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ABSTRACT 

Predictive medication-safety systems are commonly evaluated as tools that identify patients, orders, or situations 

at elevated risk. Once embedded in clinical work, however, prediction becomes part of the system generating the 

outcomes on which later safety judgments depend. Recommendations can redistribute clinician attention, alerts 

can alter prescribing behavior, suppression and prioritization can change which hazards remain visible, and 

successful interventions can modify the labels and data streams used for subsequent monitoring or retraining. 

These effects complicate the interpretation of apparent improvement or deterioration after deployment. A model 

may retain acceptable technical performance while the surrounding clinical system develops new workload, 

reliance, or residual-risk problems; conversely, apparent statistical drift may partly reflect successful intervention. 

This Current Opinion examines predictive medication safety as a sociotechnical intervention rather than an 

isolated classification task. It distinguishes automation bias from appropriate reliance, alert fatigue from alert 

migration, model drift from intervention-induced feedback, and visible alert reduction from reduction in total 

medication risk. The resulting position is conditional: predictive systems can improve defined medication-safety 

outcomes, but their safety cannot be inferred from discrimination, calibration, alert counts, or override rates alone. 

Evaluation must include how the deployed system changes behavior, information production, error visibility, and 

the residual distribution of medication risk. 
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Introduction 

Clinical decision support can improve the availability and timing of information at the point of care, but its effects 

depend on implementation, usability, workflow integration, and how clinicians respond to recommendations [1]. 

Medication safety therefore cannot be treated as a purely technical property of a rule, score, or prediction. 

Qualitative evidence from medication-related decision support shows that prescribers incorporate alerts into 

existing professional routines, practical workarounds, responsibility structures, and local safety practices [2]. 

Drug-safety reasoning similarly requires separation between evidence, interpretation, and the action ultimately 

taken [3]. 
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These distinctions become more important when decision support is predictive. Responsible clinical machine-

learning guidance has emphasized the full deployment lifecycle rather than model development alone [4], while 

analyses of artificial intelligence and clinical safety have identified bias, distributional instability, and 

implementation context as potential sources of harm [5]. More broadly, the translation of high algorithmic 

performance into clinical benefit remains dependent on generalizability, workflow fit, prospective evaluation, and 

real-world use [6]. For predictive medication safety, the central question is therefore not simply whether a model 

detects risk accurately. It is whether deployment changes clinician behavior, alert exposure, documentation, 

subsequent data, and the remaining distribution of medication errors in ways that alter what “performance” means. 

Prediction as a sociotechnical intervention 

A prediction becomes clinically consequential when it changes what somebody does. Once surfaced to a 

prescriber, pharmacist, nurse, or safety team, a risk estimate can alter attention, investigation, treatment choice, 

documentation, escalation, or monitoring. The distinction matters because the prediction is then no longer 

observing an untouched system. It participates in the processes that generate future medication orders and safety 

outcomes. 

This interpretation follows naturally from the sociotechnical character of decision support [2]. The same model 

can produce different consequences when embedded in different interfaces, escalation pathways, staffing 

structures, or organizational norms. A warning that triggers pharmacist review has a different operational meaning 

from the same score presented passively in an electronic record. A model that changes prescribing before an 

adverse event occurs may also change the later availability of positive outcome labels, while a system that is 

routinely ignored can leave the underlying data-generating process largely unchanged. 

Model performance and clinical-system performance must therefore remain analytically separate. Discrimination, 

calibration, sensitivity, specificity, or predictive value describe properties of a prediction task. They do not directly 

measure whether clinicians receive too many alerts, become over-reliant on recommendations, develop 

workarounds, encounter clinically irrelevant warnings, or shift errors into channels the system does not monitor. 

Predictive medication safety should consequently be evaluated as an intervention in a dynamic clinical 

environment, with the model treated as one component of a wider safety process rather than its sole determinant. 

Automation bias and redistributed clinical attention 

Automation bias describes inappropriate reliance on automated assistance when users accept, fail to interrogate, 

or insufficiently cross-check system recommendations [7]. In medication safety, the problem is not limited to an 

incorrect recommendation being followed. An apparently credible prediction can also redirect scarce attention 

toward the risks selected by the system and away from medication problems outside its target definition. 

Experimental evidence demonstrates why the direction of effect cannot be assumed. In a randomized crossover 

study of artificial-intelligence-assisted diagnostic interpretation, incorrect AI advice could mislead clinicians even 

though AI assistance was also capable of improving decisions under other conditions [8]. The relevant lesson for 

medication safety is mechanistic rather than quantitative: the same assistive system can support correction and 

generate error depending on recommendation quality and how clinicians use it. 

Recent generative-AI studies reinforce this conditionality. In a randomized clinical-management experiment, 

GPT-4 assistance improved physicians' task scores relative to conventional resources but increased task time, 

while the combined physician-plus-LLM condition was not significantly better than the LLM-alone comparison 

reported by the investigators [9]. In medication-safety scenarios spanning multiple specialties, performance also 

differed across pharmacist-only, LLM-only, and human–LLM configurations [10]. These results do not establish 

routine clinical benefit, but they show that system configuration alters the performance of the combined human–

technology unit. 

The clinically relevant safety variable is therefore not “trust in AI” in the abstract. It is calibration of reliance: 

when clinicians should accept, interrogate, ignore, or independently verify a recommendation. Poorly calibrated 

reliance can produce commission errors when an incorrect recommendation is followed and omission errors when 

attention is diverted from unmodeled risks. Under-reliance can also discard useful warnings. Predictive 

medication-safety evaluation must therefore examine how the system redistributes attention, not merely whether 

its output is statistically accurate. 
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Alert ecology: Burden, overrides, and workflow adaptation 

Medication alerts operate within an ecology of repeated interruptions, competing priorities, local customization, 

and learned user responses. Override frequency, alert burden, and safety coverage are related but non-equivalent 

properties [11–13]. A high override rate may reflect poorly targeted alerts, but it may also include clinically 

appropriate decisions in which the prescriber possesses contextual information unavailable to the rule or model. 

This distinction is supported by studies examining high-priority drug–drug interaction alerts in relation to override 

appropriateness and adverse drug events [14]. The safety meaning of an override therefore depends on the alert, 

clinical context, user reasoning, and downstream consequence. Treating every override as failure can reward 

systems that simply suppress difficult or context-dependent cases rather than improve decision quality. 

Alert behavior is also modifiable. Tailored severe drug–drug interaction alerting in intensive care has 

demonstrated that implementation choices can change acceptance and override patterns [15]. Systematic 

examination of behavioral-design principles similarly indicates that presentation, salience, timing, and role-

specific design can influence responses to alerts [16]. Usability assessment adds another distinct layer: formal 

tools for evaluating medication-alert usability do not measure the same construct as predictive accuracy or clinical 

relevance [17]. 

These findings argue against a single alert-performance endpoint. A system may reduce the number of interruptive 

warnings but make the remaining alerts more difficult to interpret. It may increase acceptance by improving 

specificity, by making warnings more salient, or by encouraging uncritical compliance. It may lower override 

rates without improving patient-relevant outcomes. Alert burden, acceptance, appropriateness, usability, and 

downstream safety therefore require separate observation before any change can be interpreted as improvement. 

Alert migration and changed medication-safety data 

Artificial intelligence is increasingly used to prioritize, filter, or suppress medication-related alerts. A recent 

scoping review found substantial interest in applying AI to optimize medication-alert generation and reduce low-

value interruptions, although study designs and outcome definitions remain heterogeneous [18]. Applied work has 

likewise shown that machine-learning-based decision support can alter alert exposure and target specific wrong-

drug or look-alike/sound-alike medication errors [19]. 

Optimization changes more than alert count. When a knowledgebase is replaced or recalibrated, the distribution 

of displayed warnings and medication orders can also change. An emergency-department study of a clinical 

decision-support knowledgebase transition documented changes in medication-order and alert patterns after 

implementation [20]. Such observations should not automatically be interpreted as clinician adaptation, because 

rule content itself has changed. They nevertheless demonstrate that the observable safety environment depends 

on the configuration used to detect and display risk. 

Selective suppression can be beneficial. Optimization of interruptive alerts for duplicate antithrombotic 

prescribing reduced unnecessary warning exposure while preserving more targeted safety logic [21]. Similarly, a 

phased clinical decision-support intervention for anticoagulant duplication was associated with fewer and shorter 

duplication episodes while its workflow generated a considerably larger pool of candidate alerts for subsequent 

filtering and action [22]. This is an important disconfirming case against the proposition that predictive or 

algorithmic decision support necessarily increases medication risk. A system can improve a defined safety 

outcome. 

The unresolved issue is what happens to risks not represented by the optimized surface. Alert suppression, ranking, 

and filtering determine which potential problems become salient to clinicians and which remain silent. They can 

therefore change the distribution of observable error even when total underlying medication risk is unknown. 

Here, alert migration denotes a change in where risk becomes visible and actionable after system redesign; it is 

not a synonym for alert fatigue. Fatigue concerns responsiveness under repeated alert exposure. Migration 

concerns redistribution of safety signals between highly visible, weakly visible, and unmonitored channels. 

Deployment also changes the data used for later redesign. Free-text override comments can be analyzed to 

characterize clinician reasons for rejecting decision support and to identify opportunities for optimization [23]. 

Clinical-pharmaceutical review further shows that technically generated alerts may differ substantially in patient 

relevance [24]. A broader synthesis of medication-alert handling indicates that responses depend on interacting 

properties of clinicians, alerts, and implementation context rather than on a single determinant [25]. These data 

streams are valuable, but they are also selective. Recorded override comments represent documented reasoning, 
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not all reasoning; alert logs contain only events that the system chose to generate; and clinically irrelevant 

warnings that have been suppressed disappear from routine alert statistics. 

The resulting measurement problem is central to predictive medication safety. A decrease in displayed alerts can 

reflect better targeting, successful prevention, narrower rule coverage, or migration of hazards outside the 

monitored alert surface. A lower override rate can reflect improved relevance or increased compliance. More 

complete documentation can reveal previously hidden problems and make apparent safety performance worse 

without any increase in true harm. The safety system therefore changes the evidence subsequently used to judge 

the safety system. 

The relationship between system mechanism, clinician response, recorded data, and residual-risk visibility can be 

separated as follows. 

Table 1. How predictive medication-safety interventions can change clinician behavior, recorded safety data, 

and the visibility of residual risk 

System 

mechanism or 

change 

Immediate 

clinician-

facing effect 

Resulting 

behavioral 

response that 

may occur 

Safety data 

subsequently 

generated 

Potential 

change in error 

visibility 

Residual-risk 

issue requiring 

separate 

assessment 

Risk prediction 

surfaced during 

prescribing 

Directs 

attention 

toward selected 

medication 

risks 

Acceptance, 

verification, 

rejection, or 

reliance on the 

recommendation 

Alert response, order 

change, 

documentation, 

escalation 

Modeled hazards 

become more 

visible than 

unmodeled 

hazards 

Important 

medication 

problems outside 

the prediction 

target may 

receive less 

attention 

Increased alert 

sensitivity or 

broader 

coverage 

More 

interruptions 

and warnings 

Greater review, 

selective 

override, 

habitual 

dismissal, or 

workaround 

development 

Higher alert volume 

and response counts 

More candidate 

hazards are 

recorded, but 

signal-to-noise 

may deteriorate 

Clinically 

important alerts 

may compete 

with large 

numbers of low-

value warnings 

Alert 

prioritization or 

machine-

learning 

filtering 

Fewer or more 

selectively 

displayed alerts 

Concentration of 

attention on the 

retained alert 

subset 

Lower displayed-

alert count and 

changed response 

distribution 

Suppressed 

categories 

become less 

observable in 

routine alert 

metrics 

Reduced alert 

burden cannot 

establish reduced 

total medication 

risk 

Knowledgebase, 

threshold, or 

rule-set 

transition 

Changes which 

orders trigger 

intervention 

Altered 

prescribing, 

substitution, 

avoidance, or 

acceptance 

patterns 

New alert and 

medication-order 

distributions 

Apparent 

before/after 

differences partly 

reflect changed 

detection logic 

Historical 

comparisons can 

confound real 

safety change 

with altered 

surveillance 

Clinician 

override with 

documented 

rationale 

Preserves 

clinician 

discretion 

while 

generating 

feedback 

Override, 

modification, or 

escalation based 

on patient 

context 

Structured override 

code or free-text 

comment 

Reasons for 

rejecting alerts 

become partially 

visible 

Undocumented 

reasoning and 

nonalerted 

hazards remain 

outside the 

feedback record 

Pharmacist or 

expert filtering 

before 

escalation 

Removes self-

limiting or 

contextually 

irrelevant 

candidates 

Prescribers 

receive a smaller 

set of higher-

priority 

interventions 

Candidate-alert, 

filtered-alert, and 

action logs 

Intermediate 

filtering process 

becomes 

measurable if 

retained 

Safety evaluation 

may be 

misleading if 

only final 

displayed alerts 

are counted 
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Repeated local 

optimization 

Changes 

interaction 

patterns across 

successive 

system 

versions 

Users adapt to 

new alert 

frequency, 

content, and 

perceived 

reliability 

Version-specific 

response and 

outcome data 

Error categories 

may move 

between visible, 

suppressed, and 

newly detected 

states 

Comparisons 

across versions 

require 

preservation of 

the changing 

detection and 

workflow 

context 

Note: The table separates evidence-supported classes of system change from the article's proposed residual-risk interpretation. It does not 

imply that every mechanism produces harm or that risk necessarily migrates in a particular direction. Patient-relevant outcomes, clinically 

important nonalerted errors, workflow effects, and the changing detection process require independent evaluation. 

Drift, feedback, and performance instability 

Predictive medication-safety systems are exposed to the same transportability problem as other clinical prediction 

models: performance established in one population, workflow, or period may not persist after deployment 

elsewhere. External validation of a widely implemented sepsis model demonstrated that operational performance 

can differ substantially from expectations derived from development settings [26]. Medication-related prediction 

is feasible at scale, including identification of patients at differing risk of adverse drug events, but predictive 

classification remains distinct from demonstrated prevention of those events [27]. 

Temporal change adds a second problem. Clinical practices, patient mix, coding, documentation, formularies, 

laboratory measurement, and organizational processes evolve after implementation. Empirical studies across 

clinical prediction tasks have documented temporal and system-shock-related drift [28–30]. Input monitoring may 

detect changes before conventional outcome-based performance measures become informative, although 

statistical drift is not automatically clinically important [31]. 

A more difficult case occurs when the intervention itself changes subsequent data. Feedback-aware monitoring 

research shows that model-triggered interventions can alter features and labels used for later evaluation or 

retraining [32]. If a prediction successfully prevents an adverse event, the future dataset may contain fewer 

positive labels among precisely the patients for whom the model predicted high risk. Naive surveillance can then 

interpret intervention success as declining calibration or model deterioration. Conversely, stable aggregate 

performance can conceal emerging workflow or reliance problems. Drift therefore requires causal and clinical 

interpretation before retraining is treated as the default response. 

Figure 1 summarizes how predictive medication-safety systems can alter clinical decisions, subsequent data, and 

the visibility of residual risk. 

 
Figure 1. Feedback-coupled safety ecology after predictive medication-safety deployment 
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Invisible residual risk 

Optimization can reduce specific medication errors while leaving uncertainty about the risk that remains outside 

the optimized alert surface. This residual component is “invisible” only in a relative sense: it is insufficiently 

represented by the routine measurements generated by the deployed system, not inherently unknowable. Risks 

may remain unmodeled, be filtered from interruptive presentation, occur downstream of an accepted 

recommendation, or emerge through inappropriate reliance on apparently credible predictions. 

The concept therefore concerns risk visibility, not an assumed increase in total harm. Medication-alert 

optimization can improve defined outcomes, and successful interventions should be recognized as such. The 

analytical problem arises when falling alert counts or improving response rates are treated as evidence that the 

total residual medication-risk distribution has also improved. Alert filtering, automation bias, workflow 

adaptation, and drift can each change what is observed without producing the same change in what actually occurs. 

This distinction yields a falsifiable implication. A strong risk-migration interpretation would be weakened where 

longitudinal evaluation demonstrates sustained improvement in patient-relevant medication outcomes together 

with reduced alert burden, stable or improved performance for clinically important nonalerted errors, preserved 

alert appropriateness, and no meaningful deterioration in residual-risk surveillance. 

Figure 2 separates changes in visible alerting from changes in the broader distribution of medication risk. 

 
Figure 2. Risk visibility after alert optimization and workflow adaptation 

Monitoring model performance and clinical-system performance separately 

Post-deployment surveillance should distinguish technical degradation from deterioration in the surrounding 

safety system. Alert usability and patient relevance already demonstrate that clinically important properties can 

vary independently of predictive discrimination [17]. External validation likewise shows that technical 

performance itself can change across deployment contexts [26], while clinically generated alerts may be formally 

correct yet poorly matched to patient circumstances [24]. 

Monitoring should therefore combine model metrics with information about alert burden, override behavior, 

contextual relevance, downstream medication outcomes, and data drift [32–34]. No single monitoring stream 

resolves all failure modes. Input shift can precede measurable outcome deterioration; falling override rates can 

reflect better targeting or stronger automation bias; worsening calibration can reflect genuine drift or intervention-

induced changes in labels. 

The operational separation is summarized below. 
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Table 2. Distinct post-deployment signals for predictive medication-safety model performance and clinical-

system performance 

Monitoring 

domain 

What is being 

observed 

What deterioration 

may indicate 

Important competing 

explanation 

Why it cannot be 

interpreted alone 

Discrimination 

and calibration 

Statistical 

relationship between 

predictions and 

observed outcomes 

Model degradation or 

transport failure 

Successful 

intervention may alter 

observed labels 

Does not capture 

burden, workflow, or 

unmodeled harms 

Input-data shift 
Change in feature 

distributions 

Population, 

documentation, 

formulary, or 

workflow change 

Statistically detectable 

change may be 

clinically irrelevant 

Drift detection does not 

establish safety 

consequence 

Alert burden 

Number and 

frequency of 

clinician-facing 

warnings 

Excess interruption or 

poor targeting 

Broader legitimate 

safety coverage 

Fewer alerts can reflect 

suppression rather than 

prevention 

Override and 

acceptance 

behavior 

Clinician response 

to generated alerts 

Fatigue, distrust, 

inappropriate reliance, 

or poor relevance 

Appropriate clinical 

disagreement 

Response rate alone 

cannot determine 

correctness 

Patient relevance 

Fit between 

generated alert and 

current clinical 

context 

Weak 

contextualization or 

overinclusive logic 

Complex cases may 

legitimately require 

human adjudication 

Technical validity and 

clinical usefulness 

differ 

Patient-relevant 

medication 

outcomes 

Actual medication-

related harm; 

intercepted errors 

assessed separately 

Failure of the 

combined clinical 

system 

Outcome 

ascertainment can 

change after 

deployment 

Rare events and 

intervention feedback 

complicate 

interpretation 

Residual-risk 

surveillance 

Important errors not 

captured by routine 

alert metrics 

Blind spots or 

migration of visibility 

Genuine reduction in 

the underlying hazard 

Requires active 

surveillance beyond 

alert logs 

Governance responses for adaptive medication-safety systems 

Governance should begin with diagnosis of the observed failure mode rather than automatic retraining. Dataset 

shift, altered labels, alert fatigue, clinically irrelevant warnings, and inappropriate reliance require different 

responses. A detected statistical change may justify retraining, but it may instead require threshold review, 

workflow redesign, improved contextualization, or closer surveillance before the model is changed. 

Drug-safety risk management already treats implementation and effectiveness evaluation as iterative activities 

[35]. Predictive medication safety extends this principle to systems whose operation can change the evidence later 

used for evaluation. Human escalation remains essential when automated monitoring cannot distinguish harmful 

degradation from benign shift or intervention-induced feedback. 

Table 3. Governance responses matched to post-deployment failure mechanisms in predictive medication safety 

Observed post-

deployment problem 

Diagnostic question 

before intervention 

Candidate governance 

response 

Human role that should 

remain explicit 

Evidence needed 

before closure 

Deteriorating 

discrimination or 

calibration 

Has the patient, workflow, 

or label distribution 

changed? 

Revalidation, 

recalibration, retraining, 

or model restriction 

Clinical review of 

relevance and 

consequences 

Temporal/external 

validation plus 

outcome review 

Rising alert burden 

Is burden driven by 

legitimate coverage or 

low-value triggering? 

Threshold review, rule 

refinement, 

prioritization, or 

selective suppression 

Pharmacist/clinician 

adjudication of alert 

value 

Burden plus 

appropriateness and 

downstream safety 

High override 

frequency 

Are overrides appropriate, 

habitual, or caused by 

poor contextual fit? 

Workflow redesign, 

contextualization, 

interface change, or 

targeted education 

Review of representative 

override decisions 

Override 

appropriateness rather 

than rate alone 

Falling override 

frequency with 

unchanged outcomes 

Has relevance improved 

or has reliance become 

less critical? 

Focused automation-

bias review and silent 

observation 

Independent clinical 

verification in sampled 

cases 

Reliance behavior and 

patient-relevant 

outcomes 
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Input-data drift 

without performance 

loss 

Is the change clinically 

meaningful or transient? 

Silent surveillance, 

targeted validation, or 

no immediate model 

change 

Domain interpretation of 

changed variables 

Persistence and clinical 

consequence of shift 

Apparent 

performance decline 

after successful 

intervention 

Could altered treatment or 

monitoring have changed 

outcome labels? 

Feedback-aware 

analysis before 

retraining 

Clinical interpretation of 

intervention pathways 

Counterfactual or 

feedback-sensitive 

evaluation 

Emergence of 

clinically important 

nonalerted errors 

Has risk moved outside 

current model or alert 

scope? 

Scope review, new 

detection strategy, 

workflow redesign, or 

human escalation 

Safety-team investigation 
Independent residual-

risk surveillance 

The governance objective is therefore adaptive control of the combined medication-safety system, not perpetual 

optimization of the predictor in isolation. Retraining is justified when model degradation is the diagnosed problem; 

it is insufficient when the dominant failure lies in workflow, alert ecology, clinical relevance, or residual-risk 

visibility. 

Conclusion 

Predictive medication-safety systems can improve defined safety tasks, but deployment also changes the 

environment in which their effectiveness is judged. Recommendations redistribute attention, alert configuration 

alters exposure to warnings, workflow adaptation changes recorded behavior, and successful intervention may 

modify the data and labels used for later surveillance. These mechanisms make fewer alerts, fewer overrides, or 

stable predictive metrics incomplete proxies for safer medication use. 

The strongest defensible conclusion is conditional. Predictive systems change the errors they are designed to detect 

when their outputs materially alter clinical behavior, measurement, and subsequent system adaptation. Whether 

those changes reduce, preserve, or redistribute harm is an empirical question. Medication-safety evaluation should 

therefore follow both the predictor and the clinical system it changes, with explicit surveillance for residual risks 

that conventional model-performance metrics cannot reveal. 
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