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A concrete path for taking a data science proof of concept through the operational,
monitoring, and governance gates required to run safely in production.
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Overview

  

A technical playbook for moving machine learning models from proof of concept to
production, covering monitoring, governance, templates, and a worked churn-model
example with real deployment numbers.

Do we need a full MLOps platform to follow this playbook? 

No. The five layers describe capabilities, not specific tools — a small team can implement a
minimal version with open-source components (a Git-based feature store, MLflow for the
registry, a simple statistical drift check) before investing in an enterprise platform. Start
minimal and add tooling as the number of production models grows.

How is this different from Google's or Microsoft's MLOps maturity models? 

Those models describe an organization's overall automation maturity (level 0 through 2).
This playbook is narrower and more actionable: it's a per-model checklist you can run this
week against a specific POC, regardless of where your organization sits on the broader
maturity curve.

What's the difference between data drift and prediction drift, and do we need to monitor
both? 

Data drift is a shift in the input feature distributions (e.g., customer age, usage patterns);
prediction drift is a shift in the model's output distribution. Monitor both — data drift often
precedes a business-metric problem by weeks, giving you an early warning prediction drift
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alone would miss.

How do we decide a model's risk tier? 

Ask what happens when the model is wrong: a wrong product recommendation is low risk
(minor inconvenience), a wrong fraud flag is medium risk (customer friction, potential
revenue loss), and a wrong credit or hiring decision is high risk (legal, regulatory,
reputational exposure). High-tier models need explainability and human review built into the
Governance layer from day one.

How often should we retrain a production model? 

It depends on how fast the underlying data changes, but a good default is a scheduled
retrain (monthly or quarterly) as a floor, plus a drift-triggered retrain whenever monitoring
crosses your defined threshold — relying on schedule alone will miss faster-moving shifts
like the login-pattern example above.

{ "@context": "https://schema.org", "@type": "FAQPage", "mainEntity": [ { "@type":
"Question", "name": "Do we need a full MLOps platform to follow this playbook?",
"acceptedAnswer": { "@type": "Answer", "text": "No. The five layers describe capabilities,
not specific tools — a small team can implement a minimal version with open-source
components (a Git-based feature store, MLflow for the registry, a simple statistical drift
check) before investing in an enterprise platform. Start minimal and add tooling as the
number of production models grows." } }, { "@type": "Question", "name": "How is this
different from Google's or Microsoft's MLOps maturity models?", "acceptedAnswer": {
"@type": "Answer", "text": "Those models describe an organization's overall automation
maturity (level 0 through 2). This playbook is narrower and more actionable: it's a per-model
checklist you can run this week against a specific POC, regardless of where your
organization sits on the broader maturity curve." } }, { "@type": "Question", "name": "What's
the difference between data drift and prediction drift, and do we need to monitor both?",
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"acceptedAnswer": { "@type": "Answer", "text": "Data drift is a shift in the input feature
distributions (e.g., customer age, usage patterns); prediction drift is a shift in the model's
output distribution. Monitor both — data drift often precedes a business-metric problem by
weeks, giving you an early warning prediction drift alone would miss." } }, { "@type":
"Question", "name": "How do we decide a model's risk tier?", "acceptedAnswer": { "@type":
"Answer", "text": "Ask what happens when the model is wrong: a wrong product
recommendation is low risk (minor inconvenience), a wrong fraud flag is medium risk
(customer friction, potential revenue loss), and a wrong credit or hiring decision is high risk
(legal, regulatory, reputational exposure). High-tier models need explainability and human
review built into the Governance layer from day one." } }, { "@type": "Question", "name":
"How often should we retrain a production model?", "acceptedAnswer": { "@type":
"Answer", "text": "It depends on how fast the underlying data changes, but a good default is
a scheduled retrain (monthly or quarterly) as a floor, plus a drift-triggered retrain whenever
monitoring crosses your defined threshold — relying on schedule alone will miss faster-
moving shifts like the login-pattern example above." } } ] } 
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Measuring AI ROI & Value Realization Playbook

An executive playbook for measuring and reporting AI ROI, using a four-stage value ladder,
a baseline-and-attribution method, templates, and a worked customer-s

Executive
Intermediate
Template Included

  Read playbook   

   

Data & AI 

AI Procurement & Vendor Evaluation Playbook (Build vs Buy)

A procurement playbook for AI build-vs-buy decisions and vendor evaluation, with a
weighted scorecard, red-flag checklist, contract-negotiation tips, and a work

Executive
Advanced
Template Included

  Read playbook   

   

Data & AI 

AI Experimentation & Innovation Lab Playbook

A practical playbook for running an AI experimentation function, using a three-gate funnel,
pilot templates, and a worked retail example that shows how to kill 
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Practitioner
Intermediate
Template Included
Workshop Ready

  Read playbook   

  
Talk to our data & MLOps team

  
Log in to post comments 
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Author

Mithun A. Sridharan   

I'm Mithun A. Sridharan, Founder of this website - Think Insights - on Strategy, Management
Consulting, Leadership, Digital Transformation, and Data Literacy. Follow me on social
media or connect with me on LinkedIn for updates.
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