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Abstract

Clinical triage algorithms increasingly influence access to emergency care, specialty referral, admission, and follow-
up. As patient populations and clinical practice patterns change, these systems can silently drift toward biased
performance. Current fairness assessments are often retrospective, episodic, and disconnected from operational
triage workflows. They may identify inequity after harm has already accumulated rather than detecting emerging bias
as it develops. This article proposes an explainable Al model for continuous monitoring of algorithmic bias in clinical
triage systems. The model focuses on demographic drift, outcome disparities, prediction confidence, and referral
decision patterns as complementary bias signals. The proposed model uses operational triage logs, demographic
distributions, prediction outputs, outcome indicators, and referral decisions to generate a conceptual fairness risk
signal. SHAP-based explanation modules decompose the signal into interpretable contributors for clinical governance
teams. Conceptually, the model would detect divergence in referral patterns across demographic groups, identify
whether the divergence coincides with demographic drift, flag subgroup-specific prediction confidence concerns, and
explain the likely drivers of the alert. The output would support timely review rather than automated punitive action.
The model could transform algorithmic fairness from a periodic retrospective report into a continuous, transparent, and
operationally actionable surveillance system. It is designed as a governance-oriented framework rather than an
experimental performance claim.
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Introduction

Artificial intelligence is increasingly embedded in clinical triage, risk prediction, and decision support, where it can
influence who receives urgent evaluation, specialty referral, hospital admission, or additional diagnostic workup. These
systems may inherit inequities from electronic health record data, clinical documentation practices, historical access
patterns, and proxy variables that encode structural disadvantage [1, 2]. Concerns about biased algorithms are especially
important in triage because decisions made early in the care pathway can shape downstream resource allocation and
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clinical outcomes. A fairness-aware monitoring system is therefore needed not only to inspect models before deployment
but also to observe how they behave in real clinical operations [3, 4].

One-time fairness audits are insufficient because algorithmic behavior can change after deployment as patient
populations, disease prevalence, care pathways, and coding practices evolve. Dataset shift and clinical workflow drift can
degrade model validity even when the original model appeared acceptable during development or validation [5, 6]. In
health care, this degradation may not be evenly distributed across demographic groups, creating new disparities in
calibration, sensitivity, or referral decisions. Continuous monitoring is therefore essential for identifying emerging inequity
before it becomes normalized within institutional practice [7, 8].

Explainable artificial intelligence provides a mechanism for moving beyond disparity detection toward disparity
interpretation. Methods such as SHAP can attribute model outputs or fairness risk signals to specific features, patient
segments, temporal shifts, or operational patterns, making fairness alerts more actionable for clinicians and governance
teams [9, 10]. Explainability is also important because health systems must be able to distinguish between a technical
failure, a data-quality issue, a workflow change, and a potentially inequitable decision pathway. When used carefully, XAl
can help translate bias surveillance from a statistical report into a clinically interpretable governance process [11, 12].

This article proposes an explainable Al model for real-time monitoring of algorithmic bias in clinical triage systems using
four complementary signal streams: demographic drift, outcome disparities, prediction confidence, and referral decision
patterns. The model is conceptual and governance-oriented, designed to monitor deployed triage algorithms rather than
replace clinical judgment or claim experimental performance. It is motivated by evidence that health care algorithms can
reproduce racial and ethnic disparities, that clinical Al can degrade over time, and that post-deployment accountability
requires structured oversight. By combining fairness metrics with SHAP-based explanations, the model would be
expected to support earlier detection, clearer interpretation, and more consistent response to emerging bias.

Background
Algorithmic bias in clinical triage systems

Algorithmic bias in clinical triage can arise when prediction models learn from historical patterns of unequal access,
incomplete measurement, differential documentation, or biased clinical decisions. The well-known example of a
population health management algorithm that underestimated the needs of Black patients illustrates how seemingly
neutral proxy outcomes can embed racial inequity [1]. Similar risks extend to emergency triage, symptom assessment,
deterioration prediction, and admission support because these tools often rely on routinely collected data that reflect prior
clinical and social processes [2, 13]. In triage settings, biased outputs may influence urgency assignment, referral routing,
diagnostic escalation, or admission decisions, making fairness monitoring a direct patient-safety concern [14, 15].

Demographic drift and concept drift

Demographic drift occurs when the population served by a triage system changes relative to the population represented
during model development, while concept drift occurs when relationships among predictors, outcomes, and clinical
decisions evolve over time. In clinical Al, both forms of drift can produce subgroup-specific degradation because changes
in age mix, insurance coverage, race and ethnicity composition, language needs, disease prevalence, or care pathways
may affect groups differently [5, 6]. A model that appeared equitable during validation could therefore become unfair if the
institution begins serving a different patient population or if practice patterns change. Continuous drift monitoring is a
necessary complement to pre-deployment validation because fairness is not a static property of a model [7, 8].

Outcome disparities and prediction confidence as bias signals
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Outcome disparities provide direct evidence that a triage model may be functioning differently across patient groups,
particularly when error patterns, calibration, or downstream clinical outcomes diverge in ways that cannot be clinically
justified. Prediction confidence can add an additional fairness signal because a model may be overly certain for some
groups and uncertain for others, reflecting uneven data representation or subgroup-specific miscalibration [16, 17]. In
clinical imaging and risk prediction, studies have shown that models may encode demographic information or perform
differently across under-served populations, reinforcing the need to examine both predictions and confidence patterns by
group [18, 19]. A monitoring model should therefore evaluate not only whether decisions differ, but also whether the
model expresses confidence in ways that could amplify inequitable triage decisions [20, 21].

Referral patterns as manifestation of triage bias

Referral and admission decisions are important manifestations of triage bias because they translate algorithmic scores
into access to services, specialty evaluation, and clinical escalation. Even when a model does not directly determine a
referral, its risk estimate, acuity recommendation, or decision-support prompt can influence clinician behavior and shape
downstream care pathways [4, 14]. Differences in referral patterns by race, ethnicity, insurance, language, age, or
disability status may reflect clinical need, but they may also reveal inequitable decision pathways when similar patients
receive different levels of escalation. A bias-monitoring system should therefore treat referral decisions as operational
outcomes that require fairness analysis alongside prediction errors and calibration signals [22, 23].

Explainable Al and fairness monitoring tools

Explainable Al methods can help fairness monitoring systems identify why a disparity signal has emerged and which
features, subgroups, or workflow changes are contributing to it. SHAP-based explanation frameworks have been used to
connect local predictions with global model behavior, making them suitable for translating complex bias signals into
interpretable summaries for clinical stakeholders [9, 10]. Broader responsible Al frameworks emphasize that
transparency, monitoring, documentation, and governance are required for safe clinical deployment rather than optional
additions after model development [7, 11]. However, many existing approaches remain retrospective, motivating a real-
time model that connects fairness metrics, drift detection, confidence analysis, referral monitoring, and explanation in a
single operational architecture [24, 25].

Model Development Overview
High-level monitoring pipeline

The proposed monitoring pipeline would receive streaming inputs from triage predictions, operational logs, demographic
records, clinical outcomes, and referral decisions. It would compute fairness-relevant summaries over recent operational
periods, compare them with reference behavior, and pass the resulting signals to an explainable bias-risk model. This
architecture separates the monitored triage algorithm from the monitoring layer, allowing the framework to observe any
deployed triage system without requiring direct access to its internal training process [6, 7]. Alerts would be routed to a
governance dashboard where fairness metrics, drift indicators, confidence patterns, referral distributions, and SHAP
explanations are presented together for human review [9, 22].

Figure 1 illustrates the proposed explainable Al architecture for converting real-time triage data streams into fairness risk
alerts, SHAP-based explanations, governance review, and documented mitigation actions.
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Monitoring layer detects potential bias signals; human governance teams interpret, validate, and act.
Figure 1. Explainable Al Architecture for Real-Time Monitoring of Algorithmic Bias in Clinical Triage Systems

Core input features

The core input features would represent four categories of bias evidence: demographic shift metrics, subgroup outcome
disparities, prediction confidence distributions, and referral decision counts. Demographic shift features would compare
current patient distributions with reference distributions, while outcome features would summarize whether triage-related
outcomes and errors appear uneven across demographic groups [5, 8]. Confidence features would characterize whether
the model is systematically more or less certain for particular groups, and referral features would track whether similar
acuity levels lead to different escalation pathways across groups. This multi-signal design reflects evidence that bias can
emerge through data representation, model behavior, clinical workflow, and institutional response patterns rather than
through a single observable metric [1, 2, 20].

Table 1 presents the proposed multi-signal architecture for converting demographic drift, outcome disparities, prediction
confidence, and referral decision patterns into interpretable bias-monitoring features for clinical triage governance.

Table 1. Multi-Signal Architecture for Real-Time Bias Monitoring in Clinical Triage

Bias- Primary operational Feature Fairness or drift Example Interpretive value
monitoring data source engineering logic question monitoring for governance
signal domain addressed indicator
Demographic Current triage Compare rolling Has the Increasing Helps determine
drift population compared distributions of population divergence whether emerging
with a reference race, ethnicity, served by the between bias may be related
deployment age, sex, triage algorithm current and to population shift
population language, changed in ways reference rather than only
insurance status,  that may affect subgroup model malfunction
disability status, or subgroup distributions
other locally reliability or
approved equity fairness?
variables against
baseline

distributions

Outcome Triage outcomes, Stratify outcomes Are clinical Widening Identifies whether
disparity clinical endpoints, and errors by outcomes or subgroup gap model-assisted
return visits, subgroup, acuity  prediction errors in false triage may be
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level, and time
window

Compare
confidence
distributions
across
demographic
groups and triage
contexts

Aggregate
decisions by
subgroup, acuity
category, clinical
context, and
model output level

Compare decision
patterns within
clinically
comparable strata

Track fairness
indicators over
time rather than
as a single
retrospective
snapshot

Combine multiple
bias-relevant
indicators into a
monitored risk
score

Maintain
interpretable
feature categories
aligned with
clinical

becoming
uneven across
demographic

groups?
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opaque detection
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Design principles

The model is designed to be real-time, model-agnostic, explainable, clinically governed, and equity-oriented. Real-time
monitoring supports earlier recognition of emerging bias, while model-agnosticism allows the same oversight framework
to monitor different triage algorithms, including proprietary or externally supplied tools [7, 14]. Explainability ensures that
alerts are not merely statistical warnings but interpretable signals that can be discussed by clinicians, health equity
officers, informatics teams, and compliance leaders [9, 11]. Alignment with clinical governance cycles is essential
because fairness monitoring should lead to review, recalibration, workflow modification, or policy action rather than
passive reporting [22, 23].

Data Sources and Feature Engineering for Bias Monitoring
Demographic and outcome data streams

The model would draw demographic data, triage outputs, clinical outcomes, and operational decisions from electronic
health records, triage logs, decision-support systems, and referral workflows. Demographic variables may include race,
ethnicity, age, sex, language, insurance type, and other locally governed equity-relevant fields, while outcome streams
may include admission, intensive care escalation, return visits, mortality, or other triage-relevant endpoints. Because
electronic health record data can reflect missingness, measurement bias, documentation inequity, and structural access
differences, feature engineering must treat these streams as imperfect indicators rather than neutral facts [2, 13].
Governance review is therefore required to define which variables are appropriate for monitoring and how they should be
interpreted in context [3, 21].

Drift and confidence features

Drift features would quantify how current demographic and clinical distributions differ from a reference period, allowing the
monitoring layer to detect whether the served population has changed in ways that may affect fairness. Confidence
features would summarize the distribution of prediction certainty across demographic groups and triage categories,
enabling the system to identify potential over-confidence or under-confidence in specific subgroups. These signals are
important because clinical Al degradation can occur gradually and may be missed when only aggregate performance is
monitored [6, 8]. By combining drift and confidence features, the model could detect situations where a population shift
coincides with a change in model certainty or fairness behavior [5, 24].

Referral decision pattern encoding

Referral decision pattern features would aggregate operational decisions such as discharge, admission, specialty
consultation, diagnostic escalation, and follow-up recommendation by demographic group and triage acuity level.
Encoding these decisions by acuity context is important because raw referral differences may reflect legitimate clinical
variation, while persistent differences among otherwise similar triage categories may suggest inequitable workflow effects.
The monitoring model would not assume that every difference is biased, but it would flag patterns that warrant clinical and
equity review [22, 23]. This approach recognizes that algorithmic bias in triage may appear not only in predicted risk but
also in how predictions shape access to subsequent care [4, 14].

Explainable Model Architecture for Bias Detection
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Learning to predict disparities

The proposed architecture uses a supervised explainable monitoring model to estimate an aggregated fairness risk signal
from demographic drift, outcome disparity, prediction confidence, and referral decision features. This monitoring model is
distinct from the triage model itself; it learns patterns that would be expected to indicate possible bias in operational
behavior rather than predicting patient acuity directly. Gradient-boosted models are conceptually suitable because they
can capture nonlinear interactions among drift, confidence, outcome, and referral signals while remaining compatible with
SHAP-based explanation [10, 12]. The goal is not to automate judgments of discrimination, but to prioritize cases where
governance teams should investigate whether a deployed triage system is behaving inequitably [11, 25].

SHAP attribution of disparity drivers

SHAP attribution would decompose each fairness risk alert into feature-level contributors, such as a demographic
distribution shift, a subgroup-specific confidence pattern, an outcome disparity signal, or an unusual referral pathway.
Global explanations would show recurring drivers of bias risk across time, while local explanations would describe why a
specific alert was generated for a specific subgroup or triage context [9, 10]. This interpretive layer is essential because a
fairness alert without an explanation may be difficult for clinicians and governance teams to trust or act upon. By
connecting disparity signals to operational features, SHAP explanations could help distinguish model drift, data-quality
problems, referral workflow changes, and subgroup-specific miscalibration [7, 24].

Threshold-based alerting and escalation rules

The alerting layer would compare the explainable fairness risk signal with locally defined governance thresholds,
generating alerts when bias indicators warrant review. Each alert would include the affected subgroup, the relevant triage
context, the contributing signal categories, and SHAP-based explanations so that reviewers can understand why the
system elevated the concern. Thresholds should be adjustable because acceptable sensitivity to bias signals may vary by
clinical setting, patient population, model role, and institutional equity priorities [3, 22]. Escalation rules would route alerts
to appropriate stakeholders, supporting structured responses such as data review, calibration assessment, workflow
audit, or temporary restriction of model use [11, 23].

Dynamic Fairness Metrics and Bias Signal Generation
Computing sliding-window fairness metrics

The monitoring model would compute fairness metrics over rolling operational windows so that disparities can be
examined as evolving patterns rather than isolated retrospective summaries. Equal opportunity, demographic parity,
equalized odds, and calibration-by-group would be treated as complementary indicators because each captures a
different aspect of fairness in triage decision-making [3, 20]. Sliding-window analysis would allow governance teams to
identify whether disparities are newly emerging, persistent, or worsening after a workflow or population change. This
design is especially important in clinical environments where aggregate model performance may remain stable while
subgroup-specific performance becomes inequitable [5, 6].

Detecting demographic drift and its impact

Demographic drift detection would compare current patient distributions with a reference baseline and then examine
whether observed shifts coincide with changes in subgroup performance, confidence, or referral behavior. The model
would be expected to flag situations in which population changes are not merely statistical variation but appear connected
to widening fairness gaps [7, 8]. Such an approach recognizes that drift is clinically meaningful when it affects model
reliability, patient access, or equity across groups. Recent work on harmful data shifts in clinical Al supports the need to
connect drift detection with responsible post-deployment monitoring and remediation rather than treating drift as a purely
technical phenomenon [24, 26].
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Analyzing referral decision patterns for disparities

Referral decision analysis would examine whether admission, discharge, specialty consultation, or diagnostic escalation
patterns differ across demographic groups within comparable triage acuity contexts. The model would use clinical
covariates and triage-level stratification to help determine whether a referral pattern appears explainable by clinical
factors or remains an equity concern requiring review [22, 23]. This analysis would not establish discrimination by itself,
but it could detect operational patterns that are consistent with biased triage pathways. In this framework, referral signals
complement outcome and confidence metrics because they show how model-assisted triage may influence access to
downstream care [4, 14].

Explainability and Actionability for Stakeholders

Global explanations for equity officers and governance

Global explanations would summarize the most frequent contributors to fairness risk across the institution, allowing health
equity officers and algorithm governance committees to see whether concerns are driven by demographic drift,
confidence asymmetry, outcome disparities, or referral patterns. SHAP summary views could show how specific features
repeatedly contribute to bias risk, helping reviewers prioritize systemic interventions rather than reacting to isolated alerts
[9, 10]. Such explanations would be expected to support institutional learning by revealing whether a triage algorithm is
vulnerable in particular patient groups, time periods, or operational contexts. This governance-facing layer aligns with
calls for accountable clinical Al oversight that connects technical monitoring with organizational responsibility [11, 22].

Local explanations for a specific alert

Local explanations would provide a focused account of why a particular alert was generated, including the subgroup
affected, the triage context, the signal categories involved, and the features contributing most strongly to the fairness risk
score. For example, an alert might indicate that a subgroup with similar acuity is receiving lower specialty referral intensity
while the triage model expresses higher confidence in low-risk predictions for that group, prompting review of both model
calibration and clinical workflow [16, 19]. The purpose of the explanation is not to assign blame but to help clinicians and
governance teams understand where to investigate. Local explanations are especially valuable in high-stakes triage
settings because they translate abstract fairness metrics into operational patterns that can be reviewed and corrected [12,
27].

Counterfactual explanations for mitigation guidance

Counterfactual explanations would support mitigation planning by estimating how the fairness risk signal might change
under alternative operational or modeling assumptions, such as subgroup recalibration, revised referral thresholds, or
improved documentation completeness. These counterfactuals should be framed conceptually rather than as guaranteed
causal effects because observed disparities may reflect multiple interacting clinical and social mechanisms [21, 25]. Their
value lies in helping stakeholders compare plausible response options and identify which intervention would be expected
to reduce a monitored disparity. When combined with SHAP attribution, counterfactual reasoning could make fairness
alerts more actionable by connecting detected bias signals with candidate mitigation pathways [9, 10].

Transparent audit trail for regulatory review

The monitoring system would maintain a timestamped audit trail of fairness metrics, drift indicators, confidence
summaries, referral patterns, alerts, explanations, reviewer actions, and mitigation decisions. Such documentation would
support retrospective accountability by showing not only whether bias signals occurred, but also how the institution
interpreted and responded to them [7, 11]. Transparent audit trails are important because clinical Al governance requires
evidence that monitoring is continuous, interpretable, and connected to action rather than limited to pre-deployment
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validation. Model documentation principles such as structured reporting, accountability records, and operational oversight
provide a foundation for this audit-oriented approach [22, 23].

Integration Into Clinical Governance and Workflow
Embedding in health equity governance committees

The proposed monitoring model would feed real-time alerts and periodic summary reports into an institutional committee
responsible for health equity, clinical Al oversight, and patient safety. This committee would review recurring bias signals,
examine SHAP explanations, request technical audits, and coordinate operational responses when disparities appear
clinically meaningful [3, 22]. Embedding the model within governance structures is essential because fairness monitoring
cannot be reduced to a technical dashboard; it must be tied to institutional authority and accountability. Such integration
reflects broader recommendations that responsible clinical Al requires multidisciplinary oversight, clear escalation
pathways, and continuous evaluation after deployment [7, 11].

Response protocols for bias alerts

Response protocols would define how the organization acts when a bias alert meets predefined severity criteria, including
review of input data, subgroup calibration, referral workflows, documentation practices, and model update needs.
Depending on the alert, governance teams could request recalibration, restrict model use in a specific context, adjust
triage thresholds, retrain the model, or revise clinical workflow guidance [6, 24]. These actions should be reviewed by
clinicians and equity leaders because the monitoring model identifies potential bias signals rather than proving causal
discrimination. Predetermined protocols would reduce alert fatigue and help ensure that fairness concerns lead to timely,
proportionate, and documented responses [22, 25].

Table 2 outlines a governance response framework linking explainable bias-alert patterns to review actions, mitigation
options, and documentation requirements for responsible clinical triage oversight.

Table 2. Governance Response Framework for Explainable Bias Alerts in Clinical Triage Systems

Alert Typical SHAP Primary Recommended Possible Documentation
interpretation signal explanation  governance review action mitigation requirement
category pattern pattern question pathway
Population  Demographic SHAP Does the new Continue Update Record drift
drift with distribution attribution population intensified monitoring event, review
stable has shifted, dominated  profile require  monitoring and baseline or date, monitoring
performance but subgroup by closer review expand subgroup-  decision, and
calibration,  demographic  surveillance subgroup specific validation  rationale for no
outcomes,  drift features, even without sample immediate
and referral with weak current adequacy intervention
patterns contribution evidence of
remain stable from harm?
outcome or
referral
disparity
Drift- Demographic SHAP Is the model Conduct Recalibrate Document drift
associated shift coincides  attribution becoming subgroup model, revise evidence,
fairness with shows joint  unreliable for a calibration thresholds, retrain affected
degradation worsening contribution changing assessment and with updated subgroup,
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pathway
High-severity Multiple SHAP Is continued Initiate urgent  Pause model use Record severity
composite  signals align: attribution routine use of governance for specific basis, interim
fairness alert drift, outcome shows strong the triage review and subgroup/context, safeguards,
disparity, contributions algorithm consider require human- responsible
confidence  from several appropriate in temporary only review, decision-
asymmetry, signal the affected restrictions recalibrate, makers, and
and referral domains context? while retrain, or revise follow-up
divergence investigation  deployment policy timeline
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Resolved or Previously SHAP Did the Review pre/post Maintain Document
improving elevated attribution mitigation monitoring mitigation, update mitigation
alert pattern  fairness risk shows plausibly trends and governance assessment,
declines after reduced reduce the assess whether threshold, or residual risk,
mitigation or  contribution monitored surveillance continue targeted and decision to
workflow from prior fairness intensity can monitoring close or
adjustment dominant concern? return to routine continue
drivers level monitoring

Evaluation Strategy
Detection sensitivity and specificity

Evaluation of the monitoring framework should focus on whether it could detect known or plausibly simulated bias events
while avoiding excessive false alarms that would undermine clinical trust. Historical episodes of workflow change,
demographic shift, or subgroup performance degradation could be used conceptually to assess whether the monitoring
system would have generated timely alerts [5, 8]. Because this article proposes a model architecture rather than reporting
experiments, such evaluation should be described as a future validation requirement rather than as evidence of
demonstrated performance. Studies of temporal Al degradation and clinical model monitoring show why evaluation must
include post-deployment behavior, not only development-stage validation [7, 26].

Explanation quality and stakeholder trust

Explanation quality should be evaluated through structured review by clinicians, health equity officers, informaticians, and
patient-safety leaders who can assess whether alerts are understandable, relevant, and actionable. The review should
examine whether SHAP summaries and local explanations help stakeholders identify plausible contributors to disparity
signals without overstating causal certainty [9, 10]. Trustworthiness would depend not only on technical explanation
fidelity but also on whether the system communicates uncertainty, distinguishes statistical association from bias
adjudication, and supports human oversight. Prior work on explainable clinical Al emphasizes that explanations must be
evaluated in relation to user needs, clinical context, and governance decisions rather than as purely mathematical outputs
[27, 28].

Impact on organizational fairness

The organizational impact of the monitoring model should be evaluated by examining whether it improves the health
system’s ability to identify, review, and respond to potential algorithmic bias in triage workflows. Relevant evaluation
domains would include timeliness of review, quality of governance response, evidence of recalibration or workflow
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adjustment, and the institution’s ability to document fairness-related decisions [11, 22]. Any comparison of fairness before
and after deployment should avoid simplistic causal claims unless supported by appropriate prospective evaluation. The
model would be expected to contribute most meaningfully when paired with accountable governance, clear response
protocols, and a commitment to equity-centered clinical Al implementation [23, 29].

Limitations
Data limitations and causality

The proposed monitoring system would detect signals of potential bias, but it would not by itself prove discrimination,
causality, or inappropriate clinical decision-making. Observed disparities may reflect unmeasured clinical complexity,
missing data, documentation differences, access barriers, or historical inequities embedded in the health system [2, 21].
Human adjudication is therefore essential to interpret alerts, determine whether they represent bias, and decide what
mitigation is appropriate. This limitation is especially important because algorithmic fairness metrics can identify
inequitable patterns but cannot replace ethical, clinical, and organizational judgment [3, 25].

Privacy and stigmatization risk

Continuous monitoring of demographic outcomes requires careful privacy protection, role-based access, transparent
governance, and safeguards against stigmatizing patients or clinicians. Demographic attributes are necessary for equity
monitoring, but they must be handled in ways that prevent misuse, inappropriate profiling, or punitive interpretation of
subgroup patterns [13, 22]. The system should therefore emphasize aggregate surveillance, accountable review, and
documented mitigation rather than individual-level labeling. Responsible implementation must balance the need to detect
inequity with the obligation to protect patients, support clinicians, and maintain trust in clinical Al governance [11, 21].

Conclusion

The proposed explainable Al model reframes algorithmic bias monitoring in clinical triage as a continuous surveillance
and governance function. By integrating demographic drift, outcome disparities, prediction confidence, and referral
decision patterns, the model offers a structured way to detect potential inequity as clinical conditions change.

Its key strength is the combination of multi-signal bias detection with explainable attribution. Rather than producing an
opaque warning, the system would show which features, subgroups, and operational patterns contributed to a fairness
alert, supporting more targeted institutional review.

Important challenges remain, including distinguishing correlation from causation, protecting patient privacy, preventing
alert fatigue, and ensuring that monitoring results lead to responsible human oversight. The model should therefore be
understood as an accountability tool that supports governance rather than as an automated judge of discrimination.

Pilot implementation within health systems committed to equity would help clarify how such monitoring can be integrated
into clinical operations, governance committees, and regulatory expectations. As clinical Al becomes more common in
triage, continuous and explainable fairness monitoring should become a core standard for safe and equitable deployment.
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