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Abstract 
 

Medication-related clinical decision support is commonly designed to detect potentially hazardous prescriptions, interactions, doses, 

monitoring gaps, or patient–drug mismatches. Detection, however, does not establish that an alert is valid, clinically relevant, sufficiently 

contextualized, understood by the appropriate professional, or translated into a defensible medication decision. This article develops an 

original Medication-Sensemaking Model for hospital pharmacy. The model distinguishes signal production from the collaborative 

construction of meaning and positions alerts as inputs to professional reasoning rather than completed decisions. It proposes a sequence 

comprising signal-validity assessment, patient–drug–workflow context assembly, relevance adjudication, uncertainty appraisal, rationale 

formation, collaborative interpretation, action or monitored deferral, escalation, and governance feedback. Human and digital contributions 

are treated as interdependent but non-equivalent: computational systems may identify patterns and retrieve information, whereas professional 

authority, accountability, contextual judgment, and responsibility for escalation remain organizationally assigned. Evaluation should therefore 

extend beyond alert frequency, acceptance, and override rates to include contextual completeness, rationale quality, medication-task 

performance, workflow consequences, safety, equity, escalation reliability, generalizability, and lifecycle governance. The model is an 

evidence-informed conceptual synthesis rather than a validated clinical pathway. Its components, transition rules, and escalation boundaries 

require prospective testing across alert classes, professional configurations, patient populations, and hospital infrastructures. The principal 

contribution is a structured account of how hospital pharmacy may move from detecting medication signals toward constructing reviewable, 

uncertainty-aware, and collaboratively actionable medication meaning without equating automation with professional judgment or technical 

performance with clinical benefit.  
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INTRODUCTION 

Medication alerts are intended to identify situations in which 

a prescription, administration plan, laboratory result, 

interaction, or patient characteristic may require attention. 

Their presence can improve the visibility of possible 

medication problems, but visibility is not equivalent to 

clinical relevance. An alert may be technically correct yet 

unimportant for the present patient, clinically important but 

poorly timed, or actionable only after information unavailable 

to the alerting system has been considered. The unresolved 

issue is therefore not simply how to generate more signals, 

but how those signals become defensible medication 

decisions within hospital work. 

Alert burden is shaped by workload and repeated exposure, 

the tradeoff between hazardous-order detection and nuisance 

alerting, and the way alerts are presented and targeted to 

professional roles [1–3]. These findings challenge a linear 

assumption that adding alerts necessarily increases safety. 

More sensitive systems may identify additional potential 

hazards while also increasing interruption, repetition, and 
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low-value review. Conversely, aggressive suppression may 

reduce burden while concealing uncommon but 

consequential problems. Neither alert volume nor acceptance 

rate alone resolves this tradeoff. 

Hospitals have adopted multiple strategies to modify alert 

content, thresholds, interfaces, and delivery, yet optimization 

of alerting does not by itself demonstrate improved 

interpretation or safer medication decisions [4]. An alert may 

be accepted because it is easy to follow, dismissed because it 

lacks context, or overridden because a clinician possesses 

information that the system does not represent. Similar 

response patterns may therefore arise from very different 

combinations of alert quality, workflow pressure, patient 

complexity, professional expertise, and organizational norms. 

This article proposes that hospital-pharmacy systems should 

distinguish detection from sensemaking. Detection refers to 

the identification and presentation of a possible medication-

related discrepancy or risk. Sensemaking refers to the 

construction of an actionable interpretation by connecting the 

signal to patient state, drug and regimen characteristics, 

treatment goals, temporal information, workflow conditions, 

uncertainty, and professional responsibilities. This distinction 

does not diminish the value of alerts. It specifies that an alert 

is an input into medication work rather than evidence that the 

work has been completed. 

The proposed contribution is an original clinical sensemaking 

model rather than an empirical effectiveness claim. It 

organizes the transitions through which an alert may be 

validated, contextualized, interpreted, challenged, 

documented, escalated, and returned to system governance. 

Its purpose is to make those transitions visible enough to be 

designed and evaluated without assuming that the same 

configuration will suit every medication task, hospital, patient 

population, or professional arrangement. 

The Difference between Detection and 
Sensemaking 
Clinical sensemaking involves developing a sufficiently 

shared and actionable understanding from information that 

may be incomplete, distributed, or differently interpreted 

across members of a care team [5]. Applied to medication 

alerts, this means that the central question is not only whether 

a signal appeared, but what the signal means for this patient, 

at this time, within the current treatment plan and 

organizational setting. 

Detection is comparatively bounded. A rule, model, database, 

or monitoring process identifies a predefined pattern and 

presents it to a user. Sensemaking begins when the user 

assesses whether the underlying data are current, whether the 

rule applies, what contextual information is missing, and how 

the signal relates to treatment goals and competing risks. 

Context-sensitive decision support can improve access to 

information relevant to the user, patient, task, and point in the 

workflow [6]. Information access nevertheless remains 

distinct from interpretation: retrieving relevant material does 

not determine how conflicting evidence should be weighed or 

who should act. 

A displayed alert may also be invalid or misleading because 

of failures in data, knowledge content, logic, configuration, 

presentation, workflow integration, or maintenance [7]. 

Detection should therefore not be treated as a neutral starting 

point. Before clinical meaning is constructed, the signal itself 

may require scrutiny. This introduces a signal-validity 

question that conventional alert-response measures often 

leave implicit. 

Alert exposure, attention, acceptance, and action are also 

separable phenomena [8]. A user can see an alert without 

processing it, process it without agreeing, agree without 

acting immediately, or override it while taking an alternative 

risk-reducing action. Binary categories such as accepted and 

overridden consequently compress several cognitive and 

organizational transitions into a single recorded event. The 

proposed model treats those transitions as analytically 

distinct. 

Figure 1 presents the original conceptual synthesis for 

medication-sensemaking model for hospital pharmacy, 

showing how the article’s principal components, evidence 

relationships, uncertainties, and decision boundaries are 

connected. 
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Figure 1. Medication-Sensemaking Model for Hospital Pharmacy 

Table 1 organizes the evidence, constructs, relationships, 

uncertainties, and boundary conditions required for 

definitions, components, relationships, and intended uses for 

the article From Medication Alerts to Medication 

Sensemaking in Hospital Pharmacy. 

 

Table 1. Definitions, components, relationships, and intended uses for the article From Medication Alerts to 
Medication Sensemaking in Hospital Pharmacy 

Component 
or scientific 
dimension 

Problem 
addressed 

Inputs or 
determinants 

Proposed 
mechanism or 
relationship 

Expected 
contribution 

Evidence 
required 

Failure or 
uncertainty 

risk 

Boundary 
statement 

Alert signal 

Possible 

medication 

problems may 

remain unnoticed. 

Rules, models, 

medication 

knowledge, patient 

data, thresholds. 

Detection presents a 

possible discrepancy 

for review; it does 

not determine its 

meaning. 

Improves visibility 

of potentially 

relevant 

conditions. 

Technical validity 

and task-specific 

detection 

performance. 

Excessive 

sensitivity, 

omission, 

repetition, or poor 

timing [1, 2]. 

A signal is not a 

medication 

decision. 

Signal-validity 

assessment 

Displayed alerts 

may arise from 

defective data, 

logic, knowledge, 

or configuration. 

Data currency, 

knowledge source, 

logic, interface, 

maintenance. 

Proposed: examine 

signal integrity 

before clinical 

interpretation. 

Prevents invalid 

alerts from being 

treated as 

authoritative. 

Error analysis and 

malfunction 

surveillance [7]. 

Hidden defects 

may produce 

plausible but 

misleading alerts. 

Technical 

availability does 

not establish 

validity. 

Context 

assembly 

Isolated alerts 

may omit 

information 

required for 

interpretation. 

Patient, drug, 

regimen, laboratory, 

temporal, treatment-

goal, and workflow 

information. 

Proposed: assemble 

material context 

before relevance 

adjudication. 

Supports patient- 

and task-specific 

interpretation. 

Context 

completeness, 

accessibility, and 

timeliness; context-

sensitive support 

evidence [6]. 

Missing, stale, 

conflicting, or 

inaccessible 

context. 

More data do not 

automatically 

produce better 

understanding. 

Attention and 

engagement 

Alert exposure 

may be 

misclassified as 

cognitive review. 

Workload, repetition, 

interruption, role, 

presentation. 

Detection, attention, 

acceptance, and 

action are treated as 

separate stages [8]. 

Clarifies where the 

alert pathway fails. 

Observation of user 

interaction and 

cognitive work. 

Passive exposure 

recorded as 

meaningful 

engagement. 

Acceptance and 

override are 

incomplete 

process 

measures. 

Relevance 

adjudication 

A technically 

correct alert may 

not matter for the 

present patient. 

Clinical state, 

treatment goal, 

alternatives, 

reversibility, urgency. 

Proposed: compare 

the signal with the 

patient’s present 

management 

context. 

Distinguishes 

potential hazard 

from actionable 

relevance. 

Task-specific clinical 

review and 

prospective 

evaluation. 

Inconsistent 

interpretation or 

overreliance on 

undocumented 

knowledge. 

Relevance 

remains 

conditional on 

context. 
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Collaborative 

interpretation 

Relevant 

knowledge may 

be distributed 

across professions 

and systems. 

Pharmacist, 

prescriber, nurse, 

digital output, shared 

record. 

Proposed: combine 

role-specific 

knowledge without 

equating 

contributions or 

authority. 

Makes 

disagreement and 

missing 

information 

visible. 

Team-process, 

communication, and 

responsibility 

evidence. 

Automation bias, 

diffusion of 

responsibility, or 

unresolved 

disagreement. 

Collaboration 

does not 

eliminate 

accountable 

authority. 

Escalation and 

governance 

feedback 

High-risk 

uncertainty and 

repeated failures 

may remain local 

and invisible. 

Severity, uncertainty, 

disagreement, time 

sensitivity, recurring 

alert patterns. 

Proposed: escalate 

cases beyond a 

defined boundary 

and return patterns 

to governance. 

Links individual 

review with 

organizational 

learning. 

Escalation reliability, 

safety review, and 

lifecycle monitoring. 

Delayed 

escalation, unclear 

ownership, or 

unreviewed 

system drift. 

No universal 

escalation 

threshold is 

established. 

Table 2 organizes the evidence, constructs, relationships, 

uncertainties, and boundary conditions required for 

evaluation criteria, evidence requirements, and failure modes 

for the article From Medication Alerts to Medication 

Sensemaking in Hospital Pharmacy. 

 

Table 2. Evaluation criteria, evidence requirements, and failure modes for the article From Medication Alerts to 
Medication Sensemaking in Hospital Pharmacy 

Architecture 
layer or 
process 

stage 

Core 
function 

Information 
flow 

Interaction 
with other 

components 

Evaluation 
criterion 

Potential 
failure mode 

Human or 
organizational 
responsibility 

Readiness 
boundary 

Detection layer 

Identify a 

possible 

medication 

issue. 

Patient and 

medication data to 

rule or model 

output. 

Supplies the initial 

signal to validity 

review. 

Task-specific 

detection and error 

characterization. 

Missed hazard, 

excessive alerting, 

or unstable output 

[2]. 

Technical owners 

and clinical 

knowledge stewards. 

Detection 

performance 

alone is 

insufficient. 

Signal-validity 

gate 

Assess data, 

logic, 

knowledge, 

timing, and 

presentation. 

Alert provenance 

and supporting 

inputs to reviewer. 

Determines 

whether contextual 

interpretation 

should proceed. 

Traceability and 

malfunction 

detection [7]. 

Plausible alert 

generated from 

defective inputs. 

Informatics, 

pharmacy, and 

system-governance 

teams. 

Operational 

availability is not 

proof of 

reliability. 

Context assembly 

Gather 

information 

material to 

interpretation. 

Patient, drug, 

treatment, temporal, 

and workflow 

information to 

reviewer. 

Supports relevance 

and uncertainty 

assessment. 

Availability, 

currency, usability, 

and task fit [6]. 

Fragmented, 

delayed, or 

misleading 

information. 

Clinical teams and 

information-system 

owners. 

Context 

sufficiency 

requires task-

specific 

validation. 

Engagement stage 

Support 

attention and 

meaningful 

review. 

Alert presentation 

to user response and 

rationale. 

Connects detection 

with interpretation. 

Distinguish 

exposure, attention, 

acceptance, and 

action [8]. 

Click-through 

behavior treated as 

understanding. 

Interface designers, 

managers, and users. 

Response rates do 

not establish 

decision quality. 

Sensemaking 

cycle 

Construct a 

patient- and 

task-specific 

interpretation. 

Context and 

professional 

knowledge to 

rationale and 

candidate action. 

Interacts with 

collaboration, 

uncertainty, and 

escalation. 

Proposed: 

contextual 

completeness, 

rationale quality, 

and interpretive 

consistency. 

Premature closure, 

anchoring, or 

undocumented 

assumptions. 

Accountable 

medication 

professionals and 

care teams. 

No validated 

sensemaking 

score or threshold 

exists. 

Collaborative and 

escalation layer 

Resolve 

disagreement 

and transfer 

unresolved risk. 

Rationale, 

uncertainty, and 

requests across 

roles. 

Connects 

interpretation with 

action and 

governance. 

Proposed: timely 

acknowledgment, 

clear ownership, 

and closed-loop 

communication. 

Suppressed 

concerns, 

responsibility gaps, 

or delayed 

response. 

Hospital leadership 

and locally assigned 

professionals. 

Authority 

arrangements 

remain locally 

governed. 

Governance-

learning layer 

Review 

recurring 

failures, burden, 

and change. 

Alert responses, 

malfunctions, 

workload effects, 

and safety concerns 

to oversight. 

Modifies 

knowledge, design, 

workflow, or 

monitoring. 

Proposed: 

transparent review 

and controlled 

change. 

Unmonitored drift 

or optimization 

based only on alert 

counts. 

Multidisciplinary 

governance body. 

Implementation 

does not establish 

validated benefit. 

Proposed Medication-Sensemaking Model 
The proposed Medication-Sensemaking Model treats 

medication-alert work as a sociotechnical process rather than 

a direct transmission from algorithm to decision. Clinical 

decision support depends on data, knowledge resources, 

interfaces, users, workflows, and organizational 

arrangements [9]. The model therefore begins outside the 

alert itself. It asks how a signal was generated, what 
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information it represents, who receives it, what authority that 

person holds, and how subsequent reasoning becomes visible 

to others. 

The first component is the signal-validity gate. Before 

relevance is considered, the system or reviewer examines 

whether the alert is supported by current data, valid 

knowledge, appropriate logic, and interpretable presentation. 

This gate is not intended to require a complete technical 

investigation during each medication review. It represents a 

design obligation: sufficient provenance and supporting 

information should be available for users to recognize when 

an alert may be unreliable. 

The second component is context assembly. Relevant patient, 

medication, temporal, and workflow information is brought 

into the same reasoning space. Context assembly is 

intentionally selective rather than exhaustive. A model that 

displays every available datum may increase cognitive 

burden without improving interpretation. The proposed 

requirement is that information material to the alert’s validity, 

relevance, urgency, reversibility, and available alternatives 

should be identifiable and accessible. 

The third component is the sensemaking cycle, comprising 

relevance adjudication, discrepancy recognition, uncertainty 

appraisal, candidate interpretation, comparison with the 

treatment plan, and rationale formation. These operations 

may occur rapidly and iteratively rather than in a fixed 

sequence. Their separation is analytical: it makes possible the 

study of whether failures arise from missing information, 

misleading system output, unresolved uncertainty, or 

premature movement from signal to action. 

The model is also bounded by implementation conditions. 

Adoption, abandonment, scale-up, and sustainability of 

health technologies depend on interactions among the 

technology, its users, organizational capacity, perceived 

value, and the wider system [10]. Accordingly, a medication-

sensemaking process cannot be assessed only by examining 

individual clinicians. Staffing, workload, local medication 

policies, system maintenance, interoperability, and 

opportunities for adaptation may all shape whether the 

proposed functions can occur. 

Human-factors evaluation is required because the same 

information can support or obstruct reasoning depending on 

its timing, layout, cognitive demands, and relation to actual 

tasks [11]. An explanation that is technically complete but 

difficult to interpret under hospital conditions may have little 

operational value. Conversely, a concise alert may be useful 

when its limits are visible and relevant context is easily 

obtainable. The model therefore distinguishes information 

quantity from usability and explanation availability from 

interpretive value. 

Implementation experience may also diverge from 

anticipated technical benefit [12]. Users may distrust a system 

that interrupts work without explaining relevance, overtrust 

one that presents confident outputs, or develop workarounds 

when required actions conflict with clinical priorities. These 

responses should not automatically be attributed to resistance. 

They may reveal misalignment among system design, task 

requirements, professional responsibility, and organizational 

conditions. 

The integrated architecture is proposed rather than validated. 

Its components may organize system design, workflow 

analysis, education, and prospective evaluation, but their 

ordering and relative importance are expected to vary across 

alert types. A dose alert, drug interaction, pharmacogenomic 

recommendation, renal-function warning, and therapeutic-

monitoring signal may require different contextual inputs and 

escalation boundaries. The model consequently provides a 

common reasoning structure without claiming a single 

operating protocol. 

Constructing Meaning from Patient, Drug, and 
Workflow Context 
Medication meaning is produced by relationships among the 

patient, the drug, the regimen, the treatment objective, and the 

circumstances of care. A clinical-pharmaceutical assessment 

can distinguish the general appropriateness of alert content 

from its relevance to an individual patient [13]. This 

distinction is fundamental. A knowledge base may correctly 

identify a potential interaction or dosing concern while the 

patient’s monitoring plan, treatment history, alternative 

options, or therapeutic priorities make a different response 

reasonable. 

Patient context includes physiological state, diagnoses, organ 

function, laboratory trajectories, allergies, prior treatment 

response, vulnerability to harm, and preferences where 

relevant. It should also include time. A laboratory value may 

be recent but no longer representative; a dose may be 

inappropriate at initiation but reasonable during monitored 

titration; or an interaction may require surveillance rather 

than immediate discontinuation. Context therefore concerns 

relationships and trajectories, not merely the presence of 

individual data fields. 

Renal medication alerts illustrate this requirement. Their 

interpretation may depend on the laboratory measure used, 

the direction and speed of renal change, the prescribed dose 

and interval, the indication, dialysis status, expected 

treatment duration, and whether monitoring or an alternative 

regimen is already planned [14]. A static alert may not 

represent these dependencies. The proposed model 

consequently treats renal function as part of a temporally 

situated medication decision rather than a single threshold 

value. 

Drug and regimen context includes indication, dose, route, 

formulation, timing, treatment duration, co-medications, 

prior exposure, monitoring, and available alternatives. For 
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drug–drug interaction alerts, override occurrence should not 

be interpreted as inherently appropriate or inappropriate. 

Assessment requires attention to the interaction mechanism, 

patient vulnerability, intended management strategy, and 

possible adverse consequences [15]. A reasoned override 

accompanied by monitoring may represent active risk 

management, whereas acceptance without understanding 

may not indicate a high-quality decision. 

Pharmacogenomic alerts further demonstrate that detection 

and meaning are different. A genotype or phenotype signal 

must be connected to the affected medication, strength of the 

recommendation, treatment stage, alternative therapies, and 

clinician response [16]. The genetic result does not 

independently determine the decision. Its significance is 

constructed through the relationship between molecular 

information and the patient’s present therapeutic context. 

Workflow context is equally important. The professional 

receiving an alert may lack authority to change therapy, 

access to the full record, time to investigate, or an immediate 

route for contacting the responsible prescriber. A clinically 

relevant alert can therefore fail because the workflow cannot 

support interpretation or action. Conversely, a lower-severity 

signal may become useful when routed to a pharmacist with 

the necessary medication knowledge, patient information, 

and communication pathway. 

The model proposes a context-sufficiency question before an 

alert is converted into action: is the available information 

sufficiently current, coherent, and relevant to support a 

defensible response? “Sufficient” does not mean complete. It 

means that material uncertainty has been identified and that 

missing information is either unlikely to change the decision 

or has triggered further review, monitoring, or escalation. The 

answer will remain task- and setting-dependent. 

Contextualization also has limits. More information can 

increase noise, delay urgent action, or create a false 

impression of certainty. Automated context assembly may 

reproduce documentation errors or privilege easily measured 

variables over clinically important but poorly structured 

knowledge. Professional interpretation may introduce 

inconsistency, bias, or undocumented assumptions. The 

proposed model therefore does not position either automation 

or unaided judgment as sufficient. It makes their respective 

contributions, uncertainties, and responsibility boundaries 

explicit so that they can be evaluated. 

Collaborative Interpretation and Escalation 
Medication-alert interpretation may require knowledge 

distributed among pharmacists, prescribers, nurses, patients, 

laboratory services, and digital systems. Collaboration should 

therefore not be reduced to forwarding an alert. It involves 

making the alert’s basis, contextual interpretation, 

uncertainty, proposed action, and unresolved questions 

available to the professionals who hold relevant knowledge 

or authority. 

Rationale capture provides the informational bridge between 

individual interpretation and collaborative review. Structured 

override reasons can make recurring causes of alert rejection 

visible and support later analysis [17]. Structured categories 

alone may, however, omit patient-specific reasoning. Free-

text comments can preserve nuance, and computational 

methods may help organize those comments for review and 

alert redesign [17, 18]. Such summaries remain secondary 

representations of professional reasoning; they require human 

verification and must not be treated as authoritative clinical 

judgments. 

Human–AI collaboration should be evaluated as a configured 

joint system rather than as the simple addition of a model to 

existing work. Evidence from clinical image interpretation 

indicates that combined performance depends on how outputs 

are communicated, how disagreements are handled, and 

which participant has the stronger information for the case 

[19]. In medication sensemaking, digital systems may 

identify patterns, retrieve knowledge, or expose 

inconsistencies, while professionals integrate undocumented 

context, treatment objectives, competing risks, and 

accountability. The proposed model therefore separates 

computational contribution from professional authority. 

Escalation is required when the available context is 

insufficient, disagreement remains unresolved, potential 

harm is substantial, action is time-sensitive, or the receiving 

professional lacks authority to complete the medication 

decision. Speaking up is influenced not only by individual 

competence but also by safety climate and managerial 

response [20]. The model consequently proposes a closed-

loop escalation process in which the concern, rationale, 

uncertainty, recipient, responsibility transfer, and response 

are visible. The appropriate threshold and responsible role 

must be defined locally and tested for the relevant medication 

task. 

Evaluating Sensemaking rather than Alert 
Response 
Evaluation should determine whether an alert supports the 

construction of a defensible medication interpretation, not 

merely whether it is displayed, accepted, or overridden. 

Explanation is one component, but its quality depends on 

audience, purpose, form, fidelity, and intended use [21]. A 

technically detailed explanation may remain unusable, while 

a persuasive explanation may conceal weak evidence or 

system error. 

Evaluation should therefore preserve distinct outcome layers: 

signal validity, contextual completeness, relevance 

adjudication, rationale quality, medication-task performance, 

workflow burden, safety consequences, equity, 

implementation, and governance. AI-based decision support 

should be assessed for its effects on care processes and 

unintended organizational consequences as well as technical 

performance [22]. Improvements in alert acceptance should 
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not be interpreted automatically as improvements in decision 

quality or medication safety. 

Early clinical evaluation should document user interaction, 

workflow integration, system errors, safety events, and 

modifications introduced during use [23]. Reports should also 

describe the intervention’s required inputs, outputs, human–

AI interaction, error handling, and failure analysis 

sufficiently clearly for interpretation and replication [24]. For 

the proposed model, evaluation would additionally examine 

whether material uncertainty was recognized, whether 

disagreement was resolved or escalated, and whether the 

recorded rationale was understandable and reviewable. 

No validated composite measure of medication sensemaking 

is proposed. Candidate measures must be tested for specific 

alert classes, professional configurations, and clinical 

environments. Technical, clinical, workflow, safety, and 

equity outcomes should remain separately visible so that 

improvement in one dimension does not conceal deterioration 

in another. 

Implications for Hospital-Pharmacy Systems 
Artificial intelligence may help prioritize medication alerts, 

identify recurrent override patterns, assemble context, or 

route signals to appropriate reviewers. Current evidence 

remains heterogeneous, and many evaluations do not 

establish real-world clinical or organizational benefit [25]. AI 

should therefore be positioned as a configurable contribution 

to medication review rather than as evidence that 

interpretation has been completed. 

Machine-learning alert systems may improve prioritization or 

reduce low-value interruption within defined environments 

[26]. Such performance is conditional on local data, alert 

definitions, workflow, and evaluation methods. It does not 

establish generalizable clinical sensemaking, professional 

substitutability, or safety across institutions. 

Pharmacist-facing decision support may be most useful when 

aligned with a defined medication-review task, access to 

relevant patient information, and a clear intervention pathway 

[27]. This requires decisions about routing, response time, 

documentation, communication, and ownership. Systems 

should also allow pharmacists to identify misleading alerts, 

missing context, and recurrent workflow conflicts rather than 

treating all overrides as resistance. 

Responsible AI-enabled decision support requires assigned 

accountability, documentation, monitoring, and mechanisms 

for responding to system failure and change [28]. Governance 

should review not only model performance but also alert 

burden, contextual mismatch, rationale patterns, escalation 

failures, safety concerns, and unequal effects across patient 

or professional groups. 

Figure 2 presents the original conceptual synthesis for from 

alert detection to collaborative interpretation and escalation, 

showing how the article’s principal components, evidence 

relationships, uncertainties, and decision boundaries are 

connected. 

 
Figure 2. From Alert Detection to Collaborative Interpretation and Escalation 



Silva et al.: From Medication Alerts to Medication Sensemaking in Hospital Pharmacy 

 

 Archives of Pharmacy Practice ¦ Volume 16 ¦ Issue 1 ¦ January – March 2025  67  
 

Boundary Conditions 
The proposed model does not establish clinical benefit or 

deployment readiness. Responsible clinical-AI use requires 

representative evidence, clinically meaningful validation, 

workflow integration, stakeholder participation, and 

continued monitoring [29, 30]. Meeting these conditions 

reduces uncertainty but does not guarantee safety. 

Explanations must not be treated as proof that a 

recommendation is correct or trustworthy, because post hoc 

methods may be unstable, incomplete, or persuasive without 

being faithful [31]. Similarly, apparently neutral targets can 

encode unequal access or utilization and reproduce inequity 

[32]. Applicability therefore remains conditional on the 

medication task, alert class, patient population, data-

generating process, professional authority, organizational 

capacity, and local safety infrastructure. 

CONCLUSION 

Hospital-pharmacy alerting should be understood as the 

beginning of medication reasoning rather than its completion. 

The proposed Medication-Sensemaking Model distinguishes 

detection from the contextual and collaborative construction 

of actionable meaning. It connects signal validity, patient and 

drug context, temporal and workflow information, relevance 

adjudication, uncertainty appraisal, rationale formation, 

professional collaboration, escalation, evaluation, and 

governance feedback. 

The model’s scientific contribution is an explicit architecture 

for examining where medication-alert pathways succeed, fail, 

or conceal uncertainty. Its professional contribution is to 

preserve the pharmacist’s role in contextual judgment while 

recognizing that medication knowledge and authority may be 

distributed across the care team. Its organizational 

contribution is to connect individual alert responses with 

system learning and accountable change control. 

These contributions remain conceptual. The model does not 

prescribe a universal workflow, assign fixed professional 

authority, validate an AI system, or establish that greater 

automation improves medication safety. Empirical work is 

required to test its components and transitions across alert 

classes, patient groups, institutions, and professional 

arrangements. Evaluation must keep technical performance, 

medication-task quality, workflow consequences, safety, 

equity, and governance distinct. Under these boundaries, 

medication sensemaking provides a structured basis for 

designing hospital-pharmacy systems that support 

professional interpretation without mistaking alerts for 

decisions. 
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