Original Article

Translating Algorithmic Uncertainty into Actionable
Medication Advice

Omar Zayed', Leila Ibrahim', Ahmed Mansour?

'Department of Clinical Pharmacy and Uncertainty Communication, Faculty of Pharmacy, Cairo University, Cairo, Egypt. 2Department of Al
Actionability and Medication Advice, Faculty of Pharmacy, Alexandria University, Alexandria, Egypt.

Abstract

Artificial intelligence can attach probabilities, confidence scores, intervals, disagreement measures, or out-of-distribution signals to
medication-related outputs, yet these numerical representations do not independently specify what a pharmacist, prescriber, or patient should
do. The problem is not only whether uncertainty is estimated, but whether its source, decision relevance, consequences, and ownership are
translated into a proportionate response. This article develops a proposed Uncertainty-Translation Framework for actionable medication
advice. The framework separates algorithmic output from medication decision-making through five connected functions: uncertainty
characterization; calibration, coverage, data-completeness, and scope checks; interpretation of the affected medication decision; selection of
a bounded action class; and recipient-specific communication supported by an auditable governance record. Proposed action classes include
proceeding with qualified advice, verifying data, checking an independent source, delaying action, communicating uncertainty, or escalating
to an accountable professional. The framework treats these classes as conditional design hypotheses rather than clinical rules. Validation
would require technical assessment of calibration and coverage; human-factors testing of comprehension, workload, and inappropriate
reliance; evaluation of medication decisions and downstream consequences; subgroup and equity analyses; and prospective governance of
versioning, overrides, incidents, and withdrawal. The framework cannot correct biased targets, invalid data, unsuitable model purposes, or
deficient professional judgment. Its original contribution is to define uncertainty translation as an intermediate sociotechnical function
between prediction and advice while preserving the boundaries between technical performance, clinical usefulness, professional authority,
and validated benefit.

Keywords: Digital pharmacy, Artificial intelligence, Pharmacy practice, Medication safety, Human—AlI collaboration, Clinical decision
support

INTRODUCTION This gap is not resolved simply by adding an explanation.
Post hoc explanations can describe influential features or
provide a plausible account of model behaviour, but they do
not establish that the recommendation is reliable, that
uncertainty has been validly estimated, or that the explanation
supports a safe medication decision [2]. Advice requires a
normative and operational step: uncertainty must be related

Medication-related algorithms can produce risk estimates,
classifications, rankings, alerts, or treatment suggestions
accompanied by measures labelled as confidence or
uncertainty. Such outputs may appear decision-ready, but
clinical impact depends on more than predictive performance
and requires alignment with the intended task, workflow,
users, and evaluation context [1]. A probability of harm, a
wide interval, or disagreement among models does not state
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to the particular medication choice, the consequence of error,
the availability of corrective information, the urgency and
reversibility of action, and the professional who retains
authority.

The article therefore distinguishes three objects. The
algorithmic output is the model-produced result. The
uncertainty object describes what is not known about that
result, why it is not known, and under which conditions the
uncertainty estimate is meaningful. The advice object is a
proposed, bounded statement about what action is
permissible next and what conditions must accompany that
action. These objects should not be collapsed because a well-
performing model can enter an unsuitable workflow, a
calibrated probability can be irrelevant to the immediate
decision, and a clearly worded message can still direct
attention towards the wrong action. Clinical usefulness
therefore depends on sociotechnical integration and lifecycle
safeguards rather than model output alone [3, 4].

The proposed contribution is an uncertainty-translation
function positioned between algorithmic output and
medication advice. It does not prescribe universal thresholds
or claim that uncertainty communication improves outcomes.
Instead, it specifies the information that must be connected
before an output may be converted into a check, delay,
communication, escalation, or qualified recommendation.
This framing treats uncertainty as a decision-governance
problem as well as a statistical one.

Forms and Sources of Algorithmic Uncertainty

A useful taxonomy begins with aleatoric and epistemic
uncertainty. Aleatoric uncertainty concerns irreducible
variability or ambiguity in observations and outcomes,
whereas epistemic uncertainty concerns incomplete
knowledge about the model, parameters, representation, or
relevant data. Additional observations may reduce some
epistemic uncertainty but cannot necessarily remove aleatoric
variability; in practice, the two may be difficult to separate
perfectly [5]. For medication advice, the distinction matters
because obtaining more information is rational only when
that information could meaningfully reduce the uncertainty
relevant to the decision.

Uncertainty quantification must also be separated from
uncertainty usefulness. A mathematically defined interval,
probability distribution, or confidence measure can be
technically coherent yet fail to indicate which medication
decision is affected or which response is warranted. Clinical
use therefore requires uncertainty information to be
interpreted against the decision context rather than treated as
meaningful merely because it is available [6]. The same
numerical value could justify routine confirmation in one
setting and immediate escalation in another because urgency,
potential harm, reversibility, and available alternatives differ.

The estimate itself is method-dependent. Bayesian
approximations,  ensembles, evidential  approaches,
conformal methods, and other techniques rely on different
assumptions and may represent different aspects of
uncertainty. Their outputs are not automatically equivalent,
and apparent confidence can be affected by data quality,
model specification, calibration, and evaluation design [7].
The framework therefore avoids ranking methods abstractly;
it asks whether a chosen estimator is appropriate for the target
task and whether its output has demonstrated interpretable
behaviour under relevant conditions.

A further class is distributional and contextual uncertainty.
Population, setting, time, measurement practice, prevalence,
and workflow can differ from development conditions,
making generalization uncertain even when internal
performance appears strong [8]. In medication use, contextual
uncertainty may arise from missing renal-function trends,
incomplete medication histories, altered formulary practices,
unusual combinations of diseases, or patients outside the
represented population. Detection of shift does not itself
explain the correct response, but it should limit the authority
granted to the output.

Table 1 organizes the evidence, constructs, relationships,
uncertainties, and boundary conditions required for
definitions, components, relationships, and intended uses for
the article Translating Algorithmic Uncertainty into
Actionable Medication Advice.

Table 1. Definitions, components, relationships, and intended uses for the article Translating Algorithmic Uncertainty

into Actionable Medication Advice.

Component Proposed . Failure or
poner Problem Inputs or po Expected Evidence . Boundary
or scientific . mechanism or e . uncertainty
. . addressed determinants - . contribution required . statement
dimension relationship risk
. . . . . The category
Variable or S Evidence-derived ~ Prevents reflexive Task-specific
. Outcome variability, ..~ ° o S False reassurance does not prove
. ambiguous .77 distinction: variability demands for more characterization of S .
Aleatoric measurement noise, o S that variability has that a particular
. outcomes may be L that additional model data when variability and . .
uncertainty . label ambiguity, and T been fully estimator isolates
mistaken for . knowledge may not  variability is not measurement . .
. stochastic processes. . . quantified. aleatoric
model ignorance. remove [5]. readily reducible. processes. .
uncertainty.
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. Evidence-derived Additional data
. Sparse representation, S Supports
Missing . . distinction: . . External and stress . are useful only
. . model specification, . consideration of X . Treating every
Epistemic knowledge may uncertainty may . . testing showing . - when they
. . ) parameter . verification, data . wide estimate as
uncertainty ~ be hidden behind . decline when relevant . responsiveness to . address the
. uncertainty, and acquisition, or remediable.
a precise output. knowledge or data knowledge gaps. relevant
unobserved states. . deferral.
increase [5]. knowledge gap.
Proposed
A score or e relationship: libration .. .
. | Ascoreo Probability, interval, clationship Calibrat on False precision or ~ Numerical
Numerical interval may be . representation Separates comprehension, e . .
. . . disagreement, . . - action inferred ~ display alone is
uncertainty  technically valid : becomes useful only quantification from  and decision- S
: d uncertainty score, or . . from an unlabelled not medication
representation but operationally after linkage to a action. consequence .
- confidence label. L .. . number. advice.
silent. medication decision studies.
and response [6].
Differen . . Evidence-deri .
erent Modelling family, vide ce de. ved . Comparative Unsupported .
. methods may . i relationship: Requires method- . . No method is
Estimator and assumptions, training . . . P evaluation under ranking or
produce non- ... > uncertainty behaviour specific validation . presumed
model . procedure, calibration . relevant interchange of .
equivalent depends on method  rather than generic . ) universally
dependence . method, and test . . perturbations and uncertainty .
uncertainty . and evaluation claims. . superior.
. design. o failure cases. methods.
signals. conditions [7].
Development Population, Evidence-derived Limits output A shift flag may Shift dete_c tion
o . prevalence, . . . Local external does not itself
Distributional ~ conditions may relationship: authority when A - be absent, .
measurement o . . validation, shift . o specify the
and contextual  not match the . . generalization can fail  intended-use . insensitive, or
. . o practice, setting, - - testing, and L correct
uncertainty  patient, site, time, under population or  assumptions are . clinically L
temporal change, and . . subgroup analysis. . medication
or workflow. context shift [8]. violated. uninterpretable. .
workflow. action.
Not eve Prevents
uncertairgy Affected decision A proposed gate unnecessal
Decision- *  determines whether . essary. Prospective Hidden value The gate is a
source can consequence of error, . X interruption while .
relevance g uncertainty is . human-AI and judgements or conceptual
. change the  urgency, reversibility, . . preserving L .
translation— - . . material and which . medication-safety unvalidated construct, not a
immediate and available escalation for . S
proposed . . response class may be . evaluation. thresholds. clinical rule.
medication alternatives. . consequential
.. considered. -
decision. uncertainty.
One message Recipient role, A propose_:d one Comprehension, S Presentation
. . . record/multiple-view  Supports role- Tailoring may
Recipient and  cannot serve all  information need, . . workflow, . . must not transfer
. architecture preserves appropriate o omit material .
governance  users or preserve  model version, . I accountability, and . . professional
1 common evidence communication and . > information or .
layer—proposed accountability by  provenance, and . . o implementation .. ... authority to the
. . . while tailoring auditability. . blur responsibility.
itself. override authority. studies. system.

presentation.

Proposed Uncertainty-Translation Framework

The framework begins with an output-registration layer that
records the model result together with the uncertainty
measure, model version, input recency, missingness, intended
population, and use context. For probabilistic outputs,
calibration is essential because discrimination alone does not
show whether predicted probabilities correspond to observed
risk [9]. Calibration nevertheless remains only an input
condition: it does not determine whether the prediction is
relevant to the current medication choice or whether acting
on it produces benefit.

The second layer is decision-relevance translation. It asks:
What is uncertain? Which medication decision could change?

What is the consequence of a wrong action or an
inappropriate delay? Can the uncertainty be reduced by
checking data or obtaining an independent source? Who has
authority to resolve it? This layer converts uncertainty from a
numerical property into a reason for a bounded next step.
Communication of uncertainty is particularly important when
the appropriate response may be corroboration or a second
opinion rather than acceptance of the model output [10].

Figure 1 presents the original conceptual synthesis for
uncertainty-translation framework for actionable medication
advice, showing how the article’s principal components,
evidence relationships, uncertainties, and decision
boundaries are connected.
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Figure 1. Uncertainty-Translation Framework for Actionable Medication Advice

The third layer is an uncertainty-translation record.
Structured model information can make intended use, inputs,
performance, limitations, and governance-relevant facts
visible to clinical users [11]. The proposed record extends
that principle by linking the model fact to the affected
medication decision, the selected action class, the rationale
for that class, unresolved assumptions, the accountable
professional, and the outcome data needed for monitoring. It
is intended to make an action traceable, not merely
explainable.

The fourth layer provides recipient-specific views of the same
record. Pharmacists may need data provenance, interaction
mechanisms, alternatives, and override history; prescribers
may need the affected treatment choice and required clinical
confirmation; patients may need a plain-language statement
of what is uncertain, why it matters, who will review it, and
what happens next. Explanation needs differ across
stakeholders, making a single undifferentiated display

unlikely to be sufficient [12]. Tailoring, however, is proposed
as an interface principle rather than assumed to improve
comprehension.

A governance envelope surrounds all layers. It assigns
ownership for model versioning, translation rules, local
configuration, overrides, incident review, monitoring, and
retirement. No layer authorizes autonomous prescribing or
dispensing. The framework’s central boundary is that
algorithmic uncertainty may inform professional action but
does not replace professional authority.

Table 2 organizes the evidence, constructs, relationships,
uncertainties, and boundary conditions required for
evaluation criteria, evidence requirements, and failure modes
for the article Translating Algorithmic Uncertainty into
Actionable Medication Advice.

Table 2. Evaluation criteria, evidence requirements, and failure modes for the article Translating Algorithmic

Uncertainty into Actionable Medication Advice.

Architecture . Interaction . . Human or .
Core Information . Evaluation Potential N Readiness
layer or function flow with other criterion  failure mode organizational bounda
process stage components responsibility ry
Preserve the Inputs, 01.11put, Supp11e§ th? Calibration and A precise-looking  The model owner No advice
model result and uncertainty characterization

Output registration and decision-

relevance layers.

conditions of  measure, version,
production. recency,

coverage are
assessed for the

translation when
provenance or

result is recorded
without valid

verifies version,
inputs, and
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missingness, and
intended use.

. Aleatoric
Identify the . L . .
. epistemic, Constrains which
Uncertainty source and ) . .
A . estimator- corrective actions
characterization meaning of .
h dependent, and are plausible.
uncertainty. .
contextual signals.
Determine .
Affected choice,
whether
.. . consequence, Connects
Decision-relevance uncertainty could T
urgency, characterization to
gate—proposed alter the P . .
. reversibility, and  action mapping.
medication .
.. alternatives.
decision.

Proceed with

ualification,
quat Feeds
. . verify data, L
Action mapping— Select a bounded . communication
independent check,
proposed response class. and governance
delay,
- records.
communicate, or
escalate.
Model facts,
Make the decision rationale, Supports recipient
Provenance - . o
rationale and unresolved views, monitoring,
record—proposed ", . L
. conditions assumptions, and incident
extension . . . .
auditable. action, override, review.

and outcome.

A shared record

Receives action
rendered for a

Recipient-specific Present material and rationale and

communication— information at an pharmacist, .
. - returns questions
proposed appropriate level.  prescriber, or .
. or corrections.
patient.

Overrides, errors,

Control change, subgroup signals, Encloses all layers

Governance and

o accountabilit e
monitoring— L Y workflow effects, and feeds revision
incidents, and X
proposed . and outcome or retirement.
withdrawal.

observations.

intended context  calibration or documented intended-use scope
[9]. scope. limitations. is unknown.
The estimator
responds . The technical team  Characterization is
- Different . . .
appropriately to . documents estimator  insufficient when
uncertainty types . .
known are collapsed into assumptions; the the signal has no
perturbations and one 1}; bel clinical team reviews demonstrated task
knowledge gaps ' relevance. meaning.

[7].

Hidden value
judgements or
thresholds direct
action without
validation.

Users can identify
the affected
decision and

reason for
uncertainty.

An accountable
pharmacist or
prescriber confirms
materiality.

No automated gate
is treated as
clinically
authoritative.

The selected
action is Over-escalation
proportionate and  creates burden;

Action classes

Clinical governance remain hypotheses

prompts under-escalation defines local rules and until task-specific
corroboration  permits unsafe  override authority. evaluation is
when needed reliance. completed.
[10].

Intended use and Documentation is ~ The organization  Disclosure does not

limitations are  incomplete, stale, = maintains version establish
visible and or disconnected control and audit ~ comprehension or
retrievable [11]. from the decision. access. effectiveness.

Essential Simplification
uncertainty and omits material risk
next steps are or tailoring
understood reinforces
without obscuring assumptions about
authority [12]. users.

Designers and clinical No communication
teams conduct user- format is presumed
centred testing.  universally suitable.

Rules, ownership,
review triggers

Implementation

Responsibility is Named organizational . o
remains conditional

> diffused or failures owners review

and stoppin . . on local validation
stopping persist without performance and .
conditions are . . and continuing
- corrective action. consequences. .
explicit. oversight.

Connecting Uncertainty
Checks, and Escalation
The framework proposes six action classes: proceed with
bounded advice, verify data, check an independent source,
delay pending information, communicate uncertainty, and
escalate to an accountable professional. These are not
arranged as a universal ladder. Their appropriateness depends
on whether the uncertainty is reducible, whether the decision
is time-sensitive, whether action is reversible, and whether
error could cause meaningful medication harm.

to Actions, Delays,

Proceed with bounded advice is reserved for cases in which
the output remains within intended use, the uncertainty is
characterized, and the remaining uncertainty is unlikely to
change the immediate decision. The advice should state its
conditions rather than convert residual uncertainty into false
certainty. Defer or abstain is different: it applies when the
system lacks sufficient support to issue an interpretable
recommendation. Selective-prediction research demonstrates
that an algorithm can be designed to withhold output in cases
it cannot support adequately, providing a basis for a proposed

deferral branch [13]. The threshold and consequences of
abstention must be established for each medication task rather
than transferred from another clinical domain.

Verify data is appropriate when missing, stale, contradictory,
or implausible inputs could be corrected, such as an outdated
renal-function measurement or incomplete medication list.
Check an independent source is appropriate when uncertainty
concerns evidence, a drug interaction, dose constraints, or a
model inference that can be corroborated without delaying
urgent care. Delay pending information is a distinct action
because time can be clinically meaningful: delay may reduce
risk when a nonurgent decision depends on confirmatory
information, but it may increase risk when treatment is time-
critical.

The framework also constrains interruption. Workload, work
complexity, and repeated alerts can reduce attention to
decision-support messages [14]. Consequently, not every
uncertainty signal should generate an interruptive alert. A
proposed interruption rule should consider immediacy,
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potential harm, reversibility, and whether the recipient can act
on the message at that point in the workflow. Low-
consequence uncertainty may be documented for later
review, whereas unresolved high-consequence uncertainty
may justify direct escalation.

Medication-alert systems illustrate both the opportunity and
the risk. Artificial intelligence may help prioritize or suppress
medication alerts, but heterogeneity in the evidence and
limited evaluation of clinical relevance, workflow effects,
and safety prevent a general assumption of benefit [15]. The
proposed translation framework therefore separates
prioritization from action: an alert may prompt data
verification, targeted evidence checking, communication,
delay, or escalation rather than a binary accept-or-dismiss
response.

Finally, action uptake is not equivalent to improved care. A
pharmacist opening an alert, a prescriber changing an order,
or a team escalating a case are process events. Evidence
concerning drug—drug interaction alerts indicates that
changes in clinician behaviour do not necessarily establish
patient-important benefit [16]. Evaluation must therefore
trace the pathway from uncertainty display to understanding,
action, workflow consequence, medication-safety outcome,
and patient outcome. Until that chain is demonstrated, the
proposed action classes remain conditional design hypotheses
rather than validated recommendations.

Communicating with Pharmacists, Prescribers,
and Patients

Uncertainty communication should support a specific
medication decision rather than display a detached
probability or generic warning. User-centred design evidence
indicates that Al information is more appropriately embedded
within clinical context, interpretive needs, and professional
conversation [17]. The proposed framework therefore
communicates four elements: what is uncertain, why the
uncertainty matters, which action is proposed, and who
remains responsible for resolving or accepting it.

For patients, communication should avoid presenting the
algorithm as an independent authority. Resistance to medical
Al may arise when patients believe that a system cannot
account for their individual circumstances [18]. Patient-
facing advice should therefore explain how personal factors
were considered, identify information that may be
incomplete, and describe the next human action. This does
not require disclosing every technical detail; it requires
preserving the distinction between simplification and
concealment.

Patients may also need information about professional
oversight, data use, accountability, and the role assigned to
AI [19]. The framework consequently proposes a concise
patient view containing the affected medication issue, the
uncertainty in plain language, any immediate precaution, and

the pharmacist or prescriber responsible for review.
Communication should not imply that uncertainty necessarily
indicates danger or that professional review guarantees a
favourable outcome.

For pharmacists and prescribers, the professional view should
include the source of uncertainty, relevant inputs, intended-
use limitations, plausible consequences, recommended
check, and override route. Clinicians have identified concerns
involving trust, responsibility, professional roles, and effects
on patient relationships when Al is introduced into care [20].
Communication must therefore preserve decision authority
explicitly: the system may recommend verification, delay, or
escalation, but the accountable professional determines the
medication action.

Evaluation of Understanding and Decision
Consequences

Evaluation should begin with human—AlI interaction rather
than end with model accuracy. Studies of clinical
collaboration show that combined performance depends on
how users integrate algorithmic information, while incorrect
advice can influence decisions and behavioural observation
may reveal responses not captured by self-report [21-23].
Testing should therefore expose pharmacists and prescribers
to correct, incorrect, overconfident, uncertain, and abstaining
outputs. Relevant outcomes include recognition of
uncertainty, identification of the affected decision,
appropriate checking, resistance to unsafe advice, and correct
escalation.

Understanding should be distinguished from satisfaction,
trust, and action. A user may report that a display is clear
while misunderstanding its limitations or following an
inappropriate recommendation. Evaluation must also
separate decision effects, care-delivery effects, and patient
outcomes because evidence across these levels is
heterogeneous [24]. Proposed criteria include calibration and
coverage, appropriateness of abstention, comprehension,
action concordance, workload, interruption burden,
medication-error consequences, subgroup performance, and
accountability. Thresholds should be prespecified for each
task and setting rather than treated as universal properties of
the framework.

Clinical and Design Implications

Evaluation should progress from formative usability and
simulation to prospective workflow testing and, where
justified, comparative clinical assessment. Early-stage and
trial-focused Al guidance emphasizes explicit reporting of
intended use, algorithm version, inputs, human interaction,
workflow integration, errors, and analysis procedures [25—
27]. For uncertainty translation, these requirements should
extend to action rules, overrides, delays, escalations,
communication failures, and changes made after incidents.
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Governance must assign named responsibility for translation
thresholds, local configuration, monitoring, subgroup review,
version changes, and withdrawal. A healthcare Al
governance model similarly emphasizes transparency, safety,
accountability, and continuing organizational oversight [28].
Translation rules should therefore be treated as controlled
clinical-system components rather than informal interface
wording.
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Figure 2. From Algorithmic Uncertainty to Checks, Delay, Communication, and Escalation

Limitations

The framework cannot correct an invalid target, biased proxy,
or structurally inequitable objective. Empirical evidence
shows that an algorithm may reproduce racial inequity when
the variable used as a proxy does not represent the intended
clinical need [29]. Uncertainty presentation cannot repair that
defect.

Aggregate performance may also conceal systematic
underperformance in underserved groups [30]. Validation
must therefore examine subgroup calibration, abstention,
action recommendations, communication effects, and
downstream consequences.

Finally, much of the supporting evidence comes from clinical
domains outside pharmacy. Methodological weaknesses,
limited external wvalidation, and dataset problems can
undermine apparent readiness [31]. Medication-specific

prospective testing is therefore required before any proposed
translation rule is used to direct care.

CoNcLusIoN

Numerical uncertainty is not actionable medication advice
until it is interpreted against the medication decision, the
source and reducibility of uncertainty, the urgency and
reversibility of action, the consequences of error, and the
authority of the responsible professional. The proposed
Uncertainty-Translation Framework inserts this interpretive
and governance function between model output and advice.

Its principal contribution is a bounded architecture
connecting uncertainty characterization, calibration and
scope checks, decision relevance, proportionate action
classes, recipient-specific communication, and auditable
oversight. It also defines checks, delay, communication,
escalation, restriction, and withdrawal as possible responses
rather than automatic consequences of a score.
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The framework remains a conceptual proposal. Its value must
be tested through technical validation, human-factors

evaluation,

medication-workflow studies, patient

communication research, equity analysis, prospective safety
assessment, and continuing governance. It should not be
interpreted as transferring clinical authority to an algorithm
or as establishing that uncertainty displays improve decisions
or outcomes. Its intended role is narrower: to make explicit
the reasoning, evidence, responsibility, and validation
required before algorithmic uncertainty can be converted into
medication advice.
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