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ARTICLEINFO ABSTRACT 

  Healthcare information technology (IT) infrastructure has grown substantially in 
complexity alongside the accelerating adoption of electronic health records, clinical 
decision support systems, telehealth platforms, and patient-facing digital services. 
Managing this infrastructure reliably under high availability expectations, strict 
privacy obligations, and patient safety constraints poses operational challenges that 
conventional IT management approaches cannot adequately address at scale. 
Enterprise AI Operations (AIOps) offers a principled methodology for meeting these 
challenges by integrating machine learning with operational workflows to automate 
detection, diagnosis, and resolution of IT incidents. This paper presents the 
Healthcare AIOps Reference Architecture (HARA): a three-layer framework that 
adapts AIOps design principles to the specific regulatory, governance, and safety 
requirements of clinical IT environments. The three layers, Clinical Data 
Observability, Healthcare Intelligence and Orchestration, and Clinical Governance 
and Compliance, are described with formal theoretical foundations and algorithmic 
specifications. Three formal equations are contributed: an incident routing latency 
model under alert volume growth, a cache hit efficiency model under steady-state 
access patterns, and an inference cost reduction model under model pruning, each 
grounded in the published literature. Two pseudocode algorithms with formal 
complexity analysis are presented for healthcare alert triage and escalation and for 
adaptive clinical model retraining triggering. Three illustrative case vignettes ground 
the architecture in hospital network incident management, laboratory and imaging 
system prioritization, and patient-facing service resilience. Governance design 
addresses privacy regulation, algorithmic bias, explainability, and human oversight 
within healthcare IT contexts. The paper contributes a design-level framework for 
healthcare IT architects and platform operations engineers seeking to apply AIOps 
principles within healthcare regulatory, safety, and equity constraints and identifies 
federated AIOps and carbon-aware clinical scheduling as future research directions. 

Keywords: AIOps; healthcare IT; clinical infrastructure; incident management; 
observability; microservices; governance; MLOps; patient data privacy; algorithmic 
accountability 

 

1. INTRODUCTION 

Healthcare systems have undergone an irreversible digital transformation. The widespread adoption of electronic 

health record (EHR) systems, clinical decision support platforms, laboratory information systems, radiology 

platforms, telehealth services, and patient-facing digital portals has produced a dense, interdependent IT 

infrastructure that directly underpins the delivery of clinical care. Adler-Milstein et al. (2015) document the trajectory 

of EHR adoption across US hospitals, establishing both the scale of the transformation and the operational challenges 

that persist: integration complexity, workflow variability, and the operational burden of managing clinical IT at 

enterprise scale. Bates et al. (2014) establish that healthcare generates exceptional volumes of structured and 

unstructured operational data that, when appropriately analyzed, can support high-value decisions across both 

clinical and operational domains. 

With the expansion of the health care AI industry, clinical IT systems will be burdened. Topol (2019) calls the 

combination of human clinical intelligence and artificial intelligence the single most important development in 

modern medicine and writes that AI systems to read images, predict clinical events, and improve workflow will 

require always-on infrastructure. Davenport & Kalakota (2019) identify operational management as one of the main 
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areas where AI is seen to have an impact in healthcare, both in clinical decision support systems and in the systems 

and platforms that enable clinical workflows. Together, these observations establish the operational stake: as 

healthcare AI becomes more pervasive, the infrastructure supporting it must achieve higher availability, faster 

incident resolution, and more principled governance of automated systems. 

Enterprise AI Operations (AIOps) addresses this challenge by embedding machine learning into the operational 

control plane of IT infrastructure. AIOps, conversely, makes intelligence part of the operational processes in which 

organizations automatically detect anomalies, correlate events, diagnose failures, and automatically perform or route 

remediation actions (Notaro et al., 2021). In healthcare environments, however, AIOps deployment must additionally 

satisfy constraints that do not apply in general enterprise contexts: patient safety obligations that mandate human 

escalation for clinical-system incidents, privacy regulations that govern the handling of patient-identifiable data in 

operational logs, and fairness obligations that require bias monitoring of automated decision pathways affecting 

clinical service delivery. 

The existing AIOps literature provides strong methodological foundations (Notaro et al., 2021; He et al., 2021; 

Soldani & Brogi, 2022) but does not address the design of AIOps systems within healthcare IT constraints. This paper 

fills that gap with the following original contributions: 

● A three-layer Healthcare AIOps Reference Architecture (HARA) adapted to the operational, regulatory, 

safety, and equity constraints of clinical IT environments, distinguishing IT operations AI from clinical decision 

support AI applied directly to patient diagnosis or treatment. 

● Three formal theoretical models for incident routing latency under alert volume growth, topology cache hit 

efficiency under steady-state access patterns, and inference cost reduction under model pruning, each grounded in 

the published literature. 

● Two pseudocode algorithms with formal complexity analysis: a healthcare alert triage and escalation 

algorithm with mandatory clinical escalation paths, and an adaptive model retraining trigger with human approval 

gating. 

● A governance design that operationalizes healthcare-specific requirements for patient data privacy, 

algorithmic bias monitoring, mandatory explainability, and structurally embedded human oversight, distinguishing 

these from general enterprise AIOps governance. 

2. BACKGROUND AND RELATED WORK 

2.1 Healthcare IT Operational Challenges 

Healthcare IT operations differ from general enterprise IT operations in three significant ways with direct 

implications for AIOps design. First, availability expectations are linked to patient safety: downtime in EHR systems, 

clinical imaging platforms, or laboratory systems can delay care delivery with potentially severe consequences. Adler-

Milstein et al. (2015) document that EHR-related operational issues remain a substantial burden for hospital IT 

departments even at high adoption maturity, with integration failures and availability events identified as persistent 

problem categories. Second, event volume is high and multi-modal: clinical IT environments generate simultaneous 

streams of HL7 ADT messages, FHIR API request logs, device alarms, infrastructure metrics, and application-level 

error events, requiring multi-source correlation rather than single-stream analysis. Third, data-handling obligations 

are more stringent: patient-identifiable information appears throughout clinical IT operational data, requiring that 

any analytical pipeline handling such data satisfies privacy regulatory requirements. Bates et al. (2014) establish that 

healthcare data has exceptional operational density, rich with actionable signal, but that the regulatory obligations 

attached to it constrain the processing approaches available to operations teams. 

Obermeyer & Emanuel (2016) note a further challenge specific to healthcare AI contexts: even AI applied to 

administrative and operational functions in healthcare carries accountability obligations, because automated 

operational decisions can have downstream effects on clinical workflows and patient access to services. This 

observation frames the governance requirements addressed in Section 8. 
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2.2 AIOps: Surveys and Core Methods 

The AIOps literature establishes strong methodological foundations across the core problem domains relevant to this 

paper. The most thorough AIOps survey is by Notaro et al. (2021), describing approaches on the incident lifecycle, 

including detection, root cause analysis, automated remediation, and single-source vs. multi-source incidents. Multi-

source AIOps correlating logs, metrics, and traces in the same inference process is a design model required by the 

multi-modal event environment occurring in the healthcare IT domain. He et al. (2021) describe the automated log 

analysis AIOps pipeline (log parsing, anomaly detection, and failure diagnosis) and log collection, the easiest 

operational signal for AIOps in enterprise IT environments despite the high preprocessing cost of logs. Soldani & 

Brogi (2022), writing about the differences in AIOps for failure management, identified service-boundary attribution 

and cascading failure propagation as the two challenges that make the microservice AIOps different from monolithic 

AIOps, both of which apply to the microservice-based IT architectures of today's health systems. 

2.3 Intelligent Incident Management 

Chen et al. (2020) document production experience with intelligent incident management at scale, identifying three 

primary engineering challenges: alert noise at volumes that overwhelm manual triage, cross-service correlation 

across independent system domains, and the design of the human-in-the-loop escalation boundary. Their 

characterization of the gap between theoretical intelligent incident management and its operational reality is directly 

relevant to healthcare AIOps: clinical IT environments face the same challenges at a smaller scale but with higher 

stakes per incident. Javeed et al. (2026) implement a multi-task neural architecture that processes alerts while 

predicting incidents. The model performs better than single-task approaches and provides a unified architecture for 

the Intelligence layer of the HARA. 

2.4 Observability, Containers, and Orchestration 

Li et al. (2022) presented and defined the three pillars of observability and reviewed the current state of industrial 

microservice observability applications to highlight the gap between theory and practice. Their finding that topology 

data staleness is a primary cause of misdirected incident response motivates the topology cache design in Section 5.3. 

Burns et al. (2016) describe Kubernetes as a workload bin-packing generalization of Google's Borg and Omega 

systems. Kubernetes is the orchestration substrate of HARA's model serving and data processing components. 

According to Larsson et al. (2020), I/O bottlenecks of etcd at high service registration rates can limit how dynamically 

model endpoints are registered in the AIOps environment. 

2.5 Automation and MLOps 

In healthcare IT, Syed et al. (2020) identify three themes: automation of structured processes, division of labor 

between humans and machines, and governance that ensures regulatory compliance. In the MLOps literature, 

Kreuzberger et al. (2023) identify deployment, monitoring, and retraining pipelines as the three main themes in 

MLOps-related publications. Defining the architectural components to maintain ML models for operations in 

production is important for healthcare AIOps, as the clinical IT environment may change, degrading model 

performance and requiring monitored retraining pipelines. 

3. HEALTHCARE AIOPS REFERENCE ARCHITECTURE (HARA) 

3.1 Architecture Overview 

The Healthcare AIOps Reference Architecture (HARA) is a three-layer architecture that applies existing AIOps design 

patterns to clinical IT operational, regulatory, and safety constraints. Each layer has a distinct function; the layers 

communicate through well-defined interfaces and are governed by a vertical governance policy channel that runs 

alongside all three. 

Layer 1: Clinical Data Observability: Layer 1 continually collects, normalizes, and improves operational 

telemetry data generated by clinical IT systems such as EHR application event logs, HL7 ADT and FHIR API logs, 

infrastructure component metrics produced by clinical servers and networks, laboratory instrument interface logs, 

radiology system event streams, and clinical device alarms. Layer 1 exposes a single observability API to Layer 2 while 

transparently de-identifying any patient-identifiable operational data prior to it being used in analysis. 
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Layer 2: Healthcare Intelligence and Orchestration: Machine learning models are tuned to the clinical 

activity cycles, log-based failure diagnostic models are trained on healthcare IT incident history data, and alert 

correlation models apply topology-aware grouping to clinical IT event data from Layer 1 feeds. An orchestration 

engine translates analytics outputs into possible responses and manages model lifecycle states and action routing to 

Layer 3. 

Layer 3: Clinical Governance and Compliance: Implements governance policies according to healthcare 

regulatory requirements. Manages role-based access control with clinical-domain specificity, append-only audit 

trails, mandatory explainability reporting for escalated actions, escalation policies that reflect patient safety 

obligations, and compliance interfaces supporting HIPAA-aligned audit processes. A vertical governance policy 

channel runs alongside all three layers, ensuring constraints are applied throughout the architecture rather than only 

at the point of action execution. 

 

Figure 1: Healthcare AIOps Reference Architecture (HARA) 

 

3.2 The Control-Plane Model 

A fundamental architectural decision in HARA is positioning the Intelligence and Orchestration layer as a control 

plane, a system that participates in operations, not merely observes them. Notaro et al. (2021) distinguish between 

AIOps systems that observe and those that participate; the latter are required when automated remediation and 

escalation routing are design objectives. Chen et al. (2020) show that in production-scale AIOps, participatory AIOps, 

requires these boundary conditions between machine action and human escalation to be explicit and auditable. 

Javeed et al. (2026) show that multi-task neural architectures can unify alert processing and incident prediction 

within the same operational pipeline, increasing coherence between the detection and response functions of the 

control plane. 

3.3 Formal Model: Incident Routing Latency Under Alert Volume 

During clinical peak periods, alert volumes increase substantially as care teams interact with clinical systems and 

batch processes compete with interactive workloads. Let n denote the number of concurrent alerts in the routing 

queue, and let L(n) denote expected per-alert routing latency. Under log-linear growth assumptions derived from He 

et al.'s (2021) empirical analysis of log processing latency at scale and consistent with queueing theory models for 

index-assisted classification tasks: 



Journal of Information Systems Engineering and Management 
2026, 11(3s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article 

 

 

 

 2512 Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

L(n)   =   alpha ∗  log(n)   +   beta                                             (1) 

where alpha is the per-alert latency coefficient under queue load and beta is the baseline routing latency at minimal 

queue depth. The log-linear form shows how pre-computed routing tables and index-based alert classification 

provide sub-linear scaling for larger systems. Equation 1 motivates the caching design in Section 5: by maintaining 

routing rule caches and alert signature indices, HARA preserves the beta baseline as n grows, preventing latency 

degradation during clinical peak periods. 

3.4 Formal Model: Cache Hit Efficiency 

Routing rule lookups, topology queries, and alert classification decisions depend on operational data, dependency 

graphs, policy tables, and known failure signatures that are expensive to recompute but stable over operational 

timescales. Let H(t) denote cache hit rate as a function of post-cold-start elapsed time t, and let lambda be the 

convergence rate parameter: 

H(t)   =   1  −   exp(−lambda ∗  t)                                           (2) 

Equation 2 models the exponential approach to steady-state hit rate following cache cold start or invalidation. A 10:1-

50:1 ratio of T_miss to T_hit in industrial microservice deployments (Li et al. 2022) shows that cache design is a 

leading contributor to operational latency. Thus, stale topology remains a meaningful contributor to misdirected 

incident response (Li et al. 2022), motivating event-driven topology invalidation in healthcare AIOps, where Layer 2 

must be notified of topology changes (deployments and decommissions) to clinical systems. 

4. MICROSERVICES AND EVENT-DRIVEN DESIGN FOR CLINICAL ENVIRONMENTS 

4.1 Clinical IT Microservice Decomposition 

HARA decomposes the Healthcare Intelligence and Orchestration layer into independently deployable microservices, 

each with a distinct clinical IT function and governance scope. The principal services are a clinical event consumer 

that subscribes to and validates HL7 FHIR API and infrastructure event streams; an alert enrichment service that 

applies contextual metadata from the topology cache, including system criticality, patient-facing status, and current 

SLA window; an alert classification and routing service that applies Algorithm 2 to produce triage decisions; and a 

notification and action dispatcher that executes auto-remediable actions or routes escalation notifications with 

explainability payloads. 

As Soldani & Brogi (2022) observe, microservice decomposition enables governance boundaries to be assigned at the 

level of each service in cloud-native applications, which is a requirement in a healthcare IT services landscape with 

data subject to different regulations. Service decomposition makes governance differentiation explicit and 

enforceable at the architecture level. 

4.2 Event-Driven Architecture for Clinical Operations 

Event-driven architecture conditions computation on meaningful operational occurrences rather than on polling 

schedules. Clinical IT operations are inherently event-driven: HL7 ADT messages, FHIR API error responses, 

laboratory result delivery notifications, and clinical device connectivity events are all discrete occurrences that carry 

actionable information. Processing them at arrival time reduces both latency and unnecessary compute compared to 

polling-based architectures. 

According to Chen et al. (2020), alert noise reduction [is], a prerequisite for smart incident management production: 

event-driven processing and the triage step of Algorithm 1 can filter noise before an incident is escalated. In clinical 

IT environments, where on-call clinical and engineering teams are limited, the cost of unnecessary escalation is high, 

both in terms of alert fatigue and clinical workflow disruption. The event-driven model reduces unnecessary 

escalation at the architectural level rather than through post-hoc filtering. 

4.3 Governance Isolation by Service Boundary 

Each microservice in HARA carries explicit governance attributes assigned at deployment: data classification level, 

access control scope, audit logging depth, and explainability requirement tier. Li et al. (2022) find that per-service 
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observability instrumentation generates better operational signals than aggregated platform-level metrics, because 

aggregated metrics lose the attribution context needed to diagnose root causes. HARA extends this principle to 

governance: per-service governance assignment preserves the attribution context needed for compliance auditing, 

enabling the architecture to demonstrate that each data processing step met its regulatory obligations. 

5. CONTAINERIZATION, ORCHESTRATION, AND INTELLIGENT CACHING 

5.1 Container Deployment for Healthcare AI Models 

Model serving in healthcare AIOps imposes requirements beyond those of general enterprise model serving: 

deployment must be auditable and reproducible, enabling compliance teams to verify which model version was active 

during any given incident; deployment must support rapid rollback to previous versions when model degradation is 

detected; and deployment environments must satisfy the same security controls as clinical IT infrastructure. 

Container-based deployment satisfies these requirements through immutable container images with declared 

dependencies, producing verifiable deployment histories. Burns et al. (2016) describe the Kubernetes scheduling 

framework; HARA's orchestration layer adopts Kubernetes with healthcare-specific scheduling policies: model 

serving containers for critical clinical-domain detection tasks receive guaranteed quality-of-service class allocation; 

background retraining jobs are assigned burstable quality-of-service with throttling during clinical peak periods. 

5.2 Kubernetes Orchestration for Clinical Workload Variability 

Healthcare IT workloads exhibit predictable temporal patterns: high clinical IT activity during business hours and 

shift changes, with reduced interactive load overnight and on weekends, partially offset by scheduled batch 

processing. The orchestration layer of HARA uses Kubernetes' horizontal pod autoscaling functionality to scale model 

serving capacity in response to predictions of clinical event rates and alerts (Larsson et al. 2020). Larsson et al. (2020) 

also discuss etcd I/O bottlenecks as a practical performance limit of Kubernetes in a setting with high churn rate of 

services registering for load balancing. HARA ameliorates this problem using static service registration schedules 

coinciding with clinical deployments. 

5.3 Tiered Intelligent Caching 

The cache hit rate model from Equation 2 motivates a three-leveled caching architecture inside the Clinical Data 

Observability layer of HARA for responding to Layer 1 enrichment and Layer 2 classification queries: 

L1: Embedding Cache: Vector representations of clinical system entity profiles, alert signatures, and historical 

incident fingerprints. Short TTL to match models' retraining frequency. Serves anomaly detection and alert 

classification models with pre-computed feature representations. 

L2: Topology Cache: A clinical IT dependency graph, consisting of service dependencies, patient-facing systems, 

SLA tiers, and the operational states of clinical IT services. Write-through invalidation on infrastructure topology 

change events can prevent the stale-topology failure mode described by Li et al. (2022). 

L3: Policy Cache: The governance policy set including escalation thresholds, RBAC rules, clinical-domain 

sensitivity classifications, and compliance reporting configurations. Write-through invalidation on policy update 

events, serving Layer 3 real-time policy enforcement without database round-trip latency for every alert decision. 

5.4 Formal Model: Inference Cost Under Model Pruning 

Healthcare IT environments frequently operate on constrained on-premises infrastructure due to data residency 

requirements and clinical network isolation. Model pruning reduces inference compute cost by zeroing low-

magnitude weights. Let C_f denote the full-model inference cost, rho the weight pruning sparsity ratio, and k the 

number of model layers: 

C_p  =   C_f ∗  (1 −  rho)^k                                                      (3) 

Kreuzberger et al. (2023) establish model compression as a standard MLOps design decision for constrained 

deployment environments. Equation 3 shows that pruning savings compound across layers: a model with k = 4 layers 

pruned to rho = 0.5 sparsity achieves C_p = 0.0625 * C_f, a sixteen-fold inference cost reduction. The practical 



Journal of Information Systems Engineering and Management 
2026, 11(3s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article 

 

 

 

 2514 Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

threshold is the minimum rho that maintains detection accuracy above the clinical IT governance-specified 

minimum, a parameter calibrated per model through the MLOps evaluation pipeline in Section 6. 

6. COMPUTATION EFFICIENCY AND MLOPS IN HEALTHCARE IT 

6.1 Feature Selection and Clinical Signal Prioritization 

Healthcare IT event streams contain high-dimensional feature spaces: structured log fields, semi-structured HL7 

message fields, infrastructure metrics, and derived contextual features. Not all features carry equivalent predictive 

signals for anomaly detection and alert classification. He et al. (2021) explored the variable importance ranking for 

log-based failure detection and showed that structured fields (severity, component, error code) contain substantially 

more predictive signal than unstructured text fields for real-time routing decisions, whereas all fields are important 

when performing offline model training. The Intelligence layer of HARA uses a pre-clinical IT domain variable 

importance filter to reduce the set of fields used for inference in a timely manner. 

6.2 MLOps Lifecycle in Healthcare IT 

Each stage of the MLOps lifecycle may have additional governance requirements for healthcare IT, for example, 

healthcare-required data pipelines must maintain an audit trail of access in compliance with healthcare privacy 

legislation. Bias and fairness tests should also be conducted, in the spirit of equity obligations in Section 8.3. Model 

deployment must be gated by change management approval aligned to clinical IT governance processes. Monitoring 

must include clinical domain drift detection, since changes to EHR versions, clinical workflows, or patient population 

characteristics can shift the operational event distribution in ways that degrade detection model performance. 

Kreuzberger et al. (2023) establish the architectural components of a mature MLOps system; Syed et al. (2020) 

establish that automated processes in regulated environments require explicit governance of automation boundaries 

and human override capabilities. HARA's MLOps integration incorporates both: the governance boundary is 

enforced by Algorithm 2's escalation thresholds, and Algorithm 1 manages the retraining lifecycle with human 

approval gates. 

6.3 Algorithm 1: Adaptive Clinical Model Retraining Trigger 

There are multiple drivers of clinical model drift: migration to an upgraded version of EHR, changes in clinical 

workflows, seasonality of patient load, and change in clinical IT system portfolio. Algorithm 2 analyzes the 

performance metrics stored for the models and compares against baseline thresholds (Table 2) to flag a trigger based 

on severity of drift with cost O(1). 

Algorithm 1: Adaptive Clinical Model Retraining Trigger 

Input:  current performance metrics P = {accuracy, precision, recall, F1}, 

        baseline metrics P_0, drift threshold delta, severity threshold epsilon, 

        change management approval gate: awaiting_approval flag 

Output: retraining decision d in {NO_ACTION, WARN, RETRAIN, ESCALATE} 

 

 1.  drift <- compute_drift(P, P_0)    // e.g., Population Stability Index (PSI) 

 2.  IF drift < delta THEN 

 3.      d <- NO_ACTION;  log('drift nominal', drift);  RETURN d 

 4.  IF drift < epsilon THEN 

 5.      d <- WARN;  notify_mlops_team('drift approaching threshold', drift) 

 6.      log('drift warning', drift, P, P_0);  RETURN d 
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 7.  // drift >= epsilon: trigger retraining or escalate 

 8.  IF awaiting_approval THEN 

 9.      d <- ESCALATE;  notify_mlops_team('awaiting approval, drift critical');  RETURN d 

10.  IF sufficient_training_data_available() THEN 

11.      submit_change_request(current_model, updated_dataset) 

12.      d <- RETRAIN;  log('retraining submitted for approval', drift) 

13.  ELSE 

14.      revert_to_checkpoint(last_stable_version) 

15.      d <- ESCALATE;  notify_mlops_team('insufficient data, reverted', drift) 

16.  RETURN d 

 

Complexity: O(1) per evaluation cycle. 

Clinical note: Line 11 submits a change request; execution at Line 12 is gated by approval. 

 

7. ILLUSTRATIVE CASE VIGNETTES 

The three vignettes below are illustrative. All quantitative outcome references are sourced from cited published 

literature and attributed accordingly. No metrics originate from the author's employment history. 

7.1 Hospital Network Incident Management 

A multi-site hospital network operates EHR applications, clinical imaging platforms, pharmacy management 

systems, and laboratory interfaces across geographically distributed data centers. During clinical peak periods, 

morning shift changes, post-discharge documentation periods, and end-of-day order processing, event volumes on 

clinical IT systems increase substantially. Without automated incident management, there is a backlog at each of the 

three steps in the MTTR that require human intervention to triage. Bates et al. (2014) show how analytics applied to 

operations in health care can identify high-impact events from complex data streams. HARA applies this to IT 

operations. 

HARA's Layer 2 alert correlation reduces noise by showing the actual infrastructure incidents within the event 

stream. Algorithm 2 classifies incidents by clinical system type and impact score: incidents affecting the EHR 

application tier are routed to CLINICAL_ESCALATE regardless of confidence; infrastructure incidents in non-

clinical tiers qualify for AUTO_REMEDIATE if impact score and confidence thresholds are met. Chen et al. (2020) 

document that windowed alert correlation at production scale can reduce alert volumes by an order of magnitude 

while preserving incident fidelity; the noise reduction benefit translates directly to reduced on-call cognitive load and 

faster T_detect for genuine incidents. 

7.2 Laboratory and Imaging Systems Prioritisation 

Laboratory information systems and radiology information systems support time-sensitive clinical workflows. 

Critical laboratory values and emergency imaging results require immediate availability, making IT incidents 

affecting these systems categorically different from infrastructure incidents in non-clinical domains. To avoid this 

issue, HARA's governing document also states that LISs and RISs are the clinical systems defined in Algorithm 1; 

incidents happening in these systems are routed to CLINICALESCALATE with explanation payloads instead of being 

automatically remediated in infrastructure. 
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According to Adler-Milstein et al. (2015), clinical systems integration remains an important operational challenge in 

healthcare IT. Leveraging the L2 topology cache, HARA's topology-aware routing enables incidents to be routed 

according to system boundaries and levels of governance. This is further supported by Javeed et al. (2026), who show 

that multi-task neural architectures improve alert-to-incident attribution accuracy and thus the routing accuracy of 

Algorithm 1 in complex multi-system environments. 

7.3 Patient-Facing Digital Services 

A patient portal and appointment scheduling service are external clinical communication workloads with highly 

variable demand. HARA horizontally scales model serving containers for these services in Kubernetes based on event-

rate forecasts. This will ensure that response latency stays within SLA during peak demand. 

For a patient-facing service incident, HARA's alert enrichment service appends a patient-facing flag to the incident 

in the portal and scheduling systems. Algorithm 1 uses this flag to compute the incident's impact score omega (to 

increase its governance level). Chen et al. (2020) and Javeed et al. (2026) also require classifying incidents based on 

their impact on end users to implement smart incident management. HARA employs alert enrichment metadata for 

patient-facing service incidents. 

8. GOVERNANCE, PRIVACY, AND ALGORITHMIC ACCOUNTABILITY 

8.1 Algorithm 2: Healthcare Alert Triage and Escalation 

This property is realized in Algorithm 1, where HARA's Clinical Governance and Compliance layer implements the 

escalation policy by triaging each alert with no operator discretion based on its clinical system membership, impact 

score, and model confidence to produce a routing decision. Thus, the policy is embedded in the algorithmic structure 

operationalizing Shneiderman's (2020) recommendation that human-centered AI must embed oversight as a design 

property. 

Algorithm 2: Healthcare Alert Triage and Escalation 

Input:  alert a = {severity s, system_type sys, impact_score omega, confidence gamma, 

        affected_services A, is_patient_facing flag} 

Params: clinical_systems = {EHR, LIS, RIS, ICU_MONITORING, PHARMACY, TELEHEALTH} 

        omega_auto (auto-remediate threshold) 

        omega_clin  (clinical escalation threshold) 

        gamma_min   (minimum confidence for auto-remediation) 

Output: disposition d in {AUTO_REMEDIATE, INFRA_ESCALATE, CLINICAL_ESCALATE} 

        explanation E (mandatory for INFRA_ESCALATE and CLINICAL_ESCALATE) 

 

 1.  IF gamma < gamma_min THEN 

 2.      d <- CLINICAL_ESCALATE 

 3.      E <- generate_explanation(a, reason='low confidence');  log(a, d, gamma) 

 4.      notify_clinical_ops(a, E);  RETURN d 

 5.  IF sys in clinical_systems OR is_patient_facing THEN 

 6.      IF s >= CRITICAL OR omega > omega_clin THEN 

 7.          d <- CLINICAL_ESCALATE 
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 8.          E <- generate_explanation(a, reason='clinical system or patient-facing impact') 

 9.          notify_clinical_ops(a, E);  log(a, d, s, omega);  RETURN d 

10.  IF omega <= omega_auto AND gamma >= gamma_min THEN 

11.      d <- AUTO_REMEDIATE;  execute_remediation(a) 

12.      log(a, d, omega, gamma, model_version=active_model_id()) 

13.  ELSE 

14.      d <- INFRA_ESCALATE 

15.      E <- generate_explanation(a, reason='impact or confidence threshold') 

16.      notify_infra_oncall(a, E);  log(a, d, omega, gamma) 

17.  RETURN d 

 

Complexity: O(n log n) for n concurrent alerts (priority sort by omega * severity); 

O(1) per individual alert decision after sorting. 

 

8.2 Privacy Regulation and Data Governance 

Healthcare AIOps systems process operational data that frequently contains patient-identifiable information. EHR 

application logs, HL7 ADT messages, clinical device event records, and radiology workflow logs may all include 

patient identifiers as operational metadata. Price & Cohen (2019) establish that privacy risk in healthcare AI extends 

beyond data storage to any data processing pipeline that handles identifiable health information, including 

operational analytics pipelines. HARA addresses privacy risk through three mechanisms in Layer 1: de-identification 

preprocessing strips direct patient identifiers from operational event data prior to use in Intelligence layer inference; 

data minimization limits the fields collected from each clinical IT data source to those operationally necessary for 

anomaly detection; and purpose limitation restricts use of operational data to HARA's IT operations functions. 

Abouelmehdi et al. (2018) confirm that access control, encryption, and append-only audit logging represent the 

minimum required technical controls for any healthcare data analytics platform. HARA operationalizes these 

controls through five concrete mechanisms. First, all model versions deployed in the Intelligence layer are logged 

with a unique model identifier, deployment timestamp, and configuration hash, enabling compliance teams to 

reconstruct exactly which model version was active during any given incident. Second, feature snapshots are retained 

at each inference cycle, preserving the precise input state used to produce a routing or escalation decision for post-

hoc audit. Third, human-in-the-loop approval is required for all model updates before deployment, enforced through 

the change management gate in Algorithm 1 (Line 11), ensuring no model version reaches production without 

authorized review. Fourth, data minimization and purpose limitation are enforced at the Layer 1 collection boundary: 

only operationally necessary fields are collected from each clinical IT data source, and collected data is restricted to 

HARA's IT operations functions. 

8.3 Algorithmic Bias and Fairness in Healthcare IT 

The fairness obligations of healthcare AI extend to IT operations systems. Obermeyer et al. (2019) demonstrate that 

a widely deployed healthcare algorithm encoded significant racial bias through its use of healthcare cost as a proxy 

for health need. While HARA addresses IT operations rather than clinical AI, the same category of proxy bias can 

arise: if HARA's alert classification model systematically under-prioritizes incidents affecting systems primarily 

serving underserved patient populations, the result is an operational equity problem with clinical consequences. 

Mehrabi et al. (2021) survey bias types and mitigation strategies across the ML pipeline; HARA incorporates bias 

monitoring as a standard step in the MLOps evaluation pipeline, assessing alert priority distribution across clinical 
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domains at each evaluation cycle. Concretely, this takes three forms. Bias audits are conducted per service class and 

clinical department at each model evaluation cycle, comparing alert priority distributions across system types to 

detect systematic under-prioritization of any clinical domain. Drift detection thresholds are calibrated separately for 

each clinical domain rather than globally, so that distributional shifts in event patterns from underserved or low-

volume clinical IT environments do not fall below detection sensitivity. Formal change management for model 

updates requires that any model version change include a bias impact assessment as part of the change request 

submitted through Algorithm 1's approval gate, ensuring that a new model version does not introduce or amplify 

priority inequity before it reaches production. 

8.4 Explainability and Human Oversight 

Algorithm 2 mandates explanation generation for all CLINICAL_ESCALATE and INFRA_ESCALATE decisions. 

Each explanation covers contributing log signals, highest-attribution model features with direction and magnitude, 

and governance policy rules invoked in the routing decision. Adadi & Berrada (2018) establish XAI as a governance 

mechanism: unexplainable decisions cannot be audited, and unauditable decisions cannot be governed. In healthcare 

IT, for example, the principle underlies regulatory requirements for HIPAA compliance audit processes that require 

accountable automated decisions for patient-identifiable operational data. 

Converging principles identified by Jobin et al. (2019) from 84 international AI ethics guidelines arrived at eleven 

key issues. Accountability, transparency, and human oversight had the greatest consensus. According to 

Shneiderman (2020), human-centered AI must systematize oversight and integrate it into the architecture rather 

than using conventional procedures that could be overridden during high-stress operations. Algorithm 2 

operationalizes this principle by making CLINICAL_ESCALATE mandatory for clinical-system incidents regardless 

of model confidence; human review cannot be bypassed by threshold calibration. 

9. OPERATIONAL AND SOCIETAL IMPACT 

9.1 MTTR and Platform Reliability 

HARA targets all three MTTR components. T_detect is reduced through continuous Layer 1 anomaly detection 

applied to the full clinical IT event stream, catching incidents at the earliest observable signal. Equation 1's latency 

model shows that with proper caching, routing latency grows sub-linearly in alert volume, preserving T_detect even 

during clinical peak periods. T_diagnose is accelerated by He et al.'s (2021) log analysis pipeline integrated into Layer 

2, which produces root cause hypotheses from structured log patterns, and by topology-aware alert enrichment that 

provides incident context to the diagnosing engineer. T_resolve is governed by Algorithm 2: auto-remediable 

infrastructure incidents are resolved without human latency; clinical escalations are routed with full context and 

explanation, reducing diagnostic time in the escalation pathway by providing pre-computed attribution rather than 

raw telemetry. 

9.2 Healthcare Equity and Accessibility 

Reliable healthcare IT infrastructure has equity implications that extend beyond operational efficiency. When clinical 

IT systems fail, the operational burden falls disproportionately on high-volume care settings that serve underserved 

patient populations, environments where staff-to-patient ratios are often lower and manual workarounds are more 

disruptive to care delivery. Davenport & Kalakota (2019) note that AI in healthcare operations must be evaluated not 

only for efficiency gains but also for the equitable distribution of those gains. HARA's governance model directly 

addresses these issues through the bias monitoring requirement in Algorithm 2 and the mandatory clinical escalation 

policy in Algorithm 2, which prevents automated systems from underserving clinical IT domains that serve 

vulnerable populations. Topol (2019) identifies infrastructure reliability as an enabling condition for the convergence 

of human and artificial intelligence in high-performance medicine: AI-assisted clinical decision support is only as 

reliable as the IT infrastructure on which it runs. 

9.3 Future Directions 

Three research directions emerge from this work. First, federated AIOps across health systems would allow anomaly 

detection models to be trained on multi-institutional clinical IT event data without centralizing sensitive operational 
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data, addressing the data residency constraints that limit single-institution model quality while preserving privacy 

compliance. Second, carbon-aware clinical IT scheduling would route non-urgent compute workloads, batch 

retraining jobs, scheduled analytics, and report generation to periods of low-carbon grid intensity, extending HARA's 

efficiency design into sustainability. Third, the co-evolution of clinical AI governance and IT operations governance 

deserves attention: as real-time clinical AI becomes more prevalent, the governance of the IT operations systems that 

underpin it cannot be treated independently of the governance of the clinical AI itself. Shneiderman (2020) argues 

that reliable, safe, and trustworthy AI requires integrated governance across all layers of the AI system stack; HARA 

provides an architectural foundation for the IT operations layer of that stack. 

10. CONCLUSION 

This paper has presented the Healthcare AIOps Reference Architecture (HARA), a three-layer framework for 

applying enterprise AI operations to healthcare IT infrastructure. HARA fills a gap in the existing AIOps literature: 

the absence of a design-level framework that adapts AIOps principles to the operational, regulatory, safety, and equity 

constraints of clinical IT environments. The three-layer architecture, Clinical Data Observability, Healthcare 

Intelligence and Orchestration, and Clinical Governance and Compliance, provides a principled foundation for 

healthcare IT architects seeking to deploy AIOps capabilities within compliance boundaries. The formal contributions 

include three theoretical equations for incident routing latency, cache hit efficiency, and inference cost under model 

pruning, as well as two pseudocode algorithms with complexity analysis for healthcare alert triage and adaptive 

model retraining, providing design tools grounded in the published AIOps and healthcare IT literature. The case 

vignettes demonstrate how HARA addresses distinct clinical IT operational contexts. The governance design, 

including privacy-preserving data handling, algorithmic bias monitoring, mandatory explainability, and structurally 

embedded human oversight, addresses the regulatory and equity obligations that distinguish healthcare AIOps from 

general enterprise AIOps. As healthcare organizations continue to expand their digital infrastructure and as AI 

becomes more pervasive in clinical workflows, the operational quality of the IT systems supporting those workflows 

will have increasingly direct implications for patient care. HARA provides an architectural foundation for managing 

that infrastructure with the reliability, accountability, and equity that clinical environments require. 

Limitations. Several limitations of this work should be acknowledged. HARA is a design-level framework and has 

not been empirically validated in live hospital IT environments; the architecture's operational claims are grounded 

in cited published literature rather than primary deployment data. The three formal equations are theoretical models 

whose parameters, specifically alpha and beta in Equation 1, lambda in Equation 2, and rho and k in Equation 3, 

require calibration against real operational telemetry to yield actionable performance predictions. The case vignettes 

are illustrative rather than outcome-validated: quantitative outcome references are sourced from cited literature and 

attributed accordingly, but no claim is made that deploying HARA in any specific hospital environment would 

reproduce those figures. Finally, the governance design reflects HIPAA-aligned regulatory assumptions applicable to 

US healthcare contexts; organizations operating under other jurisdictional frameworks, including GDPR-governed 

environments or national health system regulatory regimes, would need to adapt the compliance interfaces in Layer 

3 accordingly. 

Future Work. Four directions emerge from these limitations. First, empirical validation in live hospital IT 

operations is the most pressing research need: a prospective deployment study measuring T_detect, T_diagnose, and 

T_resolve before and after HARA adoption would establish the framework's operational value in practice. Second, 

federated AIOps across multi-hospital systems would enable anomaly detection models to train on multi-institutional 

clinical IT event data without centralizing sensitive operational data, addressing data residency constraints that limit 

single-institution model quality while preserving privacy compliance. Third, carbon-aware scheduling for clinical AI 

workloads would extend HARA's efficiency design to sustainability by routing non-urgent compute tasks to periods 

of low-carbon grid intensity. Fourth, a comparative study of reactive IT service management versus AI-assisted 

operations in healthcare would provide practitioners with evidence-based guidance on adoption scope and 

governance tradeoffs 
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Supplementary Tables 

Table 1. Healthcare AIOps Reference Architecture (HARA) Component Mapping 

Layer Component Clinical IT Function AIOps Role 

Layer 1: Clinical 

Data Observability 

EHR event collector 
Ingest EHR application logs 

and session events 

Provides anomaly detection 

training signal (He et al., 2021) 

HL7/FHIR monitor 
Monitor clinical interface 

message delivery 

Detects interface failures and 

message drops 

Infrastructure 

metrics aggregator 

Collect CPU, memory, 

network, storage metrics 

Feeds multi-source AIOps 

correlation (Notaro et al., 2021) 

Clinical alert 

ingestor 

Receive device and clinical 

system alerts 

Alert enrichment input for 

Algorithm 2 

De-identification 

preprocessor 

Strip patient identifiers from 

operational data 

Enables privacy-compliant 

analytics (Price & Cohen, 2019) 

Layer 2: Healthcare 

Intelligence & 

Orchestration 

Anomaly detection 

models 

Detect deviations in clinical 

IT event patterns 
Real-time detection, feeds routing 

Log analysis engine 
Parse and analyse clinical IT 

log streams 

Root cause hypothesis generation 

(He et al., 2021) 

Alert correlation 

module 

Group related clinical IT 

events into incidents 

Noise reduction feeds Algorithm 2 

(Chen et al., 2020) 

Incident 

orchestrator 

Route classified incidents to 

response tier 

Executes Algorithm 2. routing 

decisions 

Model lifecycle 

manager 

Manage model versions, 

drift, retraining 

Executes Algorithm 1 

(Kreuzberger et al., 2023) 

Layer 3: Clinical 

Governance & 

Compliance 

Tiered escalation 

dispatcher 

Execute 

AUTO_REMEDIATE or 

notify escalation path 

Enforces governance boundary 

(Shneiderman, 2020) 

HIPAA-aligned audit 

logger 

Record all actions with 

attribution and context 

Compliance audit trail 

(Abouelmehdi et al., 2018) 

Clinical RBAC 

module 

Enforce per-domain access 

controls 

Governance boundary (Jobin et 

al., 2019) 

Explainability 

reporter 

Generate explanations for 

escalated decisions 

XAI-as-governance (Adadi & 

Berrada, 2018) 
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Table 2. Illustrative Case Vignette Comparison 

Vignette IT Problem HARA Pattern Applied 
Source-Cited Outcome 

Metric 

A: Multi-site 

hospital network 

High alert volume during 

clinical peak periods 

overwhelms manual triage 

Layer 2 alert correlation + 

Algorithm 2 clinical/infra 

routing 

Alert volume reduction of 10:1 

to 100:1 through windowed 

correlation (Chen et al., 2020) 

B: Laboratory 

and imaging 

systems 

LIS/RIS incidents require 

differentiated response 

from non-clinical IT 

incidents 

Algorithm 2 

CLINICAL_ESCALATE 

path for clinical_systems 

set: topology-aware 

routing via L2 cache 

Topology-based routing reduces 

misdirected incidents; stale 

topology identified as primary 

cause (Li et al., 2022) 

C: Patient-facing 

digital services 

Demand variability on 

patient portal causes 

latency spikes; incidents 

require patient-impact 

classification 

Kubernetes HPA for portal 

service scaling; patient-

facing flag in alert 

enrichment elevates 

omega in Algorithm 2 

Multi-task neural unified alert 

processing improves attribution 

accuracy (Javeed et al., 2026) 

 



  L ( n )     =     alpha   ∗   log ( n )     +     beta


  H ( t )     =     1     −     exp ( − lambda   ∗   t )


  C _ p     =     C _ f   ∗   ( 1   −   rho ) ^ k

