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PREFACE

| still remember the first time | deployed a machine learning model to production. The notebook
had been running beautifully for weeks. The accuracy metrics looked impressive. My colleagues
were excited. And then, approximately seventy-two hours after deployment, everything quietly fell
apart. The model had not crashed dramatically — there were no error logs screaming for attention,
no obvious failures to diagnose. It had simply started making worse and worse predictions, drifting
away from reality while the system around it kept running as if nothing had changed. Nobody
noticed for days. That experience, equal parts humbling and clarifying, planted the seed for this
book. | realized that building a model and operating a model are two entirely different disciplines,

and that most of us had been trained in only one of them.

Over the years that followed, | worked with teams across industries — healthcare, finance, retail,
logistics — and discovered that my early production incident was far from unique. In fact,
it was almost universal. Talented data scientists and ML engineers were producing genuinely
sophisticated models, only to watch them degrade silently in production, fail unpredictably under
real-world conditions, or become impossible to update without heroic manual effort. The gap
between a model that works in a notebook and a model that works reliably in a live system is not
a small technical detail. It is a discipline unto itself. That discipline is MLOps, and this book is

my attempt to make it accessible, practical, and immediately useful.

This book is written for ML engineers, data scientists, and platform engineers who are either

already deploying models into real products or preparing to do so. | assume you are comfortable



with the fundamentals of machine learning — you understand how models are trained, evaluated,
and selected — and that you have at least some exposure to software engineering practices like
version control and basic scripting. What | do not assume is that you have any prior experience
with production ML systems, monitoring infrastructure, or deployment pipelines. If you have
struggled to move models out of notebooks and into something that runs reliably at scale, this
book was written specifically for you. If you are a platform engineer supporting data science
teams and want to understand what good ML infrastructure looks like from the inside, you will
find this book equally useful.

My philosophy throughout these pages is simple: production is not a destination, it is a practice.
Too many resources treat deployment as the finish line, the moment when the hard work is
done. In reality, deployment is the beginning of a new kind of responsibility. Models decay.
Data distributions shift. Business requirements evolve. Systems that are not actively monitored
and maintained will degrade, often invisibly. This book is built around that reality. Rather
than presenting MLOps as a collection of tools or platforms to learn, | have organized it around
workflows, habits, and checklists — the kind of repeatable practices that reduce incidents and
build confidence over time. | have deliberately favored concepts and principles over vendor-
specific implementations, so that the ideas here will remain useful regardless of which cloud

provider, orchestration framework, or monitoring stack your team happens to use.

The book is organized into three major sections that mirror the lifecycle of a production ML
system. The first section covers the foundations of reliable deployment: how to structure your
model artifacts for reproducibility, how to version both models and data in ways that make rollback
practical rather than painful, and how to build CI/CD pipelines that treat model releases with
the same discipline as software releases. The second section is devoted entirely to monitoring
— in my experience, the most underinvested area in most ML teams’ toolkits. Here we explore
data quality monitoring, feature drift, prediction drift, and model performance degradation, along
with the alert design and escalation practices that turn raw metrics into actionable signals. The
third section addresses the ongoing work of maintaining ML systems in the long run: retraining
strategies, A/B testing frameworks, incident response playbooks, and the organizational habits

that separate teams that scale gracefully from those that are perpetually fighting fires.

By the time you finish this book, you will be able to take a trained model from a notebook environ-
ment and deploy it through a structured, reproducible pipeline. You will know how to instrument

that model for monitoring, define meaningful performance thresholds, and build alerts that catch



problems before users do. You will understand how to design rollback strategies, manage model
versions across environments, and run controlled experiments to validate improvements safely.
Perhaps most importantly, you will have a set of mental frameworks and practical checklists that
you can adapt to your own team's context — because no two production environments are iden-
tical, and the best MLOps practitioners are the ones who understand principles deeply enough to

apply them flexibly.

| want to be honest about what this book does not cover. It is not a guide to training better
models or selecting algorithms — there are excellent resources for that, and | have assumed you
already have a model worth deploying. It does not go deep on any single cloud platform or
MLOps tool, because those landscapes change faster than books can keep up with, and | believe
your time is better spent understanding the underlying concepts. It also does not address the full
breadth of data engineering or feature store architecture in depth, though | touch on both where

they intersect directly with deployment and monitoring concerns.

What | hope you take away from this book is not just a set of techniques, but a shift in how you
think about your work. The most reliable ML systems | have seen are not the ones built with the
fanciest infrastructure. They are the ones built by teams who treat production as a continuous
responsibility — who monitor obsessively, version everything, test before they ship, and respond
to incidents with curiosity rather than panic. That mindset is learnable. This book is my best

attempt to help you build it. Let's get started.



To all the lifelong learners, who never stop exploring, questioning, and growing.
To those who dare to teach themselves, and then teach others.

This book is for you.
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CHAPTER 1

THE MLOPS MINDSET: FROM
NOTEBOOKS TO PRODUCTION
SYSTEMS

1.1 The MLOps Mindset: From Notebooks to Produc-

tion Systems

Imagine a data scientist at a mid-sized e-commerce company who has just spent three weeks
building a recommendation model. The accuracy metrics look excellent, the notebook runs
cleanly on her laptop, and the business stakeholders are excited. She hands the work off to an
engineering team to "put it into production," and that is when everything starts to unravel. The
engineers cannot reproduce her environment. The model depends on a specific version of a library
that conflicts with the company's existing infrastructure. The data preprocessing steps are buried
inside notebook cells that reference local file paths. Two months later, the model still is not live,
the data scientist has moved on to a new experiment, and the engineering team is quietly dreading
the next handoff. This scenario is not an edge case — it is the default experience at hundreds of

organizations that have invested in machine learning without investing in the discipline to deploy
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it reliably. This chapter is about changing that default.

1.2 Why MLOps Exists: The Gap Between Experimen-

tation and Production

The field of machine learning has matured remarkably over the past decade. Libraries like scikit-
learn, TensorFlow, and PyTorch have made it possible for practitioners to train sophisticated
models in a matter of hours. Cloud platforms provide virtually unlimited compute. Datasets
that once required institutional access are now publicly available. And yet, despite all of this
progress, industry surveys consistently report that a majority of machine learning projects never
reach production. The 2022 Gartner Al in Organizations survey estimated that fewer than 54%
of Al projects make it from pilot to production. The tools are better than ever, but something

fundamental is still broken.

The core problem is that the skills required to explore data and train a promising model are
almost entirely different from the skills required to run that model reliably in a live system. A
data scientist optimizing for insight moves fast, tolerates ambiguity, and treats reproducibility as
a secondary concern. A software engineer or site reliability engineer optimizing for uptime moves
carefully, eliminates ambiguity, and treats reproducibility as non-negotiable. MLOps — short
for Machine Learning Operations — is the discipline that bridges these two worlds. It borrows
practices from DevOps, software engineering, and data engineering, and applies them specifically
to the lifecycle of machine learning systems. The goal is not to slow down data scientists but to

build the infrastructure and culture that allows their work to reach users and deliver value.

It is worth being precise about what MLOps is and is not. MLOps is not a single tool or platform.
It is not simply "using Kubernetes for model serving" or "adding a CI/CD pipeline to your ML
code." Those are implementations of MLOps principles, but the principles themselves are cultural
and organizational as much as they are technical. MLOps is a set of practices that treat machine
learning systems with the same engineering rigor that mature software teams apply to any critical
system: version everything, test everything, monitor everything, and have a plan when things go
wrong. Understanding this distinction is essential, because teams that buy an MLOps platform

without changing their underlying practices will find that the tools do not solve their problems.
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1.2.1 The Hidden Complexity of ML Systems

A traditional software system, at its core, is a deterministic function: given the same inputs, it
produces the same outputs. Bugs are reproducible, and fixing them is a matter of finding the
offending code and changing it. Machine learning systems are fundamentally different. They are
not programmed; they are trained. The behavior of a model is determined not just by the code
that defines its architecture but by the data it was trained on, the random seeds used during
optimization, the specific versions of numerical libraries that affect floating-point arithmetic, and

dozens of other factors that are easy to overlook and hard to control.

This complexity is compounded by the fact that ML systems exist at the intersection of three
distinct domains, each of which can change independently. The data can change — distributions
shift, upstream pipelines break, labeling errors accumulate. The code can change — a library
upgrade alters the behavior of a preprocessing function, a new engineer refactors the feature
engineering logic. And the model itself changes — retraining on new data produces a different
artifact even if the code and configuration are identical. In traditional software, you only have to

worry about code changes. In ML systems, you have to worry about all three simultaneously.

Example: Consider a fraud detection model deployed at a financial services company. The
model was trained on transaction data from 2021 and 2022, when a particular type of card-
not-present fraud was relatively rare. By mid-2023, that fraud pattern had become significantly
more common, but the model's inputs — the feature distributions — had shifted so gradually
that no single day showed a dramatic change. The model’s overall accuracy, measured against a
static validation set from the training period, remained stable. But its precision on the new fraud
pattern had quietly collapsed. No one noticed until a quarterly business review revealed that
chargebacks had increased by 18%. The model had not changed. The code had not changed.
But the world had changed, and the system had no mechanism to detect or respond to that
change. This is a textbook example of data drift, and it illustrates why production ML requires

monitoring capabilities that simply do not exist in a notebook-based workflow.

1.2.2 The Cultural Dimension

The technical challenges of ML in production are real and significant, but they are ultimately
solvable with the right engineering practices. The harder challenge is cultural. In most organiza-

tions, data science teams and engineering teams operate with different goals, different incentive
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structures, and different definitions of success. A data scientist is typically rewarded for building
models with impressive benchmark metrics. An engineer is typically rewarded for building systems
that are reliable, maintainable, and cost-efficient. These goals are not inherently opposed, but

without deliberate organizational alignment, they pull teams in different directions.

The MLOps mindset requires both sides to move toward each other. Data scientists need to
adopt practices from software engineering: writing modular, testable code; documenting their
work; thinking about how their models will be consumed by downstream systems. Engineers need
to develop enough fluency with ML concepts to understand why a model might degrade over
time, why retraining is a first-class operational concern rather than a one-time event, and why
the data pipeline is just as critical as the serving infrastructure. Operations teams need to build
monitoring and alerting systems that go beyond uptime and latency to include model-specific

metrics like prediction drift and data quality scores.

Key Insight

MLOps is not a technology problem that can be solved by purchasing the right platform.
It is an organizational alignment problem. The most effective MLOps transformations

happen when leadership creates shared accountability across data science, engineering,

and operations — not when a single team adopts a new tool in isolation.

1.3 Anatomy of the Notebook-to-Production Gap

The Jupyter notebook is one of the most powerful tools in a data scientist’s arsenal. It enables
rapid iteration, inline visualization, and a narrative style of analysis that is genuinely valuable for
exploration. It is also, by design, almost perfectly unsuited for production deployment. Under-
standing exactly why this is true — not as a criticism of notebooks, but as a precise diagnosis —

is the first step toward addressing the gap.

1.3.1 Hidden Dependencies and Environment Fragility

When a data scientist runs a notebook on her laptop, she is running it inside an environment
that has been built up over months or years of installing packages, updating libraries, and making

ad-hoc configuration changes. This environment is almost never fully documented. A notebook
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that imports pandas, sklearn, and xgboost assumes specific versions of those libraries, but
those versions are rarely pinned. The notebook might also depend on environment variables set
in a .bashrc file, local data files referenced by absolute path, or a GPU driver version that is

specific to her hardware. None of these dependencies are visible in the notebook itself.

When this notebook is handed to a colleague or an automated deployment system, the hid-
den dependencies become immediate blockers. The colleague installs the latest version of
scikit-learn and discovers that the API for a preprocessing class has changed. The deploy-
ment system runs on a Linux container without a GPU and the model training step fails silently.
The data path is hardcoded to /Users/alice/data/training.csv and the file does not exist
on the server. Each of these failures requires detective work to diagnose, and each one erodes

trust between the data science and engineering teams.

The solution is not to abandon notebooks but to treat environment specification as a first-class
artifact. Tools like conda environment files, pip requirements files with pinned versions, and
container images built with Docker allow environments to be captured, versioned, and repro-
duced exactly. The following example shows the difference between an unpinned and a pinned

requirements file:

# Unpinned - fragile, will break when new versions are released
pandas
scikit-learn

xgboost

# Pinned - reproducible, safe to deploy
pandas==2.0.3

scikit-learn==1.3.0

xgboost==1.7.6

numpy==1.24.3

Pinning dependencies is a small practice with a large impact. It is one of the simplest steps a
team can take to begin closing the notebook-to-production gap, and it costs almost nothing to

implement.
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1.3.2 The Absence of Software Engineering Practices

Beyond environment fragility, notebook-based workflows typically lack the software engineering
practices that make code maintainable and trustworthy over time. Notebooks encourage a linear,
imperative style of coding where logic is mixed with exploration, visualizations are interspersed
with transformations, and the same variable might be reassigned in five different cells. This style
is perfectly appropriate for exploration, but it creates serious problems when the code needs to

be maintained, modified, or tested.

Production software is built around functions and classes that have clear inputs, outputs, and
contracts. Each unit of logic can be tested in isolation. Changes to one component do not
silently break another. In a typical data science notebook, the preprocessing logic, the feature
engineering, and the model training are all tangled together in a sequence of cells that must be
run in a specific order. If a new engineer needs to change the feature engineering, she must
understand the entire notebook to do so safely. If a bug is introduced, there is no automated

test to catch it.

Example: A team at a logistics company maintained a route optimization model in a single 800-
cell notebook. Over eighteen months, four different data scientists had contributed to it, each
adding cells at the bottom rather than refactoring the existing code. By the time the team tried
to retrain the model on new data, no one could confidently say which cells were still necessary and
which were artifacts of abandoned experiments. The team spent three weeks reverse-engineering
their own notebook before they could safely retrain. When they finally refactored the logic into
a proper Python package with unit tests, the total code was less than 400 lines — a fraction
of the notebook's apparent complexity. The lesson was not that notebooks are bad; it was that

notebooks are not a substitute for software engineering.

1.3.3 Reproducibility and the Statefulness Problem

One of the most insidious problems with notebook-based workflows is that notebooks are stateful
in ways that are easy to forget. A notebook's kernel maintains state across cell executions, which
means that the results of running cells in a non-linear order can differ from running them top
to bottom. A data scientist might run cell 5, then cell 3, then cell 7, and produce results that
cannot be reproduced by anyone who runs the cells in order. This is not hypothetical — it is a

common source of subtle bugs that are extremely difficult to diagnose.
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Reproducibility in ML systems means something more than just running the same code. It means
being able to recreate the exact model artifact that was deployed, from a specific version of the
training data, using a specific version of the code, with specific hyperparameters, and produce
the same predictions on the same inputs. Achieving this level of reproducibility requires tracking
all of these components as a unit — what the ML community calls an experiment — and storing
that tracking information in a durable, queryable system. Tools like MLflow, Weights & Biases,
and DVC (Data Version Control) are designed specifically for this purpose.

import mlflow
import mlflow.sklearn
from sklearn.ensemble import RandomForestClassifier

from sklearn.metrics import accuracy_score

# Start an MLflow run to track all experiment artifacts
with mlflow.start_run():
# Log hyperparameters
mlflow.log_param('"n_estimators", 100)
mlflow.log_param("max_depth", 5)

mlflow.log_param('"random_state", 42)

# Train the model
model = RandomForestClassifier(
n_estimators=100, max_depth=5, random_state=42
)
model.fit(X_train, y_train)

# Log metrics
predictions = model.predict(X_test)
accuracy = accuracy_score(y_test, predictions)

mlflow.log metric("accuracy", accuracy)

# Log the model artifact

mlflow.sklearn.log _model (model, "random_forest_model")
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print(£f"Run ID: {mlflow.active_run().info.run_id}")

With a single run ID, a team can retrieve the exact hyperparameters, metrics, and model artifact
associated with any past experiment. This is the foundation of reproducible ML — not a luxury,

but a prerequisite for operating a production system responsibly.

1.4 Production ML Systems: The Engineering Rigor

Requirement

When a software system serves real users, the standards for its behavior change dramatically.
Latency must be low and consistent. The system must handle unexpected inputs gracefully.
When something goes wrong — and something always goes wrong — there must be mechanisms
to detect the failure, understand its cause, and restore service quickly. These requirements are not
unique to ML systems, but they are often treated as afterthoughts in ML projects that originated

as research experiments.

1.4.1 Versioning Everything

In traditional software development, version control for code is so fundamental that it is rarely
even discussed — it is simply assumed. In ML systems, version control must extend to three
additional artifacts: data, models, and pipelines. Each of these can change independently, and
each change can affect the behavior of the system in ways that are difficult to predict without

careful tracking.

Data versioning means maintaining a record of exactly which dataset was used to train each
model. This is more complex than it sounds, because training datasets are often assembled
dynamically from multiple sources, filtered according to criteria that may change over time, and
preprocessed in ways that are themselves subject to change. A model trained on data from
January through June may behave very differently from a model trained on data from January
through December, even if the code is identical. Without data versioning, it is impossible to
diagnose performance differences between model versions or to retrain a model exactly as it was

originally trained.
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Model versioning means treating each trained model artifact as a versioned, immutable artifact
with associated metadata: the training data version, the code version, the hyperparameters, and
the evaluation metrics. A model registry — a centralized system for storing and managing model
artifacts — is the standard mechanism for implementing model versioning. When a new model is
trained, it is registered with all of its metadata. When a model is promoted to production, that
promotion is recorded as a state transition in the registry. When a model is retired, its artifact is

preserved for audit purposes.

1.4.2 Testing in ML Systems

Testing is the practice that most clearly distinguishes production-grade software from experimental
code, and it is the practice most commonly absent from ML workflows. Testing in ML systems

operates at multiple levels, each addressing a different category of failure.

Unit tests verify that individual functions behave correctly in isolation. A preprocessing function
that normalizes numerical features should be tested with a variety of inputs, including edge cases
like empty arrays, arrays with a single element, and arrays containing NaN values. A feature
engineering function that computes rolling averages should be tested to ensure it handles time
series with irregular intervals correctly. These tests are fast, cheap to write, and catch a large

class of bugs before they ever reach a model training run.

Integration tests verify that the components of a pipeline work correctly together. A training
pipeline that reads data, preprocesses it, trains a model, and saves the artifact should be tested
end-to-end with a small synthetic dataset to ensure that all of the components are compatible.
Integration tests are slower than unit tests but catch a different class of bugs — particularly those

that arise from interface mismatches between components.

Model validation tests verify that a newly trained model meets minimum performance standards
before it is promoted to production. These tests might check that the model's accuracy on a
held-out validation set exceeds a threshold, that its predictions on a set of known examples are
correct, and that its behavior on adversarial inputs is acceptable. Model validation tests are the

ML-specific layer of testing that has no direct analogue in traditional software.

import pytest

import numpy as np
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from mypackage.preprocessing import normalize_features

def test_normalize_features_basic():
"""Test that features are mormalized to [0, 1] range."""
X = np.array([[1.0, 2.0], [3.0, 4.0], [5.0, 6.0]])
X_norm = normalize_features(X)
assert X_norm.min() == pytest.approx(0.0)

assert X_norm.max() == pytest.approx(1.0)

def test_normalize_features_single_row():
"""Test behavior with a single-row input."""
X = np.array([[2.0, 4.0]1])
# Should not raise; single-row normalization is defined
X_norm = normalize_features(X)

assert X_norm.shape == (1, 2)

def test_normalize_features_constant_column() :
"""Test that constant columns are handled without division by zero."""
X = np.array([[3.0, 1.0], [3.0, 2.0], [3.0, 3.01]1)
X_norm = normalize_features(X)
# Constant column should not produce Nall

assert not np.any(np.isnan(X_norm))

1.4.3 Monitoring and Incident Response

Monitoring is perhaps the most underappreciated requirement for production ML systems. Tra-
ditional software monitoring focuses on infrastructure metrics — CPU usage, memory, latency,
error rates — and these are necessary for ML systems too. But they are not sufficient. A model
serving endpoint can be perfectly healthy from an infrastructure perspective while the model itself
is producing garbage predictions. This can happen because the input data distribution has shifted,
because an upstream data pipeline has introduced a subtle transformation error, or because the

model’s performance has degraded on a new population of users that was not well represented in
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the training data.

Effective monitoring for ML systems requires tracking model-specific metrics alongside infrastruc-
ture metrics. Prediction drift — changes in the distribution of the model’s output — is often the
first detectable signal that something has gone wrong. Feature drift — changes in the distribution
of the model's inputs — can diagnose the root cause. Performance metrics computed against
a ground truth label, when labels are available with acceptable latency, provide the most direct

measure of model health.

Incident response for ML systems requires the same rigor as incident response for any critical
system: clear runbooks that describe how to diagnose and respond to specific failure modes,
defined escalation paths, and post-incident reviews that update the runbooks based on what was
learned. The ML-specific dimension of incident response includes the ability to quickly roll back
to a previous model version, to shadow-deploy a candidate model alongside the production model
to compare their behavior, and to trigger an emergency retraining if the production model's

performance has degraded below an acceptable threshold.

Monitoring Type | What It Detects Example Metric

Infrastructure System-level failures Latency p99, error rate

Data Quality Upstream pipeline issues Missing value rate, schema violations
Feature Drift Input distribution shift PSI score, KL divergence

Prediction Drift Output distribution shift Output histogram change

Model Performance | Accuracy degradation F1 score vs. ground truth

Business Impact Real-world outcome changes | Conversion rate, chargeback rate

Table 1.1: Layers of monitoring for production ML systems

1.5 The MLOps Maturity Model

One of the most practical frameworks for organizations beginning their MLOps journey is the
concept of a maturity model — a staged description of increasingly sophisticated practices that
allows a team to assess where they are today and chart a course for improvement. Several versions
of this model exist, published by Google, Microsoft, and various practitioners in the field. While
the details differ, they share a common structure: a progression from entirely manual, ad-hoc

processes toward fully automated, continuously improving systems.
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1.5.1 Level 0: Manual, Script-Based Workflows

At maturity level zero, data science is entirely disconnected from engineering. Models are trained
in notebooks on individual laptops. Deployment, when it happens at all, consists of a data
scientist handing a serialized model file to an engineer who figures out how to integrate it into
an application. There is no version control for models or data. There is no automated testing.
There is no monitoring beyond the application’s existing infrastructure alerts. Retraining happens

manually when someone notices that the model's predictions have become obviously wrong.

This is not a hypothetical starting point — it accurately describes the state of ML practice at
a large number of organizations today, including some that have been using machine learning
for years. The absence of MLOps practices at this level is not a moral failing; it reflects the
reality that ML was initially adopted as a research and analytics capability, and the operational

requirements emerged only as models began to be used in critical business processes.

Scenario: A retail company's data science team has built a demand forecasting model that runs
weekly in a Jupyter notebook on the lead data scientist's workstation. The output is a CSV
file that she emails to the inventory management team every Monday morning. When she is on
vacation, the forecasts do not run. When her laptop is upgraded, it takes two days to reinstall
the environment. The model has not been retrained in eight months because no one has time to

figure out which cells need to be re-run with the new data. This is level zero.

1.5.2 Level 1: Automated Training Pipelines

At maturity level one, the training process has been converted from a notebook into a repro-
ducible pipeline that can be triggered automatically. Data is versioned. The training environment
is containerized. Model artifacts are stored in a model registry with associated metadata. De-
ployment is still largely manual, but the handoff from data science to engineering is significantly

smoother because the model artifact is well-documented and reproducible.

The key investment at this level is the training pipeline itself — a sequence of steps, each
implemented as a testable, versioned piece of code, that transforms raw data into a deployable
model artifact. This pipeline can be run by any team member with access to the execution
environment, not just the data scientist who originally built the model. It can be triggered by a

schedule, by a data availability event, or manually by an operator.
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1.56.3 Level 2: Continuous Training and Deployment

At maturity level two, the training pipeline is integrated with a CI/CD (Continuous Integra-
tion/Continuous Deployment) system. When new training data becomes available, the pipeline is
triggered automatically. The resulting model is evaluated against the current production model,
and if it meets the promotion criteria, it is deployed automatically. Monitoring is in place for both
infrastructure and model-specific metrics. Alerts are configured to notify the team when metrics

fall outside acceptable ranges.

This level represents a significant operational maturity. The team can confidently deploy new
model versions multiple times per week, roll back to a previous version in minutes if a problem is
detected, and maintain a complete audit trail of every model that has ever been in production.
The data science team can focus on improving model quality rather than managing deployment

logistics.

1.5.4 Level 3: Full MLOps Automation

At the highest level of maturity, the entire ML system is self-monitoring and self-improving within
defined boundaries. Drift detection triggers automatic retraining. A/B testing infrastructure
allows new model versions to be evaluated against live traffic before full deployment. Feature
stores ensure that the same feature transformations are used consistently across training and
serving. The system generates its own operational telemetry that feeds back into the model

development process, creating a virtuous cycle of continuous improvement.

It is important to note that level three is aspirational for most organizations, and that is perfectly
appropriate. The maturity model is not a checklist to be completed as quickly as possible —
it is a roadmap for prioritizing investments. A team moving from level zero to level one will
deliver more business value than a team attempting to jump directly to level three without the

foundational practices in place.
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Common Mistake

Many organizations attempt to implement a full MLOps platform — complete with feature
stores, automated retraining, and A/B testing infrastructure — before they have established
basic practices like version control, reproducible environments, and automated testing.
The result is expensive tooling that sits on top of a fragile foundation. Start with the

fundamentals and build incrementally.

1.6.5 Choosing Your First Improvement

The most common mistake teams make when adopting MLOps practices is trying to change
everything at once. The maturity model is most useful not as a destination but as a diagnostic
tool. By honestly assessing where your team sits today — which practices are in place, which are
absent, which are partially implemented — you can identify the single change that would deliver

the most value for the least effort.

For most teams at level zero, the highest-impact first step is version control: putting all ML
code into a Git repository, establishing a branching strategy, and requiring code reviews before
merging. This single practice immediately improves reproducibility, enables collaboration, and
creates an audit trail. It requires no new tools beyond what most organizations already have, and

it creates the foundation on which every subsequent MLOps practice is built.

For teams at level one, the highest-impact next step is typically automated model evaluation and
a model registry. Being able to compare new model versions against the current production model
on a consistent validation set — automatically, as part of the training pipeline — eliminates a

major source of manual effort and human error in the deployment process.

Case Study: A healthcare analytics company operating at level one found that their highest-
impact gap was the absence of a model registry. Their data science team was training new
models regularly, but there was no systematic record of which model was in production, when it
was deployed, or what its performance metrics were at deployment time. When a performance
issue was reported, the team had to manually search through file shares and email threads to
reconstruct the model’s history. After implementing MLflow as a model registry, the team reduced
their incident diagnosis time from hours to minutes. The registry also revealed that three different

versions of the same model were in production in different parts of the system — a discovery
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that would not have been possible without centralized tracking.

1.6 Building the MLOps Culture

The practices described in this chapter — version control, reproducible environments, automated
testing, monitoring, maturity-driven improvement — are all technical in nature. But their suc-
cessful adoption depends on something that cannot be implemented with a tool or a pipeline:
organizational culture. Culture determines whether a data scientist treats her code as a shared
artifact or a personal notebook. It determines whether an engineering team views model moni-
toring as their responsibility or someone else’s problem. It determines whether a manager rewards
the team that deployed a model quickly or the team that deployed a model reliably.

Building an MLOps culture requires deliberate choices at the leadership level. It means creating
shared definitions of success that span data science, engineering, and operations. It means
investing in cross-functional training so that data scientists understand deployment concerns and
engineers understand model behavior. It means celebrating operational excellence — a model
that has been running reliably in production for a year — with the same enthusiasm as a new

model with impressive benchmark metrics.

It also means accepting that the transition from ad-hoc ML to disciplined MLOps is a journey
that takes time. Teams that have been operating at level zero for years will not transform
overnight. The goal is not perfection; it is consistent, incremental improvement driven by a
shared commitment to delivering ML systems that actually work in the real world. The chapters
that follow will provide the technical tools and practices to make that journey concrete. But
the mindset — the conviction that production ML deserves the same rigor as any other critical

system — must come first.

Key Takeaways

e MLOps is not just tooling but a cultural and process shift that aligns ML, engineering,
and operations teams around shared reliability goals. Purchasing an MLOps platform with-
out changing underlying practices will not solve the fundamental problems of ad-hoc ML

development.
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e The notebook-to-production gap is caused by hidden dependencies, non-reproducible envi-
ronments, and the absence of software engineering practices in typical data science work-
flows. Addressing this gap requires pinning dependencies, containerizing environments, and

refactoring exploratory code into testable, modular pipelines.

e Production ML systems require the same rigor as traditional software: versioning for code,
data, and models; testing at the unit, integration, and model validation levels; monitoring
for both infrastructure and model-specific metrics; and incident response plans that include

rollback and retraining procedures.

e Adopting an MLOps maturity model helps teams identify where they are today and prioritize
improvements incrementally rather than attempting a full overhaul at once. For most teams,
the highest-impact first steps are version control and reproducible training environments —

foundational practices that enable every subsequent improvement.

e The cultural dimension of MLOps is as important as the technical dimension. Shared
accountability across data science, engineering, and operations is a prerequisite for building

ML systems that reliably deliver business value.

Exercises

1. Notebook Audit: Take an existing notebook-based ML project — your own or one from a
public repository — and systematically list every assumption, manual step, and environment
dependency that would prevent a colleague from reproducing the results. Include implicit
dependencies such as local file paths, assumed environment variables, library versions that
are not pinned, and steps that are described in comments rather than implemented in code.

For each item on your list, propose a specific remediation.

2. Maturity Assessment: Map your current team's workflow against the four-level MLOps
maturity model described in this chapter. For each level's practices, honestly assess whether
your team has fully implemented them, partially implemented them, or not implemented
them at all. Based on this assessment, identify the single highest-impact gap to address

first, and write a brief justification for why you chose that gap over the others.

3. Production Readiness Checklist: Write a one-page production readiness checklist tai-

lored to your organization's ML use cases. The checklist should cover three domains: data
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concerns (versioning, quality checks, drift monitoring), model concerns (reproducibility, val-
idation criteria, artifact storage), and infrastructure concerns (serving latency requirements,
rollback procedures, alerting thresholds). For each item on the checklist, specify who is

responsible for verifying it before a model is promoted to production.
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