert review, or retrospective analysis 

can establish the complete chain from better prediction to 

better pharmacy decision. 

The conditions developed here are proposed as necessary 

evaluative questions rather than empirically proven sufficient 

criteria. Their relative importance will differ across 

medication tasks. A low-risk prioritization aid may tolerate 

different uncertainty and oversight arrangements from a 

system that influences dispensing, treatment interruption, 

dose adjustment, or escalation of urgent care. Validation must 

consequently be tied to the intended decision, affected 

population, pharmacy setting, professional role, and 

consequences of being wrong. 

Proposed Prediction–Interpretation–Action 
Framework 
Clinical decision support should position artificial 

intelligence as one component of a broader professional 

decision process rather than as an independent decision-

maker [16]. The proposed Prediction–Interpretation–Action 

Framework accordingly separates three functions that are 

often compressed into a single claim of “AI performance.” 

Prediction concerns what the model estimates. Interpretation 

concerns how that estimate is related to medication and 

patient context. Action concerns what a pharmacist or another 

authorized professional can appropriately do in response. 

The relevant unit of evaluation is the combined human–AI 

system. Evidence from human–computer collaboration 

shows that performance depends not only on algorithmic 

capability but also on how assistance is represented and 

incorporated into human judgment [17]. The framework 

therefore rejects the assumption that adding a pharmacist to 

an automated pathway automatically creates meaningful 

oversight. Oversight requires access to relevant information, 

sufficient time, authority to disagree, and a workable 

escalation route. 

Professional authority and accountability must remain 

explicit because algorithmic assistance can redistribute 

influence without clearly redistributing responsibility [18]. 

The framework proposes three translation gates: 

1. Target-validity gate: Does the model predict the quantity 

required for the intended medication decision, using 

information legitimately available at that time? 

2. Interpretation-integrity gate: Can the pharmacist 

understand, verify, challenge, defer, or contextualize the 

output without being induced into inappropriate 

reliance? 

3. Action-suitability gate: Is a timely, feasible, authorized, 

and proportionate response available, and are the 

consequences of action and non-action acceptable? 

Failure at any gate may interrupt translation even when 

predictive performance is strong. The framework also 

includes a feedback pathway through which overrides, 

medication outcomes, workload, incidents, subgroup effects, 

and workflow changes can trigger reassessment of the model, 

interface, action pathway, or continued use. 

Figure 1 presents the original conceptual synthesis for 

prediction–interpretation–action framework for pharmacy 

decisions, showing how the article’s principal components, 

evidence relationships, uncertainties, and decision 

boundaries are connected. 
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Figure 1. Prediction–Interpretation–Action Framework for Pharmacy Decisions. 

The figure is an original conceptual synthesis developed for 

“Why Better Predictions Can Still Produce Worse Pharmacy 

Decisions.” A prediction layer containing the target, inputs, 

horizon, performance, calibration, uncertainty, leakage, and 

transportability is separated from professional interpretation 

by a proposed target-validity gate. The interpretation layer 

incorporates patient and medication context, verification, 

uncertainty, explanations, trust, competing evidence, and 

error consequences. A proposed interpretation-integrity gate 

separates interpretation from an action layer containing 

available interventions, timing, authority, feasibility, 

reversibility, escalation, and consequences of action or non-

action. A proposed action-suitability gate leads to medication, 

workflow, safety, and equity outcomes. Feedback from these 

outcomes supports monitoring, reassessment, restriction, or 

withdrawal. 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. 

The proposed framework does not establish that passage 

through the three gates guarantees a better decision. Instead, 

it supplies a falsifiable structure for determining where 

prediction-to-decision translation may fail and what evidence 

would be required to investigate that failure. 

Evaluation beyond Discrimination and Calibration 

Evaluation should assess whether model outputs lead to 

decisions whose expected benefits outweigh the 

consequences of false-positive and false-negative actions. 

Decision-curve analysis provides one method for relating 

prediction thresholds to clinical net benefit rather than relying 

only on discrimination or calibration [19]. It does not, 

however, capture every medication-safety, workload, access, 

or equity consequence. 

Prospective evaluation should examine the system with its 

intended users and workflow. Early-stage clinical evaluation 

guidance emphasizes human factors, workflow integration, 

safety, and actual interaction with artificial-intelligence 

decision support [20]. For pharmacy applications, relevant 

outcomes may include verification behaviour, intervention 

appropriateness, delay, alert burden, escalation, missed 

medication problems, reliance, recovery from erroneous 

advice, and patient-relevant consequences. 

The underlying prediction evidence should also be appraised 

for risk of bias and applicability across participants, 

predictors, outcomes, and analysis [21]. The proposed 

evaluation structure therefore includes seven linked domains: 

technical performance, interpretation quality, action 

appropriateness, workflow effects, medication safety, equity, 

and governance. No domain can substitute for the others. 

The framework generates testable propositions. Decision 

quality should improve only when the target corresponds to 
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the intended action, information is available at the relevant 

time, uncertainty can be interpreted, users can contest the 

output, and a beneficial response is feasible. It predicts worse 

performance when biased or leaked outputs are persuasive, 

when action is unavailable, or when aggregate gains conceal 

severe subgroup consequences. These propositions require 

prospective and task-specific validation. 

Implications for Pharmacy AI Procurement and 
Use 
Procurement should evaluate the complete prediction-to-

decision pathway rather than comparing products primarily 

through headline accuracy. Governance should specify 

ownership, accountability, performance monitoring, incident 

review, and reassessment across the technology lifecycle 

[22]. Evidence should identify the intended users, medication 

task, population, setting, prediction horizon, action pathway, 

contraindicated uses, update process, and circumstances 

requiring restriction or withdrawal. 

Responsible clinical decision-support implementation also 

requires documentation, validation, user preparation, safety 

oversight, and post-deployment monitoring [23]. Vendor 

claims should therefore be separated into technical, 

workflow, medication-safety, patient-outcome, and equity 

claims, with evidence assessed at the corresponding level. 

Local clinical-pharmaceutical review remains necessary 

because alert content can differ in appropriateness and patient 

relevance when applied in practice [24]. Procurement should 

consequently ask whether pharmacists can access the 

evidence underlying an output, determine why it applies to 

the patient, override it without unreasonable burden, and 

initiate a suitable response. 

The article proposes a procurement evidence contract 

organized around six questions: What is predicted? Who 

interprets it? What action becomes possible? When can that 

action occur? Who bears the consequences of error? Who 

monitors and governs change? Failure to answer any question 

should narrow the permitted use rather than be compensated 

for by higher reported model performance. 

Limitations 
The evidence informing this analysis spans heterogeneous 

clinical tasks, professional groups, and settings. Comparative 

artificial-intelligence studies may contain design, reporting, 

and claim-inflation problems that limit conclusions about 

clinical superiority [25]. Transparent reporting can improve 

appraisal of intended use, data, modelling, and evaluation, but 

reporting compliance does not establish decision benefit [26]. 

Several human–AI and equity mechanisms were derived from 

non-pharmacy settings. Aggregate performance can conceal 

unequal underdiagnosis or error burdens across underserved 

populations [27], but the form and magnitude of these effects 

require direct pharmacy investigation. The proposed 

framework has not been validated as a measurement 

instrument, causal model, procurement standard, or clinical 

decision rule. Its applicability may differ across community, 

hospital, ambulatory, specialty, regulatory, and patient-facing 

pharmacy contexts. 

CONCLUSION 

Better prediction and better pharmacy decision-making are 

related but non-equivalent objectives. Prediction becomes 

useful only through interpretation and action within a 

particular patient, medication, professional, workflow, and 

governance context. Target mismatch, automation bias, 

treatment leakage, poor timing, actionability failure, and 

unequal error consequences explain how technically 

improved outputs may produce neutral or harmful decisions. 

The proposed Prediction–Interpretation–Action Framework 

makes this translation pathway explicit through target-

validity, interpretation-integrity, and action-suitability gates. 

It shifts evaluation from asking whether a model predicts 

accurately to asking whether the combined human–AI system 

supports an appropriate, timely, contestable, equitable, and 

accountable medication action. 

The framework is intended to organize research, procurement 

scrutiny, implementation evaluation, and governance 

discussion. It does not establish clinical effectiveness, 

prescribe pharmacy practice, allocate legal responsibility, or 

certify a system for deployment. Prospective validation must 

test its constructs and propositions across medication tasks, 

patient groups, pharmacy settings, professional roles, and 

changing technological environments. 
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