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Abstract 

 

Machine learning (ML) systems deployed in large-scale healthcare Software-as-a-Service (SaaS) environments frequently experience 

performance degradation after production release due to data drift, evolving data distributions, pipeline latency anomalies, and declining 

predictive accuracy. These issues often remain undetected until they significantly affect operational performance, resulting in prolonged 

incident detection, costly engineering interventions, and increased business risk. This study proposes a self-healing machine learning 

framework that transforms conventional batch-oriented ML pipelines into autonomous, event-driven operational systems capable of 

continuously monitoring, diagnosing, and recovering from production failures. The proposed architecture integrates four complementary 

capabilities: statistical data drift detection, automated retraining triggers, canary-based deployment and promotion workflows, and multi-

tier observability that connects model behaviour with automated operational responses. Together, these components establish a closed 

feedback loop that enables continuous adaptation while minimizing manual intervention. The framework is evaluated through a production 

case study involving a healthcare long-term care SaaS platform supporting large-scale clinical operations. Empirical results demonstrate 

substantial operational improvements following deployment of the self-healing architecture. Mean time to detect model drift decreased 

from 18.4 hours to 2.1 hours, while mean time to recovery was reduced from 9.2 hours to 1.8 hours. In addition, the number of monthly 

incidents requiring manual intervention declined from 34 to 6, indicating significant gains in operational resilience and engineering 

efficiency. The proposed framework is implemented using widely adopted open-source technologies, including MLflow, Kubeflow 

Pipelines, Feast, Great Expectations, and Argo Rollouts, allowing seamless integration with existing Kubernetes-based enterprise 

infrastructures. The findings demonstrate that autonomous, event-driven maintenance substantially improves the reliability, scalability, and 

maintainability of production ML systems, providing a practical engineering architecture for resilient AI operations in mission-critical 

healthcare environments. 
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1. Introduction 

The transition from exploratory model development to production ML deployment exposes a gap that most MLOps literature addresses 

incompletely [1]. A model that achieves strong offline evaluation metrics can degrade silently once confronted with real-world data 

distribution shifts, infrastructure variability, and evolving business semantics. In healthcare SaaS environments, this degradation carries 

direct operational consequences: downstream care-coordination decisions, resource allocation models, and risk-stratification pipelines that 

depend on ML output operate under regulatory scrutiny and SLA obligations that batch-monitoring architectures cannot adequately protect 

[2]. 

Current industry practice commonly relies on periodic batch evaluation: model predictions are compared against ground truth at a scheduled 

cadence, deviations trigger human review, and retraining is initiated manually after investigation. This reactive posture introduces latency 

between degradation onset and remediation that, in fast-moving clinical workflows, can span hours or days [3]. The Population Stability 

Index (PSI) literature establishes that feature distributions can shift meaningfully in production within a single processing cycle, yet most 

monitoring implementations sample at daily or weekly intervals [4]. 

Self-healing systems, a concept well established in distributed infrastructure engineering, have seen limited application specifically to the 

ML model lifecycle. Existing frameworks such as MLflow, Kubeflow, and SageMaker Pipelines provide the mechanical primitives for 

pipeline automation, but do not prescribe the feedback-loop architecture that converts monitoring signals into autonomous remediation 

actions without requiring human intervention at each step [5]. The gap is architectural, not tooling-based. 
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This paper addresses that gap by presenting a framework that treats the ML production pipeline as a continuously operating control system 

[6]. The framework is organized around four core components: (1) multi-signal drift detection using statistical tests applied at feature, 

prediction, and outcome layers; (2) event-driven retraining triggers that respond to drift signals and performance threshold breaches; (3) 

automated promotion workflows using shadow evaluation and canary deployment to qualify retrained models before full traffic exposure; 

and (4) layered observability that surfaces signals at data, model, infrastructure, and business metric levels. The framework is evaluated 

through a production case study at PointClickCare, a healthcare SaaS platform serving long-term and post-acute care providers across 

North America [7]. 

The remainder of this paper is organized as follows. Section 2 reviews related work on ML monitoring, drift detection, and MLOps pipeline 

automation. Section 3 describes the proposed self-healing framework architecture [8]. Section 4 presents implementation details using 

open-source tooling. Section 5 reports empirical results from the production case study. Section 6 discusses limitations, generalizability, 

and future work. Section 7 concludes [9]. 

2. Literature Review 

The MLOps literature has developed along two somewhat separate lines of inquiry: pipeline automation and model monitoring [10]. 

provides a comprehensive classification of MLOps components but treats monitoring primarily as a reporting concern rather than as an 

autonomous control signal. Similarly, the Sculley et al. analysis of technical debt in ML systems [11] identifies the maintenance burden of 

production models but does not prescribe automated remediation architectures. 

Drift detection research has produced a rich set of statistical methods [12]. The PSI, originally developed for credit risk model monitoring, 

quantifies the degree to which a current feature distribution diverges from a reference baseline. Yurdakul and Naranjo establish the 

statistical properties of PSI and its threshold conventions [13]. The Kolmogorov-Smirnov test and the Maximum Mean Discrepancy have 

been applied to multivariate drift detection in production settings [14], though their computational cost at high feature dimensionality has 

motivated the use of approximate alternatives. Concept drift, which involves shifts in the joint distribution between inputs and labels rather 

than input marginals alone, presents additional detection complexity [15]. 

Automated retraining has been examined primarily in the context of online learning and stream-processing architectures. Losing et al. [16] 

survey incremental learning approaches for concept drift adaptation, but these methods assume continuous access to labeled feedback, 

which is uncommon in enterprise ML deployments, where ground truth may be delayed by days or weeks. Continual learning frameworks, 

such as those surveyed [17] offer complementary techniques for catastrophic forgetting prevention during model updates, but focus on 

neural architectures rather than gradient-boosted or logistic models common in enterprise tabular settings. 

Deployment automation research has examined canary analysis as a risk-mitigation mechanism for software services [18]. Sato et al. [19] 

Explicitly extend Canary principles to ML model promotion, and describe shadow traffic evaluation as a prerequisite for safe champion 

replacement. The NIST AI Risk Management Framework [20] establishes broader governance requirements for AI system trustworthiness, 

including the auditability and reversibility properties that canary architectures partially satisfy. Feature store platforms such as Feast [21] 

have emerged as coordination layers that decouple feature production from model serving, reducing the staleness and consistency problems 

that contribute to silent degradation in production systems. 

The present work synthesizes these threads into an integrated control-loop architecture [22]. Where prior work addresses individual 

components, the self-healing framework proposed here specifies the triggering logic, state transitions, and escalation paths that connect 

monitoring signals to automated remediation, thereby reducing the residual dependency on human judgment in steady-state operations.  

 

3. Methods 

The self-healing framework is structured as a closed-loop control system comprising four operational layers: drift detection, retraining 

orchestration, deployment qualification, and observability aggregation. Each layer produces signals that feed into the next, and the control 

surface exposes override and escalation hooks at defined intervention points for cases where human review is warranted [23]. 

3.1. Drift Detection Layer 
The drift detection layer evaluates three signal types in parallel. Feature drift monitoring applies the PSI to each input feature on every 

batch cycle [24]. Features with PSI between 0.10 and 0.25 generate warning-level events; those with PSI exceeding 0.25 trigger the 

retraining pipeline immediately. Prediction drift monitoring compares the current output distribution against a rolling 30-day reference 

using a two-sample Kolmogorov-Smirnov test applied to prediction score deciles [25]. Outcome drift monitoring, where ground-truth 

labels are available within an acceptable delay window, uses a chi-squared test on label frequency distributions to detect concept drift 

independently of feature-layer signals [26]. 

All three signal types are evaluated independently, and the retraining trigger responds to the union of critical-level events across all three. 

This design avoids the scenario in which feature stability masks prediction-level degradation, a condition that arises when correlated 

features compensate in opposite directions without triggering individual PSI thresholds. 

Table 1 summarizes the failure modes addressed by the drift detection layer and the corresponding automated responses: 

 

Table 1. ML System Failure Modes and Self-Healing Responses 

Failure Mode Detection Mechanism Automated Response 
Recovery 

SLA 

Data drift (PSI > 0.25) 
Kolmogorov-Smirnov test on feature 

distributions 

Feature pipeline re-trigger, shadow 

model promotion 
< 4 hours 

Model degradation (AUC drop > 

5%) 

Rolling-window performance 

monitor 

Champion-challenger swap via canary 

deployment 
< 2 hours 

Pipeline SLA breach (latency > 

2x baseline) 

Prometheus alerting rules on p95 

latency 
Auto-scaling, circuit-breaker activation < 30 minutes 
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Feature store inconsistency 
Schema validation at the ingestion 

boundary 
Rollback to the last validated snapshot < 1 hour 

Training job failure Airflow task-state webhook 
Retry with incremental data slice, 

Slack notification 
< 6 hours 

3.2. Retraining Orchestration 
Retraining events are dispatched as Kafka messages to a Kubeflow Pipelines trigger consumer. The trigger consumer evaluates the event 

type, the time elapsed since the last retraining run, and the current champion model age before initiating a pipeline run. This debouncing 

logic prevents cascading retraining storms during sustained drift periods, which occur when upstream data systems undergo schema 

migrations or ETL refactoring. 

The retraining pipeline executes the following steps sequentially: (1) snapshot the training dataset from the feature store at the current 

timestamp; (2) apply the registered preprocessing and feature engineering transformations; (3) train candidate models against a held-out 

validation split; (4) log all artifacts, parameters, and metrics to MLflow; and (5) compare the candidate model against the registered 

champion on the validation split. If the candidate meets the promotion criteria, it advances to the shadow evaluation stage. If the candidate 

underperforms the champion, the pipeline terminates with a warning event logged to the observability layer, and the champion remains in 

service [27]. 

3.3. Deployment Qualification 
Shadow evaluation routes a percentage of live production traffic in parallel to both the champion and the candidate model, comparing 

output distributions without serving candidate predictions to downstream consumers [28]. If the candidate output distribution converges 

with the champion within a defined KL-divergence threshold over a configurable soak period (default: 15 minutes at 2% shadow traffic), 

the candidate advances to canary deployment. 

Canary deployment uses Argo Rollouts with Istio traffic shaping to incrementally increase the candidate model's traffic share in defined 

steps. At each step, error rates, latency percentiles, and distributions of prediction scores are evaluated. If all gates pass, the rollout proceeds 

to the next step. A single gate failure triggers automatic rollback to the champion, with the failure event logged to the observability layer 

and a paging notification dispatched via the incident management integration [29]. 

Table 2 describes the CI/CD pipeline stages for self-healing ML and their quality gates: 

 

Table 2. CI/CD Pipeline Stages for Self-Healing ML 

Pipeline Stage Tooling Quality Gate Rollback Trigger 

Data validation Great Expectations, Deequ Schema + null-rate thresholds Null rate > 3% 

Feature engineering Feast, Tecton Feature drift < PSI 0.10 PSI > 0.10 on any feature 

Model training MLflow, Kubeflow Pipelines AUC >= baseline - 0.02 AUC delta > 5% 

Shadow evaluation Seldon Core, BentoML Shadow vs. champion parity KL divergence > 0.15 

Canary deployment Istio, Argo Rollouts 2% traffic, 15-min soak Error rate spike > 1% 

Full promotion Kubernetes, Helm Blue-green cutover Manual override available 

3.4. Observability Aggregation 
Observability is organized into four tiers, corresponding to the layers where signals originate: data quality, model performance, 

infrastructure health, and business impact. Each tier emits metrics to a Prometheus time-series store, which feeds a Grafana dashboard suite 

and the alerting rule engine. Alerts from the infrastructure tier use PagerDuty for on-call routing. Alerts from the model performance and 

data quality tiers route to a dedicated ML operations Slack channel with context-enriched messages that include the triggering metric, the 

relevant feature or model version, and a link to the associated MLflow run [30]. 

The business impact tier aggregates downstream KPI signals, including care-coordination task completion rates and risk-score utilization 

rates, and computes rolling week-on-week deviation against baseline. Sustained deviations exceeding the business impact threshold 

generate an incident in the organization's tracking system. It notifies product stakeholders, connecting model behavior to business outcomes 

in a way that infrastructure-only observability cannot provide. 

Table 3 presents the observability metrics dashboard specification: 

 

Table 3. Observability Metrics Dashboard 

Metric Category Metric Name Target Value Alert Threshold Owner 

Data quality Null rate < 0.5% > 1.0% Data Engineering 

Data quality Schema violations 0 per batch > 0 Data Engineering 

Model performance AUC (rolling 7-day) >= 0.82 < 0.78 ML Engineering 

Model performance Prediction confidence Mean > 0.75 Mean < 0.70 ML Engineering 

Infrastructure p95 inference latency < 120ms > 200ms Platform 

Infrastructure Throughput (req/s) >= 500 < 400 Platform 

Business Downstream KPI delta < 2% week-on-week > 5% deviation Product 
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3.5. Architecture Flow 
Figure 1 illustrates the end-to-end self-healing pipeline flow from drift detection through autonomous model promotion: 

 

 

Fig 1. Self-Healing ML Pipeline — End-to-End Flow 

4. Result and Discussion 

The framework was implemented on a Kubernetes-based data platform running on AWS EKS. The following section describes the tooling 

selections and integration points for each framework layer. 

4.1. Data and Feature Layer 
Feast serves as the feature store, providing point-in-time correct feature retrieval for training snapshots and low-latency online serving for 

inference [31]. Feature definitions are versioned in a Git repository; changes to feature transformations trigger schema validation tests 

before registration. Great Expectations applies contractual data quality assertions at the batch ingestion boundary, enforcing null rate, 

cardinality, and range constraints that are defined per-feature and version-controlled alongside the feature definitions [32]. 

Apache Kafka acts as the event bus for all cross-layer communication. Drift events, retraining triggers, deployment gate outcomes, and 

rollback events are all represented as Kafka messages with a standardized schema that includes the event type, the triggering metric and 

threshold, the model version identifier, and an ISO 8601 timestamp. 

4.2. Training and Experiment Tracking 
MLflow manages experiment tracking, artifact storage, and the model registry. Each retraining run creates an experiment entry with the 

full parameter set, data snapshot hash, and evaluation metrics. The model registry maintains the champion, challenger, and archived model 

versions with promotion and demotion events recorded in the model lifecycle log. Kubeflow Pipelines orchestrates the training DAG, with 

each step containerized and resource-limited to prevent training jobs from competing with serving workloads. 

4.3. Serving and Deployment 
Model serving uses BentoML to package models with their preprocessing dependencies into containerized services. Seldon Core provides 

the serving runtime within the Kubernetes cluster, while Istio manages traffic routing rules that support shadow evaluation and canary 
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deployments. Argo Rollouts controls the canary progression logic, exposing a declarative rollout specification that defines step percentages, 

soak durations, and metric thresholds for each gate [33]. 

4.4. Case Study: Production Deployment at Healthcare SaaS Platform 
The framework was deployed across three production ML pipelines at PointClickCare: a 30-day readmission risk model, a medication 

adherence prediction model, and a care-coordination workload distribution model. The deployment spanned 14 weeks, from initial 

integration to full steady-state operation. The prior state relied on weekly batch evaluation reports reviewed by ML engineers, with 

retraining initiated manually based on AUC deviation reports. 

Data for the pre-implementation baseline were collected over the 16 weeks immediately preceding the framework deployment. Post-

implementation metrics were collected over the 12 weeks following full steady-state operation, defined as the point at which the automated 

pipeline had executed at least 3 full retraining cycles without manual intervention for each of the 3 models. 

The case study results are presented in Table 4. All metrics represent operational averages across the three production pipelines. Statistical 

significance is assessed using a two-sample t-test comparing the pre- and post-implementation distributions of the weekly metric. 

 

Table 4. Case Study Results — Before vs. After Self-Healing Implementation 

Operational Metric Pre-Implementation Post-Implementation Improvement Statistical Sig. 

Mean time to detect drift 18.4 hours 2.1 hours -88.6% p < 0.01 

Mean time to recover (MTTR) 9.2 hours 1.8 hours -80.4% p < 0.01 

Manual intervention 

incidents/month 
34 6 -82.4% p < 0.05 

Model AUC stability (CV) 0.067 0.018 -73.1% p < 0.01 

SLA breach rate 12.3% 2.1% -82.9% p < 0.01 

Inference p95 latency (ms) 312 98 -68.6% p < 0.01 

Deployment cycle time (days) 21 4 -81.0% p < 0.05 

 

The most operationally significant result is the reduction in mean time to detect drift from 18.4 hours to 2.1 hours, representing an 88.6% 

improvement. This reduction directly reflects the shift from weekly batch evaluation to per-batch statistical testing, with 15-minute 

ingestion cycles. The corresponding MTTR reduction from 9.2 hours to 1.8 hours reflects the automation of the retraining and promotion 

steps that previously required engineer investigation and manual execution. 

The decline in manual intervention incidents from 34 to 6 per month represents the primary productivity gain. Investigation of the remaining 

6 incidents revealed three categories: cases in which the debounce logic suppressed retraining in response to transient upstream data pipeline 

instability, one case involving a model that could not pass shadow evaluation due to a distributional anomaly in a specific geographic 

segment requiring targeted feature engineering, and two cases involving business metric threshold breaches that required product-team 

review before proceeding with champion replacement. 

The AUC stability coefficient of variation decreased from 0.067 to 0.018, indicating that continuous retraining reduced the variance in 

model performance over time, as expected when retraining events are triggered by drift signals rather than executed on a fixed schedule 

that may or may not coincide with actual distribution shifts.  

4.5. Discussion 
The results demonstrate that the self-healing framework achieves its primary design objective: reducing the latency and human labor costs 

of production ML maintenance while maintaining or improving model quality—several implementation considerations merit discussion 

for practitioners considering adoption. 

The debouncing logic in the retraining trigger requires calibration per pipeline. In the case study, the default 4-hour debounce window 

proved appropriate for the healthcare SaaS data environment but required adjustment to 8 hours for the medication adherence model, which 

exhibits weekly seasonality in its feature distributions that would otherwise trigger unnecessary retraining on a recurring weekly pattern. 

The PSI warning threshold of 0.10 is appropriate for the feature types observed in this deployment, consistent with established conventions. 

Still, practitioners should validate thresholds against the feature cardinality and data volume characteristics of their specific domain. 

The framework currently operates under an assumption of delayed ground truth, with outcome drift detection functioning only when labeled 

feedback is available within a 7-day window. For models with longer feedback delays, the drift detection layer must rely exclusively on 

feature and prediction distribution signals, which provide weaker guarantees against concept drift. Future work should explore pseudo-

label estimation methods that enable the detection of outcome-layer drift under extended label-delay conditions. 

The case study findings suggest that the remaining manual interventions clustered around boundary cases in which automated logic lacked 

domain context or encountered distributional anomalies beyond the scope of the retraining pipeline. This finding is consistent with the 

broader literature on human-AI collaboration in high-stakes operational settings: full automation is most effective in steady-state 

conditions, while human judgment retains value for anomaly investigation and for relaxing constraints. The framework design 

accommodates this through explicit override hooks and escalation paths that preserve human agency without requiring routine involvement. 

5. Conclusion  

This paper presented a self-healing ML systems framework that transitions production pipelines from manual, schedule-driven monitoring 

to autonomous, event-driven maintenance. The framework integrates drift detection, retraining orchestration, deployment qualification, 

and multi-tier observability into a closed-loop control system implemented on open-source infrastructure. The production case study 

demonstrated substantial improvements across all measured operational metrics, with mean time to detect drift declining by 88.6% and 

monthly manual interventions declining by 82.4%. The framework is designed for generalizability across enterprise ML deployment 

contexts and contributes a replicable architectural pattern for autonomous model maintenance at scale. 

The findings extend the MLOps literature by demonstrating that the gap between pipeline automation tooling and autonomous model 

maintenance can be bridged through a control-loop architecture that treats monitoring signals as first-class operational triggers rather than 
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as reporting artifacts. Future work will examine extending self-healing principles to multimodal models, integrating causal anomaly 

detection for root-cause attribution, and developing cross-pipeline coordination mechanisms for systems with shared feature dependencies. 
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