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The Sepsis Challenge: When DevOps Meets Life-Critical Care

Sepsis is a global healthcare crisis, claiming an estimated ~11 million lives 

annually, accounting for about 20 % of all deaths worldwide (WHO). The narrow 

window for effective intervention means mortality risk increases by ~8% with 

every hour of delayed treatment

Can technology help directly reduce these preventable fatalities? 

Yes—when combined with process and digital transformation. AI can improve 

clinical outcomes when embedded into redesigned care workflows and supported 

by reliable, always-on platforms. In high-risk care settings, modern DevOps and 

MLOps capabilities ensure speed, reliability, observability, and zero downtime. 

These are strategic enablers that ensure insights reach clinicians at the moment 

of decision, thus translating analytics into measurable reductions in preventable 

harm from Sepsis.

Annual deaths

20% Sepsis-related mortality 

worldwide

Hourly risk

~8% mortality increase per 

delayed hour



Deploying clinical AI systems demands architecture that handles distributed 

healthcare networks including vendor systems, real-time streaming (data 

pipelines) for patient data, and integration with legacy Electronic Health 

Records (EHRs), all with stringent reliability requirements. Additionally, it 

needs rigorous model versioning with clinical validation, and compliance 

requiring complete audit trails for regulatory scrutiny.

Process transformation alongside technology (digital transformation):  AI 

must be embedded into redesigned clinical and operational workflows, 

ensuring insights are actionable, trusted, and aligned with real-time 

processes and decision-making.

The Technical Landscape: Unique Deployment Complexity



Platform Engineering Patterns to address challenges

Kubernetes Orchestration Auto-scaling and health checks for distributed hospital networks; geo-redundant prediction 

services.

CI/CD1 with Clinical Gates Automated pipelines for algorithm updates with clinical validation, performance, and bias 

detection.

Observability Frameworks Monitoring prediction accuracy, latency, data quality; real-time alerting for model drift or 

issues.

Infrastructure-as-Code Enables to provision, manage, and recover secure, compliant, and highly reliable IT 

infrastructure through automated, version-controlled code, directly supporting patient safety 

and clinical operations.

SRE for Healthcare Site reliability engineering to ensure healthcare systems are highly reliable, safe, compliant, 

and continuously available, where downtime or errors can directly impact patient care.

1. CI/CD: Continuous Integration / Continuous Deployment



Processing Pipeline

Cloud-native architectures process real-time patient vitals including heart rate, 

blood pressure, and lab values using scalable, event-driven microservices. 

This ensures sub-second latency for critical clinical interventions.

Clinical Workflow Integration

Automated clinical workflows are triggered for critical events like sepsis, 

alerting care teams and suggesting diagnostic protocols. Comprehensive audit 

trails ensure regulatory compliance and transparent decision-making.

Cloud-Native Architecture for Real-Time Patient Monitoring



Real-time sepsis detection relies on streaming data architectures that 

process continuous patient vital signs with minimal latency. 

Technologies like Apache Kafka or cloud services ingest data from 

monitors, lab systems, and nursing platforms.

These pipelines can perform feature engineering, aggregations, and 

data enrichment (EHR integration) before AI model inference. They are 

designed to handle variable data patterns, intermittent network 

connectivity, and ensure data accuracy. Robust mechanisms like 

backpressure management protect downstream services and maintain 

responsiveness during peak demands or critical events.

Streaming Data Pipelines: Processing Patient Vitals



Electronic Health Record (EHR) integration is foundational for clinical AI, 

navigating diverse platforms (Epic, Cerner, Meditech) with proprietary 

data models and varied standards.

Data Extraction

Extracting real-time patient data via HL7 FHIR APIs or custom 

interfaces.

Normalisation

Transforming heterogeneous data into standardized formats, 

handling terminology and missing values.

Quality Validation

Implementing data quality checks and monitoring for accurate model 

inference.

EHR Integration: The Interoperability Imperative



1 Algorithm Development

Models trained on retrospective data, optimized for sepsis 

detection.

2 Retrospective Validation

Rigorous validation on held-out datasets, across patient 

demographics.

3 Shadow Deployment

New versions run in shadow mode, generating predictions 

without clinical impact.

4 Clinical Review

Clinicians review prediction accuracy and false positive 

rates.

5 Canary Release

Gradual rollout to small cohorts with continuous adverse 

event monitoring.

6 Full Production

Deployment across networks with ongoing performance 

and drift detection.

Phases: Model Versioning, Clinical Validation Gates, 
Deployment



Production clinical AI demands robust observability. Monitoring tracks prediction accuracy, system latency, and data 

quality, crucial for reliable model performance and timely clinical alerts.

Prediction Performance Metrics

Continuously assess sensitivity, 

specificity, and alert rates. 

Dashboards segment performance 

to identify drift across 

demographics and clinical units.

System Latency Tracking

Monitor end-to-end latency from 

data ingestion to clinical alert 

delivery. Define acceptable 

thresholds aligned with intervention 

windows.

Data Quality Monitoring

Automated detection of missing 

values and data completeness 

issues. Alerts trigger when data 

quality falls below thresholds for 

reliable predictions.

Observability: Monitoring Clinical AI in Production



Clinical AI models drift due to evolving patient populations, 

practice changes, or seasonal shifts. Continuous validation 

compares live prediction distributions against baseline training 

data using statistical tests. If drift exceeds thresholds, automated 

retraining or data science team investigation is triggered.

Feedback loops with actual clinical outcomes enable supervised 

model updates, improving prediction accuracy and ensuring 

regulatory compliance.

Model Drift Detection and Continuous Validation



Error Budgets for Clinical AI

Defining acceptable failure rates 

aligned with clinical impact. Sepsis 

detection systems typically target 

99.95% uptime with strict latency 

percentiles, balancing innovation 

velocity against reliability 

requirements.

Incident Response Protocols

Structured on-call procedures with 

escalation paths to DevOps 

engineers, data scientists, and 

clinical informatics teams. 

Runbooks document common 

failure scenarios and remediation 

steps.

Blameless Post-Mortems

Learning from incidents through 

detailed root cause analysis, 

focusing on system improvements 

rather than individual fault. 

Documentation feeds continuous 

improvement of infrastructure and 

processes.

SRE Practices for Life-Critical Healthcare Systems



Modern DevOps practices are transforming healthcare from reactive 

treatment to proactive care, enabling early intervention with real-time 

predictive analytics in areas like sepsis detection. This approach 

prevents severe outcomes and is crucial for any mission-critical 

domain where reliability impacts human outcomes, including fraud 

detection, predictive maintenance, and autonomous vehicle systems. 

By applying cloud-native architectures and rigorous reliability 

engineering, DevOps teams deliver practical clinical impact at scale.

From Reactive to Proactive Clinical Care



Infrastructure as Foundation

Kubernetes, streaming, and infrastructure-as-code 

ensure reliable, reproducible deployments across 

healthcare networks.

Observability Beyond Uptime

Monitoring prediction accuracy, latency, and data 

quality ensures clinical utility and detects model drift 

before patient impact.

Validation Gates Matter

Clinical validation, shadow deployments, and canary 

releases protect against regressions, enabling 

continuous improvement of critical algorithms.

Reliability Engineering

SRE practices like error budgets and incident response 

ensure operational excellence, protecting patients from 

system failures.

Key Takeaways: Building Production Clinical AI



Thank You !
Questions?
Welcome.

Swapna Chimanchodkar
Osmania University (IEEE 

Senior Member)
Conf42 DevOps 2026.
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