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Introduction

Lucas Meyer , Anna Schmid , Stefan Braun1* 2 1

Hospital readmission rates are a critical metric in healthcare systems, reflecting operational inefficiencies, patient
safety risks, and resource-allocation challenges within clinical environments. AI-enabled analytics have emerged as
tools for predicting and mitigating these risks. Yet their integration into hospital workflows demands robust governance
architectures to address privacy, interoperability, and accountability for decision-making. This conceptual manuscript
identifies a gap in systems-level frameworks that holistically govern AI-driven readmission risk models from data
ingestion through clinical deployment. We propose the readmission risk oversight scaffold (RROS), a novel
architecture comprising layered components for data harmonization, model monitoring, workflow integration, and
governance feedback loops. RROS emphasizes interoperability with electronic health records (EHRs), privacy-
preserving analytics pipelines, and clinician-AI collaboration to enhance risk governance. Implications include
improved hospital resource management, reduced bias in predictive analytics, and scalable oversight mechanisms for
AI in healthcare informatics. By framing readmission risk as a governed systems process, RROS offers interpretive
insights into balancing technological capabilities with clinical imperatives, potentially informing future informatics
infrastructures without empirical validation. This work underscores the need for architectural designs that prioritize
safety and equity in AI-enabled hospital settings.

1
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Evolving paradigms in AI-enabled
hospital readmission risk assessment
The integration of artificial intelligence into hospital
readmission risk governance represents a significant
paradigm shift in clinical informatics. Historically,
readmission analysis served primarily as a retrospective
quality-improvement metric, used to evaluate institutional
performance after adverse utilization outcomes had
occurred. Contemporary AI-enabled systems, however,
reframe readmission risk as a prospective, continuously

monitored phenomenon embedded within clinical
workflows. This transition from retrospective evaluation to
proactive, systems-level intervention reflects broader
transformations in digital health ecosystems, where
predictive analytics increasingly shape operational and
clinical decision-making.

Hospital readmission risk—particularly in the context of
chronic conditions such as heart failure, chronic obstructive
pulmonary disease, and post-surgical complications—
presents complex, multifactorial determinants that extend
beyond isolated clinical variables [1-5]. Socioeconomic
conditions, care transitions, medication adherence, and
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discharge planning all contribute to readmission probability.
Consequently, governance architectures must move
beyond single-model optimization toward integrated
frameworks that contextualize AI-generated predictions
within dynamic hospital environments.

AI-enabled tools that analyze electronic health records
(EHRs), longitudinal patient trajectories, and transition-of-
care data can generate sophisticated risk stratifications. Yet
predictive accuracy alone does not constitute effective
governance. Systems-level architectures must incorporate
mechanisms for interpretability, accountability, workflow
embedding, and regulatory compliance to ensure that
predictive outputs translate into ethically and operationally
sound interventions [3, 4, 6]. This evolution underscores
the necessity of governance frameworks that treat
readmission risk not merely as an algorithmic output but as
a managed pipeline from data ingestion to clinical action.

Challenges in interoperability for AI-
enabled readmission risk governance
Interoperability remains a foundational challenge in
deploying AI-enabled architectures for hospital readmission
risk governance. Modern healthcare institutions operate
across fragmented data landscapes, including EHR
platforms, claims databases, laboratory systems, pharmacy
records, and increasingly, wearable and remote monitoring
devices. These heterogeneous data sources often lack
standardized schemas, temporal synchronization, and
unified access protocols, creating friction within analytics
pipelines.

AI models designed to predict readmission risk must
traverse these silos to produce actionable insights.
However, without robust governance structures,
fragmented data integration may propagate
inconsistencies, amplify documentation biases, and reduce
prediction reliability [7-9]. Errors introduced during
harmonization—such as misaligned timestamps or
inconsistent coding standards—can cascade through
predictive systems, undermining clinician trust and the
validity of decision support.

Systems-level designs should therefore prioritize
standardized interfaces, interoperable APIs, and
governance-aware integration protocols that enable
seamless AI embedding within hospital workflows.
Interoperability is not solely a technical objective; it
functions as a governance enabler, facilitating

transparency, traceability, and coordinated oversight. In the
context of inpatient–outpatient transitions—where
readmission risks dynamically evolve—interoperability
becomes central to sustaining continuity in predictive
monitoring [10, 11]. Effective governance architectures
must conceptualize interoperability as a structural pillar of
AI-enabled readmission management rather than a
peripheral technical feature.

Privacy imperatives in systems-level
hospital readmission risk architectures
Privacy considerations occupy a central position in AI-
enabled hospital readmission risk governance, given the
sensitive nature of health data processed by predictive
infrastructures. Systems-level architectures must embed
privacy-aware mechanisms that safeguard patient
information across the entire data lifecycle—from ingestion
and model training to deployment and monitoring—while
preserving analytic utility [12-14].

The expansion of data modalities and cross-institutional
analytics introduces heightened exposure risks. Federated
learning approaches, distributed model training
environments, and data-sharing agreements between
hospitals or public health agencies can enhance predictive
performance, yet they also introduce governance
complexities. Without structured oversight, these
mechanisms may expose vulnerabilities in readmission risk
models, including unintended data leakage or insufficient
auditability.

Effective architectures, therefore, incorporate privacy-
enhancing technologies such as differential privacy, secure
multi-party computation, role-based access controls, and
immutable audit trails [15-17]. These safeguards extend
governance beyond model outputs to encompass
infrastructural resilience and institutional accountability. In
this context, privacy is not treated as a compliance
afterthought but as an embedded architectural principle that
sustains stakeholder trust and regulatory alignment within
AI-enabled readmission ecosystems.

Bias mitigation strategies for AI-
enabled readmission risk governance
frameworks
Bias in AI models presents a significant governance
concern in hospital readmission risk assessment. Predictive
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Theoretical Background and
Literature Synthesis

systems trained on historical healthcare data may
inadvertently encode longstanding disparities related to
socioeconomic status, race, access to care, or institutional
resource allocation. Without structured oversight, these
embedded inequities may manifest as disproportionate risk
stratification outcomes across patient cohorts [18-20].

Systems-level governance architectures must therefore
integrate bias detection and mitigation protocols as core
components rather than optional evaluative add-ons. This
includes fairness audits, subgroup performance analyses,
and monitoring of downstream clinical interventions
influenced by risk predictions. Architectural designs should
ensure that bias-auditing mechanisms are embedded in
clinical workflows, enabling transparency into how
readmission risks are assigned and interpreted.

Importantly, bias mitigation is not limited to statistical parity
adjustments; it involves socio-technical engagement with
how predictive insights are operationalized. Governance
layers that facilitate interdisciplinary review and contextual
recalibration of models reinforce institutional accountability.
Such strategies underscore the interpretive role of
governance in refining AI-enabled systems for equitable
hospital deployment [21, 22].

Positioning the need for a novel
systems-level architecture
Collectively, evolving predictive paradigms, interoperability
constraints, privacy imperatives, and bias mitigation
strategies reveal a conceptual gap in current scholarship.
Existing literature extensively addresses model
development, algorithmic fairness, and ethical guidelines;
however, it rarely synthesizes these components into a
cohesive, systems-level governance architecture tailored
specifically to AI-enabled hospital readmission risk
management [23, 24].

This manuscript positions the readmission risk oversight
scaffold (RROS) as an original conceptual contribution
designed to address this void. Rather than focusing solely
on predictive performance or isolated governance
principles, RROS offers a layered framework that integrates
data harmonization, model orchestration, workflow
embedding, bias monitoring, privacy safeguards, and
feedback mechanisms within a unified architectural
construct. By conceptualizing readmission risk as a
governed socio-technical pipeline, the framework advances
interpretive clarity regarding how AI systems may be

responsibly integrated into hospital informatics
environments.

Data modalities in EHR-driven hospital
readmission risk analytics
Electronic health records (EHRs) serve as foundational
data modalities in AI-enabled hospital readmission risk
governance. They provide both structured inputs—such as
laboratory values, medication histories, diagnostic codes,
and vital signs—and unstructured narratives, including
clinical notes and discharge summaries. The literature
emphasizes the importance of EHR integration in
constructing systems-level architectures capable of
processing longitudinal patient data for risk assessment [1,
5, 25].

In specialized hospital settings, such as cardiology wards,
EHR-derived features, including heart rate variability,
medication adherence patterns, and procedural histories,
inform predictive modeling strategies. However,
governance considerations arise due to variability in
documentation practices, coding inconsistencies, and
differential data completeness across departments. Without
standardized data flows and harmonization protocols, EHR-
driven analytics may generate fragmented or inconsistent
risk insights [2, 6, 26].

Systems-level architectures must therefore formalize data
normalization pipelines, interoperability standards, and
monitoring checkpoints to ensure analytic reliability.
Governance in this domain extends beyond data ingestion
to encompass traceability, quality assurance, and alignment
with clinical decision-support mechanisms.

Imaging and waveform data integration
for readmission risk governance in
specialized units
Beyond traditional EHR data, imaging and waveform
modalities increasingly contribute to AI-enabled
architectures for hospital readmission risk governance,
particularly in radiology departments and intensive care
units (ICUs). Convolutional neural networks applied to
imaging data—such as chest radiographs or computed
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tomography scans—can detect latent physiological markers
associated with elevated readmission probability [6, 7, 15].

Similarly, waveform analytics derived from
electrocardiogram (ECG) signals or continuous vital sign
monitoring provide real-time insights into patient stability
during post-acute care transitions. These modalities
enhance predictive granularity but introduce interoperability
and governance complexities when merged with
conventional clinical workflows. Differences in data formats,
storage infrastructure, and real-time processing
requirements complicate the development of unified
analytics pipelines.

Systems-level synthesis highlights that without structured
governance, multimodal integrations risk producing siloed
analytics in high-stakes hospital environments. Governance
architectures must address cross-modality harmonization,
privacy safeguards during model training, and workflow-
compatible visualization mechanisms to prevent
fragmentation of risk insights [3, 9, 27]. By embedding
these considerations into architectural design, AI-enabled
readmission governance can leverage advanced data
modalities while preserving institutional coherence and
clinical safety.

Natural language processing (NLP) of clinical notes in AI-
enabled readmission risk systems: NLP of clinical notes
represents a key data modality in hospital readmission risk
governance, extracting narrative insights from EHRs to
refine AI-driven risk models. Studies synthesize NLP
applications in oncology and primary care settings, where
unstructured text reveals social determinants that influence
readmission risk [4, 10, 11]. Systems-level architectures
require governance to mitigate biases in NLP outputs,
ensuring that extracted features align with privacy
standards and informatics infrastructures. Literature
underscores the interpretive value of NLP in workflow
integration, yet calls for oversight to maintain decision-
making reliability [7, 12, 18].

Genomics and wearables in public health-oriented
readmission risk architectures: Genomics data modalities,
combined with wearables, extend AI-enabled hospital
readmission risk governance to public health and
telemedicine contexts, enabling personalized risk profiling.
Conceptual syntheses explore how genomic variants and
continuous monitoring data inform predictive analytics, with
governance emphasizing data security in distributed
systems [13, 14, 16]. In primary care transitions, wearables

provide real-time metrics that feed into readmission
models, but architectures must govern interoperability to
avoid data drift. The background literature highlights trade-
offs in scalability and advocates systems-level designs that
balance innovation with clinical safety [17, 19, 20].

Claims data analytics for workflow integration in hospital
readmission: Governance claims data, as administrative
modalities, support AI-enabled architectures by linking
financial and clinical outcomes in hospital readmission risk
governance. Synthesis from informatics journals illustrates
how claims-integrated pipelines enhance decision support
in emergency departments (EDs), yet governance is critical
to address privacy in cross-institutional data sharing [8, 21,
22]. Systems-level frameworks must incorporate audit
mechanisms for claims-based risk models, ensuring
alignment with hospital workflows and reducing liability in
governance processes [23, 24].

Monitoring infrastructures in AI-driven readmission risk
ecosystems: Monitoring infrastructures form the backbone
of theoretical governance in AI-enabled hospital
readmission risk systems, encompassing drift detection and
performance oversight. Literature synthesizes approaches
to real-time analytics in healthcare settings, where
monitoring loops provide feedback for model recalibration
without empirical testing [6, 25, 27]. In telemedicine
extensions, these infrastructures govern interoperability
across data modalities, offering conceptual insights into
sustaining AI reliability in dynamic hospital environments [7,
27].

Proposed conceptual framework
The readmission risk oversight scaffold (RROS) represents
an original systems-level architecture designed to govern
AI-enabled hospital readmission risk through integrated
layers of data harmonization, model orchestration, workflow
embedding, and governance feedback. RROS
conceptualizes readmission risk as a cyclical process within
healthcare informatics, starting from multifaceted data
inputs (EHRs, imaging, NLP notes, genomics, wearables,
claims) that feed into AI analytics pipelines. The
architecture comprises four interconnected layers: (1) Data
Harmonization Layer, which standardizes inputs via
interoperability protocols to mitigate silos; (2) Model
Orchestration Layer, where AI algorithms process risks with
embedded bias checks; (3) Workflow Embedding Layer,
integrating predictions into clinical decision support for
seamless hospital actions; and (4) Governance Feedback
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Layer, incorporating monitoring loops for drift, privacy
audits, and clinician overrides. Feedback mechanisms
ensure iterative refinement, such as automated alerts for
data drift or governance reports on decision accountability,
fostering a closed-loop system that balances technological
efficacy with clinical safety.

Layer-specific governance functions and operational
outputs are systematically summarized in Table 1.

Table 1. Functional layer responsibilities within the
readmission risk oversight scaffold (RROS)

Architectural
layer

Core
functions

Governance
mechanisms

Operation
outputs

Data
harmonization

Layer

Multimodal
data ingestion,
normalization,
interoperability

alignment

Data
provenance

tracking,
privacy
filtering,
schema

validation

Structured
analytics-

ready
datasets

Model
orchestration

layer

Predictive risk
modeling,
uncertainty

scoring, bias
detection

Fairness
audits,

federated
learning

governance,
and

explainability
modules

Probabilist
readmissio
risk scores

Workflow
embedding

layer

Integration
into clinical
systems,
discharge
planning

support, alerts

Human-AI
collaboration

protocols,
override
controls

Actionable
decision
support
outputs

Governance
feedback

layer

Monitoring,
audit logging,
compliance

oversight, and
drift detection

Accountability
tracing,

regulatory
reporting, and
recalibration

triggers

Governanc
reports &

model
refinement

Central to RROS is the data → model → decision →
clinical action pipeline logic, where data ingestion informs
probabilistic risk modeling, leading to governed decisions
that trigger actions like targeted interventions or resource

allocations. This pipeline includes safeguards for privacy-
preserving computations, such as federated learning
proxies, and interoperability standards aligned with health
informatics norms. The layered governance dynamics and
closed-loop monitoring structure of the readmission risk
oversight scaffold (RROS) are illustrated in Figure 1.

Figure 1. Systems-level governance architecture for AI-
enabled hospital readmission risk: the readmission risk

oversight scaffold (RROS).

The scaffold conceptualizes readmission risk governance
as a vertically integrated socio-technical pipeline
progressing from multimodal healthcare data ingestion to
governed clinical action. The Data harmonization layer
standardizes heterogeneous inputs, which are then
processed by AI-driven risk modeling in the model
orchestration layer. Predictions are operationalized via
clinical decision infrastructures in the workflow embedding
layer, while the governance feedback layer provides
continuous oversight through privacy auditing, fairness
monitoring, drift detection, and accountability logging.
Horizontal feedback loops illustrate iterative recalibration
mechanisms that ensure the safe, equitable, and
interoperable deployment of predictive analytics within
hospital environments.

To formalize key dynamics, the interaction between
governance cost and risk mitigation in RROS can be

conceptualized as , where G(R) denotes

governed readmission risk utility, D is data harmonization
effort, M is model monitoring intensity, W is workflow
integration workload, F is feedback loop efficiency, and
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coefficients α, β, γ, δ capture interpretive trade-offs in
resource allocation. This expression captures the
interaction between operational investments and
governance gains, highlighting how enhanced feedback
(higher δ) may offset costs in high-risk hospital scenarios.

Furthermore, uncertainty propagation in the pipeline may

be expressed as where   is

pipeline uncertainty,   represents uncertainty from each
layer (data, model, etc.), and   are weights reflecting
governance priorities—e.g., higher w for privacy-sensitive
layers. This formula illustrates systems-level insights into
how unmitigated uncertainties cascade, advocating for
monitoring to minimize  in clinical deployments.

Finally, bias-fairness trade-offs in decision loops can be

conceptualized as   where

 is a balanced fairness metric,  is model bias,  is
the governance filtering strength, A is the audit frequency,
and k is the decay constant; this captures the interpretive
diminution of bias through sustained oversight.

Analytical implications
Operational enhancements in AI-enabled hospital
readmission risk workflows: The readmission risk
oversight scaffold (RROS) offers analytical opportunities to
optimize hospital workflows through AI-enabled
governance, with systems-level architectures that
streamline readmission risk assessments from admission to
discharge. By embedding interoperability-focused layers,
RROS facilitates seamless data flows between EHR
systems and clinical decision support, potentially reducing
administrative burdens and enhancing resource allocation
in high-volume hospital settings [1, 2, 5]. Interpretive
insights suggest that such governance could harmonize
predictive analytics with operational realities, allowing
clinicians to prioritize interventions based on governed risk
outputs rather than isolated predictions. This workflow
integration implies a shift toward proactive risk
management, where AI-driven insights inform staffing and
bed management without overriding clinical judgment [3, 6,
9]. Key governance risks and their corresponding mitigation
infrastructures across the RROS pipeline are synthesized
in Table 2.

Table 2. Systems-level governance risk mitigation matrix
for AI-enabled readmission analytics

Governance
domain

Risk vector Monitoring
mechanism

Mitigation
strategy

Interoperability Data silos,
schema

misalignment

API trace
logs,

harmonization
audits

Standardize
integration
protocols

Privacy Data
leakage, re-
identification

Differential
privacy
checks,

access logs

Federated
learning &
encryption

layers

Bias and
fairness

Disparity
amplification

Subgroup
performance
dashboards

Fairness
recalibratio

pipelines

Model
reliability

Predictive
drift

Real-time
performance
monitoring

Automated
retraining
triggers

Clinical safety Over-
automation

Clinician
override
tracking

Human-A
review

checkpoint

Accountability Decision
opacity

Immutable
audit trails

Governanc
reporting
systems

Governance trade-offs in privacy-aware readmission risk
architectures, privacy governance within RROS highlights
analytical trade-offs in AI-enabled hospital readmission risk
systems, balancing data utility with compliance imperatives.
The architecture's feedback loops enable interpretive
evaluations of privacy impacts on analytics pipelines, where
differential privacy mechanisms may attenuate model
sensitivity but preserve overall risk governance efficacy [12-
14]. Systems-level implications include mitigated liability
through audit-integrated decision loops that foster trust in
interoperable infrastructures across hospital networks. This
trade-off analysis underscores how governance layers can
modulate privacy costs against clinical benefits,
conceptualizing scenarios in which enhanced monitoring
offsets potential data-exposure risks in readmission
analytics [15-17].

Bias and fairness dynamics in clinical action loops for
readmission risk: RROS provides systems-level insights
into bias dynamics within AI-enabled hospital readmission
risk governance, where monitoring scaffolds interpretation
and addresses disparities in clinical action pathways.
Analytical implications reveal how layered architectures can
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Results and Discussiondetect bias propagation from data to decisions, promoting
equitable risk stratification in diverse patient populations
[18-20]. By incorporating fairness-aware feedback, the
framework is expected to improve clinical outcomes
through adjusted governance, such as recalibrating models
to better reflect underrepresented cohorts in hospital
datasets. This interpretive lens on bias-fairness interactions
suggests operational safeguards that align AI deployments
with ethical informatics standards, enhancing overall
system resilience [21, 22].

Monitoring feedback for interoperability in readmission risk
pipelines: Interoperability implications in RROS emphasize
the analytical role of monitoring in sustaining AI-enabled
readmission risk governance across fragmented healthcare
systems. The architecture's pipeline logic interprets data-
model-decision-action flows as interdependent, with
feedback loops enabling conceptual validations of system
coherence [7, 8, 23]. In hospital contexts, this implies
scalable oversight for integrating modalities such as EHRs
and wearables, thereby reducing drift in risk predictions
over time. Systems-level trade-offs here involve
governance costs versus interoperability gains, where
enhanced monitoring could streamline clinical workflows in
telemedicine extensions of readmission management [24-
26].

Safety and accountability insights in AI-governed hospital
readmission systems: safety-oriented implications of
RROS; focus on accountability in AI-enabled hospital
readmission risk architectures; interpreting human-AI
collaborations as governed processes. The framework's
override mechanisms imply analytical pathways for clinician
intervention, ensuring safety in decision loops amid
uncertain predictions [4, 10, 11]. This systems-level
perspective highlights trade-offs between automation
efficiency and liability, conceptualizing governance as a
buffer against adverse events in clinical deployments.
Furthermore, drift monitoring dynamics may be expressed

as    where   is temporal drift,   are

data shifts per modality,   are pipeline priorities,   is
governance frequency, and λ is a stabilization factor; this
captures the interaction between evolving data
environments and oversight intensity, illustrating how
proactive governance minimizes safety risks in hospital
settings [6, 7, 27].

Conceptual limitations in systems-level
readmission risk governance
architectures
While RROS advances interpretive frameworks for AI-
enabled hospital readmission risk governance, its
conceptual limitations stem from its theoretical grounding,
potentially overlooking nuanced interactions within real-
world informatics infrastructures. Systems-level
architectures such as RROS assume structured
interoperability, harmonized data exchange, and
coordinated oversight layers. However, in practice, legacy
EHR systems and vendor-specific constraints may limit
data pipeline efficiency, model retraining cycles, and the
capacity for workflow embedding, underscoring the need
for adaptive governance interpretations rather than static
architectural assumptions [1, 5, 12].

The abstraction inherent in systems-level design may
obscure socio-technical frictions, including documentation
variability, cross-departmental data silos, and inconsistent
model monitoring infrastructures. These infrastructural
asymmetries suggest that governance architectures must
be interpreted as flexible scaffolds rather than prescriptive
blueprints. In heterogeneous hospital environments,
regulatory heterogeneity and institutional compliance
cultures further complicate uniform deployment, reinforcing
the importance of interpretive adaptability within
governance frameworks.

Privacy trade-offs, although formally conceptualized within
RROS, remain inherently context-dependent. Data
minimization, consent interpretation, secondary use
governance, and audit traceability differ across hospital
regulatory landscapes and jurisdictions. Thus, privacy
governance cannot be treated as a fixed module; instead, it
requires reflexive alignment with institutional, national, and
transnational policy environments [13, 14]. This discussion
highlights the need for conceptual refinements that
acknowledge variability without advancing empirical claims,
maintaining RROS as a theoretical construct responsive to
infrastructural realities.

Future directions for AI-enabled
workflow integration in hospital risk
systems
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Conclusion

Future conceptual explorations may extend RROS to
incorporate emerging data modalities, including real-time
genomics, remote patient monitoring streams, and
telemedicine-integrated biomarkers. The integration of such
data types into readmission governance architectures
introduces interpretive complexity in harmonization
pipelines, latency management, and cross-platform
interoperability [15-17]. Expanding the scaffold to support
multimodal analytics could enhance comprehensive
oversight of readmission risk while preserving governance
transparency.

Scaling governance architectures across public health
networks presents another avenue for theoretical
development. Workflow integration across distributed
hospital systems implies collaborative AI deployments,
shared audit protocols, and federated data governance
models. Such scaling challenges conventional institution-
centric oversight, instead suggesting systems-level insights
into inter-organizational AI governance structures [7, 8, 23].

Moreover, dynamic feedback loops capable of recalibrating
predictive thresholds in response to evolving
epidemiological, operational, or policy conditions represent
a critical interpretive direction. Adaptive oversight
mechanisms could allow RROS to function not as a static
architecture but as a responsive governance ecosystem.
These future pathways emphasize balancing innovation
with foundational clinical informatics principles, ensuring
transparency, safety, and interpretability remain central to
AI-enabled workflow integration.

Interpretive challenges in bias
monitoring for readmission risk
frameworks
Bias monitoring within RROS presents interpretive
challenges in AI-enabled hospital governance, as systems-
level frameworks must navigate inherent data inequities
without prescriptive solutions. Historical disparities in
healthcare documentation, resource allocation, and access
to care may become embedded within predictive pipelines,
amplifying inequities through algorithmic outputs if not
continuously scrutinized [18-20].

Conceptually, fairness governance can be strengthened by
adding additional audit layers that evaluate both model
outputs and downstream clinical actions. Rather than
relying solely on statistical parity metrics, interpretive

safeguards may include longitudinal monitoring, contextual
threshold adjustments, and interdisciplinary oversight
committees. Such enhancements imply conceptual
pathways for mitigating amplified disparities in clinical
decision-making processes.

This challenge reflects broader informatics discourses on
accountability and socio-technical systems governance,
where fairness is not treated as a one-time compliance
objective but as an evolving institutional responsibility [21,
22]. Within this perspective, RROS must be understood as
an adaptable governance scaffold capable of integrating
emerging fairness methodologies while maintaining
theoretical coherence.

Deployment considerations for privacy
and safety in readmission governance
Deployment-oriented discussion of RROS emphasizes
conceptual considerations for privacy and safety in AI-
enabled readmission risk systems. Interoperability functions
as a governance enabler, facilitating traceability, audit
transparency, and coordinated oversight across clinical
workflows. However, increased monitoring intensity may
introduce operational burdens, particularly in resource-
constrained hospitals, where computational infrastructure
and workforce capacity remain limited [3, 6, 9].

Balancing oversight robustness with workflow feasibility
becomes a central interpretive challenge. Excessive
alerting mechanisms or monitoring layers may contribute to
clinician fatigue, whereas insufficient oversight risks
undermining safety accountability. Sustainable
architectures, therefore, require calibrated governance
intensity aligned with institutional capabilities.

This synthesis advocates for conceptual integrations that
prioritize human–AI synergies, ensuring predictive systems
augment rather than supplant clinical judgment. Embedding
transparency, explainability, and shared decision-making
principles within governance layers fosters resilient
informatics ecosystems capable of adapting to
infrastructural variability [24-26].

The readmission risk oversight scaffold (RROS) introduces
a novel systems-level architecture for governing AI-enabled
hospital readmission risks, unifying data harmonization,
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