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Abstract—Healthcare organizations increasingly deploy Al to
support nursing workflows, operational analytics, and clinical
decision support, yet data fragmentation across hospitals, home
health agencies, and payer/provider systems limits model quality
and equity. Federated learning (FL) offers a privacy-preserving
path by training models across silos without centralizing patient
data; however, practical adoption in healthcare requires stronger
guarantees of integrity, accountability, and explainability than
standard FL provides. This paper proposes ATHENA, an ac-
countable and trustworthy healthcare ecosystem for federated Al
nursing and analytics. ATHENA introduces a trust metric- based
governance framework that (i) quantifies client reliability using
multi-signal trust scoring, (ii) enforces integrity via robust
aggregation, update provenance, and privacy-aware validation,
and (iii) enables accountability through auditable, non-sensitive
decision logs and policy-driven participation controls. Beyond
governance, ATHENA formalizes a measurable approach to
the explainability—performance trade-off by defining lightweight
metrics that quantify explanation stability, clinical concept
alignment, and audit readiness, and by optimizing operational
points that meet institutional policy constraints. We evaluate
ATHENA in federated simulations reflecting healthcare
heterogeneity (non- IID distributions, varying data quality, and
intermittent connectivity) and demonstrate that trust-weighted
aggregation re- duces performance degradation under noisy and
adversarial clients while improving auditability. The proposed
explainability framework yields Pareto-efficient models that
preserve utility while materially improving interpretability
indicators crucial for nursing safety and compliance. ATHENA
provides a practical blueprint for trustworthy federated Al in
nursing and healthcare analytics, emphasizing deployable
mechanisms over complex theory.

Index Terms—Federated learning, healthcare AI, nursing
analytics, accountability, integrity, trust metrics, robust
aggregation, explainable Al, governance.

I. INTRODUCTION

Healthcare delivery depends on coordinated clinical
operations, continuous monitoring, and safe execution of care
plans, where nurses serve as primary operators of patient-
centered workflows. Al systems are increasingly used to sup-
port nursing decisions and healthcare analytics, including early
warning scoring, fall-risk stratification, staffing optimization,
discharge planning, and documentation assistance. Despite

progress in deep learning and predictive modeling, real-world
healthcare Al faces structural constraints that reduce reliability
and complicate governance.

First, healthcare data are distributed across sites and systems:
hospitals, clinics, long-term care facilities, home health
providers, and payer platforms. These entities maintain
separate electronic health record (EHR) systems and analytics
stacks, often governed by distinct compliance policies, legal
contracts, and risk models. Centralizing sensitive data into
a single training repository is frequently infeasible. Second,
data quality varies widely: missingness patterns differ by
institution, documentation practices vary by nursing unit,
and clinical coding conventions diverge across EHR vendors.
Third, safety and accountability are non-negotiable. Nurses and
clinical leaders require not only accurate predictions but also
transparent reasoning, robust behavior under distribution shifts,
and audit-ready documentation that supports incident review
and compliance.

Federated learning (FL) addresses the data-centralization
barrier by enabling organizations to train shared models using
decentralized updates. However, standard FL designs focus
primarily on privacy (data locality) and communication
efficiency. For healthcare adoption, additional requirements are
central:

- Integrity: The global model must resist corrupted, low-
quality, or adversarial updates, and should degrade grace-
fully under client faults.

- Accountability: The training process must be auditable.
Stakeholders need to know which parties participated,
what quality controls were applied, and why certain
updates influenced the model.

- Explainability: Nurses and safety officers need
explanations that are stable, clinically plausible, and
usable for policy and training, not merely post-hoc
rationales.

- Explainability—performance trade-off management:
Healthcare systems must decide how to balance predictive
utility against interpretability and governance constraints
with quantitative evidence.

This paper proposes ATHENA, an ecosystem framework for
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accountable, trustworthy federated Al nursing and analytics.
ATHENA integrates (i) a trust metric-based FL governance
layer that quantifies reliability and enforces integrity and
accountability across silos, and (ii) a lightweight framework to
quantify and optimize explainability—performance trade-offs
for clinical and operational workloads.

A. Contributions

ATHENA provides three contributions:

- Trust metric-based federated governance for health-
care. We define multi-signal trust scoring for client
updates, integrate robust aggregation and privacy-aware
validation, and provide a policy-driven accountability
layer with auditable decision logs.

- Explainability—performance quantification and
optimization. We introduce deployable, lightweight
metrics that quantify explanation stability, concept
alignment, and audit readiness, and we present an
optimization approach suitable for healthcare policy
constraints.

- Federated evaluation under healthcare realism. We
simulate heterogeneity typical in healthcare data and
operations (non-IID distributions, noisy clients, and
intermittent participation) and show that ATHENA
reduces degradation under faults while improving
auditability and interpretability indicators.

B. Scope and Non-Goals

ATHENA is not a claim that any single metric proves safety.
Rather, it proposes a governance-oriented design: measurable
indicators, accountability workflows, and robust mechanisms
that together reduce risk. The paper avoids complex formulas
and focuses on practical, auditable implementation patterns.

II. RELATED WORK
A. Healthcare Al and Nursing Analytics

Deep learning has been applied to EHR-based prediction for
clinical risk stratification and early warning. Sequential models
support time-series prediction in clinical settings.
Representation learning for patient records and scalable deep
models have expanded predictive capabilities. However,
healthcare Al often struggles with interpretability, external
validity, and governance.

B. Federated Learning and Privacy

Federated learning enables collaborative training with- out
sharing raw data. Foundational work introduced
communication-efficient federated averaging. Subsequent
work addressed client heterogeneity and convergence
challenges. Privacy-preserving techniques such as secure
aggregation and differential privacy reduce risk of leakage from
updates, which is critical in healthcare.

C. Robust Aggregation and Byzantine Resilience

Robust aggregation methods address adversarial and faulty
client updates through selection, trimming, and resilient statis-
tics. Such approaches are relevant to healthcare consortia where
client reliability varies. However, robustness alone does not
provide governance transparency or auditability.

@ Nov - Dec 2020 IJIRMPS | ISSN: 2349-7300

D. Explainable Al and Trust

Post-hoc explainers such as LIME and SHAP provide local
explanations but may not satisfy clinical requirements for
stability and actionability. Interpretability debates highlight
that inherently interpretable models may be preferable in high-
stakes settings. ATHENA adopts a pragmatic stance:
explanations must be measurable, stable, and auditable, and
they must integrate into governance processes rather than exist
as detached artifacts.

III. PROBLEM SETTING AND REQUIREMENTS
A. Federated Healthcare Environment

We consider a federation of K silos (e.g., hospitals, post-
acute facilities, home health providers). Each silo trains local
models on private data. Nursing analytics workloads include:

- patient deterioration risk and escalation
recommendations,

- fall-risk and pressure-injury risk,

- staffing demand forecasts and workload balancing,

- readmission risk and discharge readiness signals,

- documentation support and quality monitoring.

Each silo has different patient populations, clinical practices,
and feature availability. Local data cannot be centralized.

B. Threats and Failures

ATHENA addresses common FL failures in healthcare:

- Noisy updates: poor preprocessing, label noise, mapping
errors, or EHR extraction problems.

- Adversarial updates:  poisoning
compromised systems.

- Non-IID drift: different case-mix or seasonal patterns
causing conflicting gradients.

- Operational intermittency: clients drop in/out due to
maintenance windows, bandwidth constraints, or
governance approval delays.

attempts  or

C. Governance Requirements

Healthcare governance demands:

- Integrity controls that prevent disproportionate harm
from unreliable clients.

- Accountability that supports incident review and
compliance audits without revealing patient data.

- Explainability with measurable quality suitable for
nursing leaders, quality teams, and risk committees.

IV. ATHENA ARCHITECTURE OVERVIEW

ATHENA is an ecosystem blueprint with three coordinated
layers:

1) Federated Training Layer: local training, secure
communication, and baseline aggregation.

2) Trust and Accountability Layer: trust scoring, integrity
enforcement, policy-driven controls, and audit logs.
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3) Explainability and Optimization Layer: explanation
generation, quality metrics, and selection of operating
points that balance interpretability and utility.

ATHENA is model-agnostic: it can wrap around common
supervised predictors used for nursing analytics (e.g., risk
scoring models) and can be extended to multi-task learning.

V. TRUST METRIC-BASED FEDERATED LEARNING
FRAMEWORK

A. Design Principles

Trust scoring must be (i) multi-signal (not dependent on a
single fragile test), (i) privacy-aware (avoid exposing patient
data or raw gradients), (iii) auditable (traceable decisions), and
(iv) bounded (no client can dominate regardless of trust).

B. Trust Signals

For each client update in a training round, ATHENA
computes a trust score from normalized signals. The signals are
chosen to be practical and explainable to governance
committees.

1) S1: Update Cohort Consistency: Compare each update to
the cohort using similarity on compressed update sketches (e.g.,
low-dimensional projections or summary statistics). Extreme
deviation can indicate faults or poisoning, but ATHENA does
not automatically equate deviation with malice, since legitimate
non-1ID differences exist in healthcare.

2) S2: Historical Reliability: Maintain a rolling reliability
profile for each client:

- frequency of anomalous updates,

- update stability across rounds,

- consistency of reported local validation summaries,

- operational compliance indicators (e.g., version matching,
reproducibility metadata).

This reduces sensitivity to transient noise while discouraging
persistent harmful behavior.

3) S3: Privacy-Aware Utility Validation: When feasible,
evaluate the impact of updates on a small, policy-approved
validation set held by the aggregator or a neutral party. When
not feasible, clients report aggregated validation summaries
computed on locally held validation splits. ATHENA treats
these reports as probabilistic signals and cross-checks them
against cohort consistency and historical behavior.

4) S4: Robust Aggregation Rank: ATHENA integrates
robust methods (e.g., Byzantine-resilient selection). Whether
an update is retained, trimmed, or ranked low becomes an
explicit trust signal. Importantly, ATHENA records why
updates were down-weighted in audit logs.

5) 85: Provenance and Attestation Metadata: Clients attach
non-sensitive metadata:

- model version identifier,

- preprocessing hash or configuration signature,

- training step count and optimizer settings summary,
- optional secure attestation token (when available).

These signals improve accountability without revealing patient
data.
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C. Trust-Weighted Aggregation with Bounded Influence

ATHENA uses a three-stage integrity mechanism:
1) Pre-filtering: apply robust checks to remove extreme
outliers.
2) Trust weighting: weight remaining updates by trust
score.
3) Capping: enforce a maximum influence ratio so no
client dominates even when highly trusted.
This design is important in healthcare: a single large institution
should not unilaterally define model behavior for smaller
partners, and conversely, a small unreliable client should not
destabilize the model.

D. Accountability and Audit Logging

ATHENA records an auditable, non-sensitive log per round:

- participating clients (hashed identifiers),

- trust score summaries and component signal summaries,

- policy decisions (e.g., down-weighted, quarantined),

- aggregation method version and parameter settings,

- release notes and governance approval marker for

deployment candidates.

The log supports retrospective analysis during safety reviews
and compliance audits while avoiding patient-level data expo-
sure.

E. Policy-Driven Participation Controls

Healthcare organizations frequently require policy gating:
- allow only clients meeting minimum operational controls
to participate,
- quarantine clients with repeated anomalies until
remediation,
- require secondary review for updates affecting safety-
critical outcomes.
ATHENA treats these as first-class controls aligned with trust
scoring.

VI. EXPLAINABILITY—PERFORMANCE TRADE-OFF
FRAMEWORK

A. Why Healthcare Needs Explicit Trade-off Management

In nursing workflows, explainability is not cosmetic.
Explanations affect:

- triage actions and escalation decisions,

- training and policy standardization,

- documentation quality and incident review,

- clinician acceptance and workflow integration.
At the same time, overly constrained models may lose
predictive utility, reducing safety. ATHENA therefore
quantifies and optimizes trade-offs rather than treating
interpretability as an afterthought.

B. Explanation Mechanisms in ATHENA

ATHENA supports explanation generation using model-
agnostic methods (e.g., local feature attribution) and, when
possible, inherently interpretable structures (e.g., monotonic
constraints or sparse models for certain tasks). Since this paper
avoids complex math and diagrams, we focus on measurable
quality signals rather than prescribing a single explainer.
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TABLE I
ATHENA EXPLAINABILITY-PERFORMANCE OPERATING POINTS
(NARROW SUMMARY)

Profile Explainability Utility
High Perf. Meets minimum Best
Balanced High Near-best
High Explain. Best Moderate

C. Explainability Metrics (Lightweight and Auditable)

ATHENA defines three lightweight metrics designed for
federated settings and governance discussions.

El: Explanation stability. Measure how similar
explanations remain under small, clinically irrelevant
perturbations (e.g., minor noise, missingness imputation
changes). High stability is essential for trust.

E2: Clinical concept alignment. Map model features to
clinician-approved concepts (e.g., vitals, mobility, meds, labs,
nursing assessments). Measure whether explanations prioritize
clinically plausible concepts for a given task. This can be
evaluated using curated concept groups rather than complex
ontology reasoning.

E3: Audit readiness score. A composite indicator reflecting
whether the model can produce:

- a consistent explanation template,

- confidence and uncertainty flags,

- data-quality warnings (e.g., missing key inputs),

- atraceable model version and training provenance.
Audit readiness emphasizes documentation completeness
rather than purely statistical interpretability.

D. Performance Metrics

Performance is measured using standard predictive metrics
appropriate to nursing analytics:

- discrimination (e.g., AUC) and calibration indicators,

- sensitivity at clinically relevant operating points,

- utility proxies such as alert burden and escalation
precision,

- fairness indicators across demographic or clinical strata
when feasible.

ATHENA does not require complex formulas; performance is
a collection of standard measurable outcomes.

E. Optimization Strategy

ATHENA treats training as a multi-objective process and
selects a small number of operational points:
- High Performance: maximize utility, minimal
constraints.
- Balanced: maintain near-maximum utility while meeting
stability and concept-alignment thresholds.
- High Explainability: prioritize stability and audit
readiness for high-risk deployments.
Operational points are selected using policy thresholds and
weighted scoring. Trust conditions can influence selection:
when trust health is low, ATHENA biases toward explainability
and audit readiness to reduce governance risk.
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Table I provides a governance-friendly summary. The intent
is to support decisions by nursing leadership and clinical Al
oversight groups.

VII. METHODOLOGY
A. End-to-End Federated Workflow

Each training round follows:

1) Client selection: policy checks and trust gating deter-
mine eligible participants.

2) Local training: clients train on private nursing and
operational datasets with local validation.

3) Privacy controls (optional): secure aggregation and/or
differential privacy measures are applied.

4) Trust scoring: aggregator computes trust signals and
trust scores from permitted information.

5) Integrity enforcement: robust filtering, trust-weighted
aggregation, and bounded influence are applied.

6) Explainability evaluation: explanation metrics are
computed on validation resources (central or distributed
aggregates).

7) Release candidate selection: operating points are com-
pared; audit logs are updated.

B. Accountability Workflows

ATHENA includes governance workflows commonly re-

quired in healthcare:

- Model change control: every release candidate has a
versioned provenance summary.

- Incident review readiness: the audit log supports root-
cause exploration (participation, trust decisions, policy
actions).

- Client remediation: clients with low trust receive action-
able signals (e.g., preprocessing mismatch) and may be
quarantined until fixed.

C. Clinical Safety Considerations

ATHENA is designed for decision support, not replacement.
For nursing workflows:
- predictions should be accompanied by uncertainty and
data-quality warnings,
- explanation templates should avoid false certainty,
- escalation recommendations should align with
institutional protocols.
These are governance practices rather than mathematical con-
structs.

VIII. EXPERIMENTAL DESIGN
A. Goals

Experiments evaluate:

= G1: whether trust-weighted aggregation improves robust-
ness under noisy and adversarial clients,

- G2: whether accountability signals are usable and
consistent across rounds,

- G3: whether explainability metrics improve with limited
utility loss,

- G4: whether ATHENA supports policy-friendly operating
point selection.
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TABLE II
EVALUATION CATEGORIES (MINIMAL COLUMNS)

Category Examples
Utility AUC, sensitivity at alert rate, calibration
proxy

Explainability Stability, concept alignment, audit readiness

Integrity Degradation under faults, down-weight
frequency
Accountability Round logs, provenance completeness

B. Federated Simulation Setup

We simulate K clients by partitioning healthcare-like
datasets (or de-identified public proxies) into non-IID splits
reflecting:

- different patient populations and case mix,

- different unit types (e.g., med-surg vs ICU),

- varying missingness and documentation intensity.

Fault modes:

- Noisy client: incorrect preprocessing and elevated label

noise.

- Adversarial client: poisoned updates attempting to de-

grade performance or manipulate explanations.
Intermittency is simulated by random client dropout and
variable participation.

C. Baselines

We compare:

- FedAvg: standard federated averaging,

- Robust-only: robust aggregation without explicit trust
scoring or accountability logs,

- ATHENA: trust metrics + robust integrity +
accountability + explainability optimization.

D. Metrics

Performance: AUC and calibration proxies; sensitivity at
fixed alert rates; alert burden proxies.

Explainability: E1 stability, E2 concept alignment, E3 audit
readiness.

Trust/integrity: performance degradation under faults;
frequency of faulty-client down-weighting; trust distribution
health; audit completeness.

IX. RESULTS AND DISCUSSION
A. Robustness Under Noisy and Adversarial Clients

Across simulated healthcare partitions, FedAvg exhibits
measurable degradation when noisy clients participate
frequently, particularly under strong non-IID conditions.
Robust- only aggregation reduces harm from extreme
outliers but may still suffer from persistent medium-strength
faults and provides limited governance transparency.
ATHENA reduces degradation further by combining robust
filtering with trust scoring informed by multiple signals,
thereby down-weighting clients whose updates repeatedly
reduce cohort utility or exhibit inconsistent behavior.

In adversarial simulations, ATHENA improves resilience by
limiting the influence of suspicious updates and by using
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historical reliability to avoid oscillations caused by intermittent
attacks. Importantly, ATHENA treats integrity as an
operational process: decisions are logged, and policy can
require manual review for safety-critical tasks.

B. Trust Signal Behavior and Governance Utility

Trust scores evolve over rounds, enabling governance
committees to observe patterns:

- consistent clients accumulate stable trust and contribute
predictably,

- clients with preprocessing mismatches show reduced trust
until remediation,

- adversarial behaviors trigger sharp trust reductions and
quarantine actions.

Audit logs provide round-level documentation of these
decisions, enabling retrospective analysis during incident
review without exposing patient-level data.

C. Explainability Improvements and Trade-offs

ATHENA improves explanation stability by enforcing
evaluation thresholds and by selecting models that meet
stability and concept alignment criteria. In many settings,
balanced operating points preserve near-best predictive utility
while substantially improving stability and audit readiness
indica- tors. High explainability settings can further improve
stability and documentation completeness, but may reduce
marginal predictive performance, motivating careful selection
based on risk level and workflow context.

D. Operational Interpretation for Nursing Workflows

In nursing analytics, false alerts can increase alarm fatigue,
while missed detections can reduce safety. ATHENA helps
stakeholders select operating points that balance these concerns
with interpretability requirements. For example:

- A high-risk deterioration detection model in ICU may
prioritize stability and audit readiness.

- A staffing forecast model may prioritize utility and
robustness with moderate interpretability.

ATHENA supports such differentiated governance without
requiring separate infrastructures.

E. Privacy and Observability Considerations

Secure aggregation and differential privacy improve privacy
but reduce observability for trust scoring. ATHENA remains
compatible by shifting emphasis toward:

- robust aggregation rank signals,
- client-reported aggregate validation summaries,
- provenance metadata and policy enforcement.

This preserves accountability as a governance artifact even
when per-client updates cannot be inspected.
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X. CONCLUSION [16] M. J. Sheller, G. A. Reina, B. Edwards, J. Martin, and S. Bakhtiyar,

. “Multi-institutional deep learning modeling without sharing patient data:

This paper presented ATHENA, an accountable and trust- A feasibility study on brain tumor segmentation,” in Proc. MICCAI
worthy healthcare ecosystem for federated Al nursing and Workshop, 2018.

. . [17] C. Rudin, “Stop explaining black box machine learning models for high
analytics. ATHENA addresses key barriers to healthcare FL stakes decisions and use interpretable models instead,” Nature Machine

adoption by integrating integrity mechanisms and governance Intelligence, 2019.
transparency through trust metric-based aggregation, policy- [18] P. Kairouz et al., “Advances and open problems in federated learning,”
driven participation controls, and auditable accountability logs. arXiv preprint arXiv:1912.04977, 2019.
To handle the practical need for interpretable, clinically
plausible models, ATHENA introduces a lightweight
framework to quantify and optimize the explainability—
performance trade-off using stability, concept alignment, and
audit readiness metrics. Federated simulations under
healthcare-realistic heterogeneity indicate that ATHENA
reduces degradation under noisy and adversarial clients while
producing governance-friendly arti- facts required for clinical
oversight.
Future work includes prospective evaluations with real
multi-institution consortia, expansion of concept alignment
with clinical ontologies, and deeper fairness auditing across
demographic and site-specific strata within federated
constraints.
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