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ARTICLEINFO ABSTRACT

Healthcare IT systems operate under strict availability requirements and support
complex, interdependent workflows such as prescription fulfillment and claims
adjudication. While modern observability platforms improve detection and diagnosis
of system issues, they are primarily used for monitoring rather than control, leaving
reliability objectives weakly enforced at the workflow level.

This paper presents a conceptual engineering framework that treats service level
objectives (SLOs) and error budgets as runtime control inputs within a feedback-
driven, self-healing architecture. Observability signals are continuously evaluated
against these inputs to detect deviations, and bounded automated actions are applied
to steer the system toward acceptable operating conditions while limiting unintended
impact. The framework introduces a multi-layer SLO model spanning infrastructure,
service, and workflow levels, and defines error budget burn rate as a primary control
signal for proportional response. It also outlines control loop design patterns and
stability mechanisms, including damping, cooldown intervals, and scoped actions.
Rather than guaranteeing absolute reliability, the approach enables bounded and
measurable reliability enforcement aligned with end-to-end workflow outcomes,
providing a structured path from observability to actionable reliability engineering in
healthcare IT systems.
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I. INTRODUCTION
A. Context and Motivation

Healthcare IT systems have evolved from administrative record-keeping into real-time operational platforms central
to patient-facing processes such as prescription fulfillment, insurance claims adjudication, clinical decision support,
and patient scheduling. These functions depend on multiple distributed software services coordinating through
asynchronous queues, third-party payer APIs, regulatory data exchange protocols, and cloud-native microservice
networks. This architecture creates a broad failure surface where a single dependency failure can disrupt workflows
for many end users. Evidence demonstrates that well-functioning health IT reduces medication errors and improves
patient safety, but only when all system components operate reliably [10]. Observability platforms incorporating
distributed tracing, structured logging, and real-time metrics have become industry standard for monitoring these
environments [11], yet visibility alone does not enforce reliability — systems may detect degradation without any
structured mechanism to respond to it [5].

B. Problem Statement

In healthcare IT systems, reliability objectives are defined but not operationalized as part of runtime control logic.
SLOs and SLAs exist in documentation and dashboards but do not directly influence system behavior during
execution. Observability is treated as a reporting layer rather than a feedback mechanism, allowing deviations from
reliability targets to persist longer than necessary and requiring manual intervention to resolve. A further structural
gap exists between infrastructure-level metrics and workflow-level outcomes: infrastructure availability may appear
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acceptable while end-to-end transaction success rates — such as prescription completion or claim adjudication — are
actively degrading. A framework is therefore required in which observability signals act as continuous control inputs,
linking measured system state, reliability targets, and bounded automated actions to maintain behavior within
defined workflow-level bounds.

C. Literature Gap

Common approaches to dependability in healthcare IT include fault tolerance, redundancy, and disaster recovery. A
systematic review of 142 dependability patterns found sufficient coverage for most design problems, but noted that
many patterns require adaptation for modern distributed architectures [1]. SRE practices such as error budgets and
SLO-based operational decision-making have demonstrated measurable reliability improvements in large-scale
internet services [4], yet their application to healthcare IT — where reliability must be measured at the level of clinical
and financial transaction outcomes — remains largely unexplored. Critically, no existing framework integrates SLOs,
error budgets, and observability into a closed-loop control system at the workflow level, leaving a structural gap
between what systems can detect and what they can autonomously enforce.

D. Contribution

This paper proposes a control-oriented framework for operationalizing reliability in healthcare IT systems. The
contributions are:

° Formalization of SLOs as Control Inputs: Reframes SLOs from passive monitoring metrics into
active runtime variables that govern system behavior continuously.

° Error Budget Burn Rate as Dynamic Control Signal: Quantifies the rate of reliability degradation to
trigger proportional, graduated automated responses rather than binary threshold alerts.

° Closed-Loop Control Architecture for Workflow-Level Reliability: Establishes a feedback-driven
model integrating observability, SLO evaluation, and bounded automated action to maintain end-to-end workflow
outcomes within defined reliability bounds.

° Multi-Layer SLO Model: Defines aligned SLOs across infrastructure, service, and workflow layers, with
workflow-level outcomes serving as the primary control variable.

° Stability Constraints for Distributed Systems: Introduces damping factors, cooldown intervals, and
scoped action boundaries to prevent oscillation and limit unintended side effects in distributed healthcare
environments.

The framework integrates established SRE and control theory principles into a unified model tailored to workflow-
level reliability in healthcare IT systems.

II. BACKGROUND AND RELATED WORK

A. Site Reliability Engineering and Error Budgets

Site reliability engineering suggested treating infrastructure operations as a software engineering discipline. Within

this discipline, the SLO and the error budget are core operational abstractions [4]. SLOs define a constraint on a
feature of service behavior while the error budget defines a defined amount of deviation within a given time period.
In SRE practice, where the error budget is burned faster than desired when developing features, operational policy is

switched from feature delivery to system stability and repair. In a report on SRE practice, one deployment was able

to reduce system errors to below 1% within three months of deploying SLO monitoring, latency notifications, and a
structured incident response team [4]. Such an outcome highlights the practical value of codifying reliability
expectations under automated governance.

The SRE maturity model provides a sequential framework of chaotic, reactive, proactive, managed and optimizing
stages to institutionalize the process of reliability engineering [4]. In the domain of healthcare IT, a similar model
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describes the increasing ability to measure and enforce workflow-level SLOs through automated control mechanisms
instead of a human incident response workforce.

B. Observability in Distributed Systems

In engineering, observability is the ability to infer a system's internal states by observing the outputs. In distributed
microservice architectures, observability is usually implemented using metrics, distributed traces, and structured logs

[5]. An observability survey of the distributed edge and container-based microservices found that heterogeneous

deployments create fundamental challenges in correlating across service boundaries, and unified instrumentation
frameworks are required for production-grade observability [5]. Telecom scale cloud-native observability
implementations show that end-to-end observability requires continuous application-level tracing with integrated
infrastructure-level telemetry [6].

Network-centric distributed tracing approaches showed that zero-instrumentation tracing at the kernel and network
layer is an effective means for getting visibility into dependency calls across microservice meshes without modifying
the source code [7]. Systems performing root cause analysis over distributed trace data achieved top-1 accuracy of
66.7% and top-5 accuracy of 95.6% on production incident datasets , and at least 72.3% precision improvements over
correlation-based baselines [3]. These results show the applicability of automated, trace-driven diagnostic systems
as a foundation for SLO-aware control loops.

C. Feedback Control Theory Applied to Computing Systems

Feedback control theory provides the mathematical tools to analyze the designed controlled system and ensure it is
stable in the presence of disturbances. A closed control loop consists of a measurement element, a comparator, a

controller, and an actuator. These components measure a quantity, compare it with a set point, compute an error

signal, and perform some control action. [8] Feedback control using observations has been used for resource
management of web servers to achieve per-class response time requirements in the presence of dynamic changes in
the workload arrival rates, resource bottlenecks, and demands. To silence oscillation, an adjustment algorithm

stabilizes CPU and accepts queue delays during these changes [9].

Another desirable property of a well-tuned feedback control system is its ability to tolerate large relative changes in
the setpoint without diverging. For web-server scheduling under feedback control, it was shown experimentally that

large, relative changes in response time objectives do not produce oscillation. This suggests that the choice of
damping and adaptation periods in the controller are reasonable [9]. Hence, these results form the basis of stability

design principles for the proposed framework .

D. Healthcare IT Reliability: Current State

Customarily in healthcare IT, reliability depends on redundancy of infrastructure, including failover mechanisms and
manual intervention in response to issues to help deliver high availability. Patient safety metrics for technology-
assisted treatment have shown that planned monitoring frameworks have the potential for detecting adverse events

and reducing them. Unfortunately, these frameworks tend to only be applied in a retrospective manner. [12] A

systematic mapping study on software-engineering patterns finds that reliability is one of the most common problems
in IT systems, that there are a number of pattern-based solutions, and that while patterns work for small systems,
they need adaptation for large distributed systems [1].

The problem with this is that it measures infrastructure reliability, not workflow output. The infrastructure might
report high availability, but clinical or financial transactions are not being completed at an acceptable rate through
the workflow. The framework we propose addresses the gap between the user's metrics and the infrastructure metrics
directly [11][12].

Copyright © 2026 by Author/s and Licensed by [ISEM. This is an open access article distributed under the Creative Commons Attribution License 2436

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



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

e-ISSN: 2468-4376

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

III. SLO-DRIVEN CONTROL FRAMEWORK

A. SLOs as Control Variables

Traditional monitoring systems evaluate SLOs retrospectively. In contrast, this framework treats SLOs as runtime
control variables that define acceptable system behavior.

Let:

° M(t): observed system metric at time t

° SLO: target threshold

° E(t) = SLO — M(t): deviation from target

° BurnRate(t): rate of error budget consumption at time t

The control function governing automated system response is defined as:
Action(t) = f(E(t), BurnRate(t))

where the action selected is jointly determined by the magnitude of deviation and the rate at which the error budget
is being consumed. This formulation ensures that responses are proportional rather than binary — small deviations
with low burn rates yield observational responses, while large deviations with accelerating burn rates trigger
progressively stronger corrective actions.

Threshold ranges for E(t) are defined as follows:

Deviation Range Interpretation
Et) <o SLO met; no action required
0 < E(1) < 0.05 x SLO Minor deviation; monitor closely

0.05 x SLO < E(t) < 0.15 x
Moderate deviation; prepare mitigation
SLO

E(t) > 0.15 x SLO Significant deviation; trigger intervention

The mapping of burn rate to action intensity is defined in Section C and governs the final action selected when
deviation thresholds are crossed. Workflow-level SLOs are prioritized as they directly represent user-facing outcomes
such as prescription completion rate and claim processing latency. Infrastructure and service-level signals act as
leading indicators, enabling early detection and intervention before workflow-layer degradation is observed.

This approach shifts reliability management from threshold-based alerting to continuous, feedback-driven control.
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Fig. 1. SLO-Driven Control Framework for Healthcare IT Systems
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Figure 1: SLO-Driven Control Framework for Healthcare IT Systems

B. Multi-Layer SLO Definition

This framework propagates SLOs across different architectural layers. Infrastructure SLOs provide resource
availability limits and early warning signals for states that precede workflow failure. Service SLOs specify API-level
constraints on request success rates and processing latency. Workflow SLOs define end-to-end transaction outcomes
directly tied to patient-facing or financial processes and serve as the primary control variable in this framework.

To reflect the consequence asymmetry of different workflows in healthcare IT, this framework introduces three
workflow criticality tiers, each mapped to distinct SLO thresholds and burn rate trigger sensitivities:

Workflow Availability
Criticality Tier Examples SLO Latency SLO | Burn Rate Trigger
Prescription Highest Moderate burn rate
Tier 1: Clinical / processing, Clinical availability Tightest triggers immediate
Life-Critical Decision Support requirement latency bound | action
Intermediate High burn rate
Tier 2: Time- Claims adjudication, availability Intermediate triggers automated
Sensitive Prior authorization requirement latency bound | intervention
Baseline
Tier 3: Reporting, Scheduling, | availability Widest latency | Critical burn rate
Administrative Audit logging requirement bound triggers intervention

Table 1. Workflow Criticality Tiers and Corresponding SLO and Burn Rate Trigger Mapping [4, 10,

12]
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The tiered structure ensures that control sensitivity is asymmetric by design — Tier 1 workflows trigger automated
responses earlier and with greater intensity than Tier 3 workflows, preventing clinical transaction degradation from
being treated with the same urgency as administrative reporting delays. This calibration directly reduces the risk of
patient-safety-relevant failures going wunaddressed during periods of partial system degradation.
Tier 1 workflows carry the highest patient safety risk and therefore operate under the tightest SLO thresholds and the
most sensitive burn rate triggers. Tier 3 workflows tolerate greater deviation before automated action is initiated.
This tiered model ensures that control responses are calibrated to clinical and operational risk rather than applied
uniformly across all workflow types [10], [12].

Control decisions are primarily driven by workflow-layer SLO status, while infrastructure and service metrics serve
as forecasting signals to enable intervention before degradation surfaces at the workflow layer. For cloud-native
architectures, instrumentation is required across all three layers to maintain a coherent reliability signal. Gaps in any
layer create blind spots that prevent accurate burn rate calculation and informed control decisions [6], [13].

C. Error Budget Burn Rate Classification

The error budget burn rate — the rate at which available error budget is consumed relative to the planned depletion
rate — is the primary control signal of this framework. Four operating states are defined based on burn rate ranges,
each mapped to a specific action intensity:

System
Burn Threshol Budget Operat
Rate d Range | Consumpti | ional Action Automated Stakeholder
State on Pattern | State | Intensity Response Action
<1x Within None —
planned planned observatio | Monitor and No intervention
Low rate depletion Stable nal observe required
1x—2Xx Slightly Early Prepare
planned above degrada | Low — mitigation; alert | Review signal
Moderate | rate planned rate | tion advisory teams trends
2X—5X% Active Trigger targeted
planned Significantly | degrada | Medium — | automated Initiate incident
High rate accelerated | tion corrective | intervention review
Enforce
> 5% Severe stabilization; Escalate and
planned Rapid near- | degrada | High — restrict non- authorize
Critical rate exhaustion tion aggressive | critical load extended actions

Table 2. Error Budget Burn Rate Classification and Automated System Response Policy [4, 12]

The four-state classification prevents binary, threshold-only alerting by introducing graduated response intensities
that scale with the rate of reliability degradation rather than its absolute magnitude alone. A system consuming its
error budget at twice the planned rate warrants preparation and advisory action, not silence — and this distinction is
what separates proactive reliability enforcement from reactive incident response.

Action intensity scales with burn rate severity. At the Low state, the system remains in observation mode with no
automated intervention. At the Moderate state, low-intensity advisory actions such as alerting on-call teams and pre-
staging mitigation resources are initiated. At the High state, medium-intensity corrective actions such as traffic
rerouting, replica scaling, or cache reinforcement are triggered automatically. At the Critical state, high-intensity
stabilization measures including load shedding for lower-criticality workflows and circuit breaker enforcement are
applied to protect Tier 1 workflow continuity.
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Burn rate triggers are further adjusted by workflow criticality tier. For Tier 1 workflows, a Moderate burn rate is
sufficient to trigger automated corrective action. For Tier 3 workflows, intervention is deferred until the Critical state
is reached, preserving system resources for higher-priority processes [4], [12].

D. Example Workflow Execution

Toillustrate the operation of the control framework, consider a scenario involving a prescription fulfillment workflow
in a cloud-native healthcare IT environment.

Scenario: Degradation in Prescription Fulfillment Workflow

The prescription fulfillment workflow is initially operating within its Tier 1 SLO targets for availability and processing
latency. The error budget burn rate is within the planned depletion rate, placing the system in the Low state under
observation mode with no automated intervention active.

A downstream pharmacy integration service subsequently begins experiencing elevated response times due to
increased queue depth. Infrastructure-layer signals detect resource pressure on the integration service before the
degradation surfaces at the workflow layer. Observed workflow latency rises above the Tier 1 SLO threshold,
producing a moderate deviation in E(t). The burn rate crosses into the Moderate range — between 1x and 2x the
planned depletion rate. Per the control function Action(t) = f(E(t), BurnRate(t)), a Low-intensity advisory response
is selected: the on-call engineering team is alerted, mitigation resources are pre-staged, and enhanced trace collection
is initiated on the affected service path.

As queue depth continues to grow, the latency deviation increases further and the burn rate accelerates into the High
range — between 2x and 5x the planned rate. The framework selects a Medium-intensity corrective response:
additional replicas of the integration service are automatically scaled, request routing is shifted toward healthy
instances, and a circuit breaker is armed on the degraded dependency path.

Stabilization Outcome: Post-action observability signals confirm that workflow latency returns within the Tier 1
SLO threshold and the burn rate decreases to the Low state. A cooldown interval is enforced before any further
automated actions are permitted, preventing oscillation. The framework contained the degradation event without
manual intervention, maintained Tier 1 SLO compliance through proportional corrective action, and returned the
system to stable operating conditions within defined bounds. The error budget consumed during the event remained
within acceptable limits, preserving operational flexibility for the remainder of the budget window.

IV. CONTROL LOOP ARCHITECTURE AND STABILITY DESIGN
A. Feedback Control Loop Design

A. Feedback Control Loop Design

The proposed method is built around a closed feedback control loop that continuously monitors system state against
SLO constraints and initiates bounded corrective actions when deviations are detected. The loop maps directly to the
classical control theory components of measurement, comparison, control, and actuation, each instantiated with
inputs and outputs appropriate for distributed healthcare IT environments.

The measurement stage is served by the observability layer. Metrics, distributed traces, structured logs, and workflow
completion events are continuously collected and correlated across service boundaries to produce a unified view of
live system state. Gaps in instrumentation at any architectural layer produce blind spots that prevent accurate burn
rate computation and compromise downstream control decisions [5], [6], [7].

The comparator evaluates correlated system state against SLO targets at each architectural layer. Infrastructure
availability, service-level API success rates, and workflow-layer transaction completion rates are each assessed
against their respective thresholds. The deviation signal E(t) = SLO — M(t) is computed continuously, quantifying the
gap between observed behavior and the reliability target.

The controller applies burn rate logic to translate the deviation signal into a classified operating state and
corresponding action intensity. Burn rate is computed relative to the planned depletion rate and classified into the
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Low, Moderate, High, or Critical states defined in Section III.C. Action intensity is selected proportionally, with
workflow criticality tier modulating trigger sensitivity so that Tier 1 workflows receive earlier and stronger responses
than Tier 3 workflows for equivalent burn rate values [4], [12].

The actuator executes bounded automated actions selected by the controller. The action space is constrained to the
affected component or dependency path, governed by cooldown intervals and damping factors that limit the
magnitude of each corrective adjustment. Governance policies specify which actions execute autonomously and
which require operator approval [15]. Post-action observability signals are fed back into the measurement stage,
closing the loop and confirming whether stabilization has been achieved or whether escalation is warranted.

B. Stability and Oscillation Prevention

Feedback control systems in distributed software environments are susceptible to oscillation — the repeated
application of corrective and counter-corrective actions that destabilize system behavior rather than resolving it.
Empirical evidence from observation-based web server control demonstrates that oscillation is suppressed by
extending the adaptation interval following a setpoint change, with stable behavior maintained even under large
relative workload shifts when the adaptation period is appropriately scaled [9]. The proposed framework applies
three structural constraints to enforce equivalent stability in healthcare IT environments.

Cooldown intervals impose a mandatory waiting period between successive automated actions targeting the same
component, preventing the control loop from reacting to transient post-action fluctuations before the first
intervention has taken effect [8], [9].

Maximum action frequency is bounded per component within a defined observation window. When this limit is
reached without confirmed stabilization, the system escalates to operator review rather than continuing autonomous
action. This ceiling prevents runaway automation in scenarios where the root cause lies outside the controllable
action space, such as an upstream third-party API outage that no internal corrective action can resolve [8].

Damping factors constrain the magnitude of each individual corrective adjustment relative to the observed deviation,
preventing over-correction that would itself introduce instability. These bounded adjustments reflect the principle
that proportional, graduated responses produce more stable outcomes than aggressive single-step corrections under
dynamic load [9].

C. Integration with Observability and Governance Layers

The control loop operates in conjunction with the observability platform and governance layer. Root cause analysis
systems operating over distributed trace data have demonstrated the capacity to reduce dependency graphs from
over 500 components to approximately 11 while retaining 92.9% of root-cause services, achieving a 98% reduction in
diagnostic search space with an average execution latency of 39.67 seconds per incident — compatible with real-time
automated control in production microservice environments [3]. This diagnostic capability enables corrective actions
to be directed toward the specific dependency path responsible for the deviation rather than applied broadly across
unrelated services.

The automated action repertoire covers four primary categories. Retry with exponential backoff addresses transient
upstream failures while preventing retry storms that would amplify load on a degraded dependency [4]. Traffic
shifting redistributes request volume from degraded instances toward healthy replicas, with routing adjustments
bounded by the damping constraints in Section B. Circuit breaking halts further requests to a dependency path
sustaining elevated error rates, preventing cascading failure propagation [4], [1]. Queue prioritization reorders
pending transactions by criticality tier during elevated queue depth, ensuring Tier 1 workflows are processed ahead
of Tier 3 administrative workloads when throughput is constrained.

Governance policies specify which actions execute autonomously, which require operator approval, and which
generate mandatory audit entries for regulatory review [12], [15]. In healthcare IT environments, explicit governance
boundaries are a functional requirement: uncontrolled automation affecting clinical transaction workflows carries
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patient safety implications, and compliance with regulatory frameworks demands that every automated action
remain auditable and traceable to a defined policy rule [15].

. Input Signal Stability Mechanism
Loop Stage Function Output .
Type Applied
Aggregate real- | Metrics, traces, Correlated . L
) Signal normalization across
Measurement | time system logs, workflow system state . .
i service boundaries
state events view
Compare state
. . System state vs. Burn rate o )
Evaluation against SLO ) . Adaptation interval scaling
SLO thresholds classification
targets
Select
Action corrective Burn rate state, Bounded control | Action scope limits;
Selection action per deviation type action damping factors
policy
Confirm Post-action Stabilization .
o o . ] Cooldown intervals
Validation stabilization observability confirmation or . .
. . . between successive actions
post-action signals escalation

Table 3: Feedback Control Loop Stages, Signal Inputs, and Stability Mechanisms [8, 9].

The stage-by-stage decomposition makes explicit that stability is not a property of any single component but an
emergent outcome of correctly sequenced signal normalization, evaluation, bounded action selection, and
cooldown-governed validation. Omitting or weakening any stage — particularly signal normalization at
measurement or cooldown enforcement at validation — degrades the loop's ability to distinguish genuine
degradation from transient noise.

V. COMPARISON TO PREVIOUS EVIDENCE
A. Observability Signal Quality and Root Cause Localization

Thus, the success of SLO-based control loops is determined by the adequacy of the observability signals used at the
measurement stage of the feedback loop. Several evaluations of distributed trace analysis systems in production

environments report that root-cause analyzes based on traces are better than correlation-dominated ones. In
production, using an average of nine incidents, the average causal analysis performance was PR@Avg of 0.834 and

RankScore of 0.818, versus PR@Avg of 0.484 and RankScore of 0.678 for backward correlation. Such performance
may be relevant for control loop design where better accuracy in root cause localization lowers the risk of taking
corrective actions on the wrong adjacent services.

Further, RL-based dependency graph pruning converged after only 36 training episodes and was found generalizing

to unseen incident cases. Execution latency is 39.67 seconds per incident on average, making it compatible with real-
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time automated control in production microservice architectures [3]. This evidence suggests that automated
diagnostic reasoning can be integrated into the evaluation stage of a control loop.

B. Feedback Control Effectiveness Under Dynamic Workload

Empirical confirmation of these feedback control design principles has been demonstrated. Experimentally observed
CPU scheduling adaptation has been shown to maintain per-class response times across a range of application mixes

and request patterns with share changes during the adaptation interval and without exhibiting oscillation [9]. The

use of system-wide adaptation of CPU and accept queue resources has also demonstrated that the control algorithm
correctly identified the currently active bottleneck resource in response to changes in the type of workload being

requested and adapted the parameters of that resource to achieve the desired per-class response time objectives [9].

These results suggest two important design choices of our framework, namely, (i) the use of layered signal evaluation
to determine the need of an intervention and (ii) the use of a scaling factor in the adaptation interval to avoid extreme
reactions. Section III describes the burn rate-based action selection and cooldown interval in healthcare IT
workflows.

C. SRE Practice Outcomes in Production Environments

While production SRE deployments have been shown to reliably improve reliability through SLO monitoring and
orchestrated incident response, one particular deployment described in the literature had failure rates of under 1%
over three months after SLOs were adopted and latency monitoring and incident response orchestration were added
to the deployment. API latency remained under 1000 ms [4]. Circuit breaker patterns, retry policies with exponential
backoff, and self-healing patterns are general reliability patterns observed across cloud environments that prevent
the propagation of cascading failures in dependent service graphs [4].

A survey of 142 dependability patterns suggested that the most common reliability design problems are well covered
by existing patterns, and the use of composite patterns involving fault detection, redundancy, and recovery is
essential for a practical construction of dependable systems [1]. This matches other aspects of this framework, such
as the multi-layer SLO architecture and error budget-driven control policy, which combine well-established patterns
in a formally governed feedback control structure.

D. Healthcare-Related Reliability Considerations

Patient safety monitoring research has found that structured SLO measurement frameworks can capture adverse

clinical events due to IT system behavior. Outcome-level reliability measures are better options than infrastructure-

level proxies for this purpose [12]. The reliability dimension of healthcare IT dependability must differentiate

consequence asymmetries of different workflow types, such as the higher patient safety risk of prescription processing
and Clinical Decision Support versus administrative workflows, requiring differentiated SLOs [10], [12]. The burn
rate classification table in Section III operationalizes this differentiation by enabling per-workflow threshold
calibration based on clinical risk stratification.

Framework Design Supporting Evidence Source Metric or
Claim PP & Finding
Trace-based root cause PR@Avg 0.834 vs. 0.484;

localization enables Causal trace analysis outperforms 2.3% precision
correlation-based methods across 72:3%P

accurate automated .. improvement; 39.67-sec
. . production incidents provement; 39.57
Intervention execution time
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Feedback control maintains
response time goals under
dynamic workloads

Observation-based CPU and queue
adaptation stabilized per-class delays
across workload transitions without
oscillation

Adaptation interval doubled
post-change; Poisson
interval set to 40 ticks

Structured SLO monitoring
produces measurable
reliability outcomes

SLO establishment with latency
monitoring reduced system errors and
stabilized API performance

Errors reduced to <1% over
3 months; API latency <1
second

Composite dependability
pattern application is
necessary for practical
deployment

A survey of 142 papers found most
patterns require modification before
practical use in distributed architectures

142 papers reviewed;
modification roadmap
required for pattern reuse

Outcome-level reliability
metrics are necessary for
healthcare IT safety

Patient safety monitoring frameworks
detect IT-attributable adverse events
through structured measurement

Systematic adverse event
detection linked to IT
system behavior

Table 4: Summary of Evidence Supporting SLO-Driven Control Framework Design Claims [1, 3, 4,
9, 12].

The evidence base confirms that each design claim in the framework rests on demonstrated results rather than
theoretical assertion alone, which is a necessary condition for adoption in healthcare IT environments where
unvalidated automation carries regulatory and patient safety consequences. The convergence of findings across trace
analysis, feedback control, and SRE deployment contexts also indicates that the individual components of the
framework are mature enough for integration, even where the integrated system itself requires further production
validation.

VI. POSITIONING AGAINST EXISTING APPROACHES
A. Differentiation from Observability Platforms

Observability platforms provide the measurement foundation on which this framework depends but do not
themselves constitute a reliability enforcement mechanism. Existing implementations are oriented toward visibility
and post-incident diagnosis rather than closed-loop control [6]. A unified instrumentation framework can surface
dependency-driven degradation and support root cause localization [5], [7], but it does not translate that diagnostic
signal into a bounded automated response. The proposed framework extends the observability layer by treating its
output as a continuous control input, with the distinguishing contribution being the formalized linkage between
observability signals, SLO deviation quantification, burn rate classification, and proportional automated action.

B. Differentiation from Conventional SRE Practice

Site reliability engineering establishes error budgets and SLOs as operational abstractions for governing the trade-
off between feature delivery and system stability [4]. In conventional SRE practice, burn rate exhaustion triggers a
policy shift executed through human incident response teams. The proposed framework operationalizes the same
abstractions as runtime control inputs within a closed feedback loop, replacing the human response trigger with a
structured automation policy. The workflow criticality tier model further extends conventional SRE practice by
introducing consequence-differentiated SLO thresholds calibrated to clinical and financial risk — a dimension the
standard SRE model does not address [10], [12].

C. Differentiation from AIOps Systems

AlOps platforms apply machine learning to operational telemetry for anomaly detection and remediation
recommendation. These systems are primarily oriented toward pattern recognition over historical incident data and
do not typically operate against formally defined SLO targets or error budget constraints [3]. The proposed
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framework is governed by explicit, auditable policy — burn rate thresholds mapped to action intensities — rather
than model-inferred recommendations, which are probabilistic and may lack the interpretability required for
compliance in regulated healthcare IT environments [12], [15]. AIOps diagnostic outputs, including trace-based root
cause localization, can serve as inputs to the measurement and evaluation stages of the proposed loop, making the
two approaches complementary. The differentiating characteristic is the formal governance structure: every
automated action is bounded, auditable, and derived from a deterministic policy function.

. L
Primary SLO . Automated Governance | Healthcare IT
Approach . Integratio . ape
Function n Response Structure Suitability
e Passi o .
Observability | Measurement r:SZ?t,ien None Monitoring Detection only —
Platforms and diagnosis onl;y 5 dashboards no enforcement
. . Error ]
. Policy-driven Team-level Effective but
Conventional . s budget as Human-executed .
. reliability .. operational response-latency
SRE Practice manual incident response .
governance . policy dependent
trigger
ML-driven Indirect, Probabilistic Variable; le.l ted. .
AlOps . auditability for
Svstems anomaly model- recommendation | model- reculated
y detection inferred S dependent &t
environments
L . Desi f
Closed-loop S O.s as Bounded, Deterministic esigned for
Proposed . 11 runtime . . workflow-level
reliability proportional, policy; ..
Framework control . clinical and
enforcement . autonomous auditable . .
variables financial SLOs

Table 5. Comparative Positioning of the Proposed Framework Against Existing Reliability
Approaches [1, 3, 4, 5, 6, 12, 15]

The comparison confirms that no existing approach individually satisfies the full set of requirements for workflow-
level reliability enforcement in healthcare IT — observability platforms detect but do not act, SRE practice acts but
relies on human execution speed, and AIOps systems act but lack the deterministic auditability that regulated
environments demand. The proposed framework occupies the intersection of these capabilities, and its value is
precisely that combination rather than superiority in any single dimension.

CONCLUSION

Healthcare IT systems supporting prescription fulfillment, claims adjudication, and clinical decision support cannot
be governed by monitoring alone. Observability provides the visibility necessary to detect degradation, but detection
without a structured response mechanism leaves reliability objectives unenforced at the workflow level — the layer
where failures carry direct patient safety and financial consequences. The framework presented in this paper
addresses that gap by treating SLOs and error budgets as runtime control inputs within a closed feedback loop,
linking observed system state to proportional, bounded automated actions calibrated to workflow criticality.

The central contribution is the operationalization of reliability enforcement at the workflow level rather than the
infrastructure level. By defining error budget burn rate as the primary control signal and mapping it to graduated
action intensities across workflow criticality tiers, the framework ensures that control decisions reflect clinical and
operational risk rather than generic threshold breaches. Stability constraints — cooldown intervals, action frequency
bounds, and damping factors — prevent the automation layer from introducing oscillation or unintended side effects
in the distributed service graph.
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The framework does not eliminate failures. What it provides is a mechanism to limit their impact and duration within
defined, auditable bounds — replacing the dependency on human response speed with a deterministic control policy
that operates continuously and proportionally. This shift from reactive incident response to control-driven system
behavior represents the structural advance that workflow-level reliability enforcement in healthcare IT requires.

FUTURE WORK

Immediate priorities for extending this framework focus on empirical validation and integration. Simulation-based
validation using synthetic healthcare IT workloads will allow burn rate classification thresholds, cooldown
parameters, and damping factors to be stress-tested against failure scenarios that are difficult to reproduce safely in
production environments. A prototype implementation instantiating the full control loop — from observability signal
ingestion through SLO evaluation, burn rate classification, and actuator execution — will provide the first empirical
characterization of loop latency, action accuracy, and stabilization time under controlled conditions.

Production deployment evaluation in a live healthcare IT environment remains the definitive validation target, as it
introduces the dependency complexity, regulatory constraints, and workload variability that simulation cannot fully
replicate. Such an evaluation would also generate the incident dataset necessary to assess whether the workflow
criticality tier model and burn rate trigger calibrations hold under real clinical and financial transaction patterns.

Integration with machine learning and AIOps systems represents a longer-term direction. As noted in Section VI,
AlIOps diagnostic outputs are complementary to the proposed control loop rather than competing with it.
Incorporating learned anomaly detection and predictive burn rate forecasting into the measurement and evaluation
stages could enable the framework to anticipate SLO deviations before they materialize, shifting the control posture
from reactive correction to proactive prevention while preserving the deterministic governance structure that
regulated healthcare IT environments require.
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