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Course Introduction

In today's rapidly evolving data landscape, the sustained performance of deployed Machine
Learning (ML) models is paramount for business continuity and data-driven decision-making.
As models transition from controlled training environments to dynamic real-world scenarios, their
predictive accuracy can degrade due to unforeseen changes in data distribution and underlying
relationships, a phenomenon known as model drift or concept drift. This degradation, if
undetected, can lead to significant financial losses, skewed insights, and eroded trust in Al systems.
Proactive model monitoring and drift detection are thus critical components of arobust ML Ops
pipeline, ensuring model health, reliability, and sustained value.

Training Course on Model Monitoring & Performance Drift Detection: Tracking deployed model
health and retraining triggers addresses the urgent need for professionals to master the techniques
and tools required to effectively track deployed model health and implement retraining triggers.
Participants will gain practical expertise in identifying various types of drift, quantifying their
impact on model performance, and establishing automated mechanisms for timely intervention. By
enabling continuous feedback |oops and proactive model maintenance, this course empowers
organizations to mitigate risks associated with model decay, optimize resource allocation for
retraining, and unlock the full potential of their Al investmentsin arapidly changing operational
environment.

Programme Curriculum

Training Course on Model Monitoring & Performance Drift Detection: Tracking deployed
model health and retraining triggers
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predictive accuracy can degrade due to unforeseen changes in data distribution and underlying
relationships, a phenomenon known as model drift or concept drift. This degradation, if
undetected, can lead to significant financial losses, skewed insights, and eroded trust in Al systems.
Proactive model monitoring and drift detection are thus critical components of arobust ML Ops
pipeline, ensuring model health, reliability, and sustained value.

Training Course on Model Monitoring & Performance Drift Detection: Tracking deployed model
health and retraining triggers addresses the urgent need for professionals to master the techniques
and tools required to effectively track deployed model health and implement retraining triggers.
Participants will gain practical expertise in identifying various types of drift, quantifying their
impact on model performance, and establishing automated mechanisms for timely intervention. By
enabling continuous feedback loops and proactive model maintenance, this course empowers
organizations to mitigate risks associated with model decay, optimize resource allocation for
retraining, and unlock the full potential of their Al investmentsin arapidly changing operational
environment.

Course Duration
10 days
Course Objectives

1. Master the fundamentals of ML model lifecycle management and its challengesin
production.

2. Understand the various types of model drift: data drift, concept drift, feature drift, and label
drift.

3. Learn to select appropriate performance metrics for diverse ML models (classification,
regression, NLP, computer vision).

4. Implement robust data quality monitoring and data integrity checks for incoming production
data.

5. Apply statistical methods and drift detection algorithms to identify significant shiftsin data

distributions.

Develop strategies for real-time model performance monitoring and anomaly detection.

Configure and utilize popular MLOps tools and platforms for automated model monitoring.

Establish effective aerting mechanisms for detected drift and performance degradation.

Design intelligent retraining strategies and retraining triggers based on monitoring insights.

10. Understand the importance of model explainability (XAl) in diagnosing root causes of drift.

11. Explore bias detection and fairness monitoring in the context of model drift.

12. Develop a comprehensive model governance framework for continuous model health.

13. Implement A/B testing and canary deployments for safe model updates post-retraining.
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Organizational Benefits

« Proactive identification and mitigation of model degradation minimize erroneous predictions
and poor business decisions.

« Intelligent retraining triggers prevent unnecessary retraining cycles, saving compute resources
and engineering effort.

« Maintaining accurate models allows for quicker adaptation to changing market conditions and
customer behaviors.

« Ensuresthat deployed models continue to deliver expected business value and insights.

« Consistent model performance builds stakeholder confidence in Al-driven systems.

« Automated alerts and diagnostics enable rapid investigation and remediation of issues.

« Establishes best practices for continuous model lifecycle management and operationalization
of ML.



Target Audience

Data Scientists

Machine Learning Engineers
ML Ops Engineers

Al/ML Architects

Software Developers

Data Engineers

DevOps Engineers
Technical Project Managers
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Course Outline
Module 1: Introduction to Model Monitoring and ML Ops

« Understanding the ML lifecycle and challenges in production.

« Defining model decay, data drift, and concept drift.

« The business imperative of continuous model monitoring.

« Key components of arobust MLOps pipeline.

» Overview of the course structure and learning outcomes.

« Case Study: Analyzing aretail recommendation system failing to adapt to seasonal trends,
leading to irrelevant product suggestions and lost revenue.

M odule 2: Foundations of M odel Performance Metrics

» Review of essential metrics: Accuracy, Precision, Recall, F1-Score, AUC-ROC, R-squared,

MSE.
« Selecting appropriate metrics for different model types (classification, regression, NLP,
vision).

« Understanding business metrics vs. technical metrics.

« Basdline performance establishment and benchmarking.

« Interpreting metric degradation and its impact.

» Case Study: A fraud detection model showing high precision but low recall after
deployment, resulting in missed fraudulent transactions.

Module 3: Data Quality and Integrity Monitoring

« Importance of input data validation in production.

« Detecting missing values, outliers, and schema changes.

« Monitoring data types, ranges, and categorical distribution.

« Establishing data contracts and data validation rules.

» Toolsand libraries for automated data validation (e.g., Great Expectations, TensorFlow Data
Validation).

« Case Study: An anomaly detection system receiving corrupted sensor data due to an
upstream ETL process error, leading to false positives.

Module 4: Under standing Data Drift Detection

« Defining data drift: Covariate shift and feature drift.

« Statistical tests for detecting distribution shifts (e.g., KS-test, Chi-squared test, Jensen-
Shannon divergence).

« Population Stability Index (PSl) and Characteristic Stability Index (CSl).

 Thresholding for drift alerts and sensitivity analysis.

« Visualizing data distribution changes over time.



« Case Study: A loan approval model experiencing data drift as new customer demographics
emerge, leading to biased approval rates.

Module 5: Concept Drift and ItsImplications

« Defining concept drift: Changes in the relationship between input features and target variable.

« Types of concept drift: Sudden, gradual, incremental, and recurring.

» Methods for detecting concept drift (e.g., ADWIN, DDM, EDDM).

 Impact of concept drift on model performance and business outcomes.

« Challengesin identifying and attributing concept drift.

» Case Study: A spam detection model failing to classify new types of sophisticated phishing
emails due to evolving attack patterns.

Module 6: Monitoring Feature Importance and Explainability

« Understanding dynamic feature importance in production.

« Using SHAP, LIME, and other XAl techniques for drift diagnosis.

« ldentifying "silent failures' where model predictions are consistently wrong for a subset of
data.

» Connecting feature changes to model performance degradation.

« Leveraging explainability for root cause analysis of drift.

» Case Study: A customer churn prediction model showing decreasing accuracy for a specific
customer segment, identified by a shift in their most impactful features.

Module 7: Real-time Monitoring Architectures

« Batch vs. real-time monitoring strategies.

« Designing scalable monitoring pipelines.

 Leveraging streaming data technologies (e.g., Kafka, Flink).

« Integrating monitoring with existing infrastructure.

» Considerations for latency and computational overhead.

o Case Study: Implementing areal-time sentiment analysis model for social media feeds,
requiring immediate drift detection to maintain relevance during breaking news events.

Module 8: MLOps Toolsfor Model Monitoring

« Overview of popular ML monitoring platforms (e.g., MLflow, Evidently Al, WhyL abs, Arize
Al, Seldon Core).

« Setting up monitoring dashboards and visualizations.

» Configuring alerts and notifications (e.g., Slack, PagerDuty).

« Integrating monitoring with CI/CD pipelines.

« Best practices for tool selection and implementation.

« Case Study: Migrating a custom monitoring solution to an ML Ops platform, streamlining
operations and improving visibility for alarge organization.

Module 9: Automated Retraining Triggers

« Defining thresholds for performance degradation and drift.

« Strategies for triggering automatic model retraining.

o Cost-benefit analysis of frequent vs. infrequent retraining.

« Handling concept drift with adaptive learning.

« Designing aresilient retraining pipeline.

« Case Study: An inventory forecasting model automatically retraining when forecasting errors
exceed a predefined threshold, improving supply chain efficiency.



Module 10: Retraining Strategies and Versioning

« Full retraining vs. incremental learning.

» Data selection for retraining: new data, historical data, or a combination.

« Model versioning and lineage tracking.

« Rollback strategiesin case of poor retraining outcomes.

« Managing mode artifacts and metadata.

» Case Study: A medical image classification model requiring periodic retraining with new
disease variants while maintaining performance on existing conditions.

Module 11: Bias Detection and Fairness Monitoring

» Understanding algorithmic bias in deployed models.

« Detecting fairnessissues related to model drift.

« Fairness metrics (e.g., demographic parity, equalized odds).

« Monitoring for disparate impact and disparate treatment.

« Strategies for mitigating bias during retraining.

» Case Study: A hiring recommendation system exhibiting gender bias over time due to subtle
shiftsin applicant data, necessitating fairness monitoring and intervention.

Module 12: Advanced Drift Detection Techniques

» Ensemble-based drift detection methods.

o Adversaria drift detection.

« Unsupervised learning for novel drift patterns.

» Time series analysis for performance and drift trends.

» Developing custom drift detection algorithms.

« Case Study: Detecting complex, non-linear drift in afinancial market prediction model using
advanced statistical and machine learning techniques.

Module 13: Operationalizing Model Monitoring

« Integrating monitoring into existing production systems.

« Setting up infrastructure for monitoring (cloud-native vs. on-premise).

« Security and compliance considerations for monitoring data.

« Scalability and resilience of monitoring systems.

« Building a dedicated ML Ops team for model operations.

» Case Study: Implementing a secure and scal able model monitoring system for a regulated
industry like banking, adhering to strict compliance requirements.

Module 14: Incident Response and Troubleshooting

« Developing playbooks for addressing detected drift.

« Root cause analysis of model performance issues.

« Collaboration between Data Scientists, ML Engineers, and DevOps.

« Communicating model health and impact to stakeholders.

« Post-mortem analysis of model failures.

« Case Study: A sudden drop in performance of a customer service chatbot, requiring rapid
incident response and troubleshooting across multiple teams.

Module 15: Future Trendsin Model Monitoring & Al Governance

« Explainable Al (XAl) in next-generation monitoring.
 Self-healing models and adaptive Al systems.
 Regulatory landscape and ethical Al guidelines.



« Therole of synthetic datain combating drift.

« Emerging tools and research in MLOps and Al governance.

« Case Study: Exploring the challenges and opportunities of monitoring Large Language
Models (LLMs) for "hallucinations’ and behavioral drift.

Training M ethodology

This course employs a blended lear ning appr oach combining theoretical foundations with
extensive hands-on practical exer cises and real-wor ld case studies. The methodology includes:

e Instructor-L ed Sessions: Interactive lectures and discussions to convey core concepts.

« Demonstrations: Live coding and tool demonstrations for practical application.

« Hands-on Labs: Participants will work on practical exercises using industry-standard tools
and datasets.

» Case Study Analysis. In-depth examination of real-world scenarios to understand practical
implications.

« Group Discussions & Problem Solving: Collaborative learning to address complex
challenges.

e Q& A Sessions: Dedicated time for addressing participant queries and clarifying concepts.

» Project-Based L earning: A culminating project where participants apply learned skillsto a
practical scenario.

« Interactive Quizzes and Assessments:. To reinforce learning and gauge understanding.

Register asa group from 3 participantsfor a Discount

Send us an email:

Upcoming Scheduled Sessions

Start Date End Date Location Price

10 Aug 2026 21 Aug 2026 Online $2,200
17 Aug 2026 28 Aug 2026 Online $2,200
24 Aug 2026 04 Sep 2026 Online $2,200
31 Aug 2026 11 Sep 2026 Online $2,200
07 Sep 2026 18 Sep 2026 Online $2,200
14 Sep 2026 25 Sep 2026 Online $2,200
21 Sep 2026 02 Oct 2026 Online $2,200

28 Sep 2026 09 Oct 2026 Online $2,200



Ready to enroll or request a customized program? Book online or contact us:

Register Online Now

Email: info@fineskilltrainingcenter.com | Website: www.fineskilltrainingcenter.com


https://www.fineskilltrainingcenter.com/courses/training-course-on-model-monitoring-and-performance-drift-detection

