
Introduction: The Passing Grade
The model worked.

That sentence is where most data science stories end, and it is where this book
begins. The notebook ran top to bottom. The metrics looked good, better than
the baseline, good enough to put on a slide. Someone in the room said ship it.
And in that moment the hard part felt finished.

It wasn’t. It was just about to start.

What happens next is a story every team eventually lives through. The notebook
that scored 0.94 on Friday can’t be run by anyone but its author on Monday.
The dependency that wasn’t pinned updates overnight and the numbers move.
The preprocessing step that lived in cell 11 never makes it into the service, so the
model in production sees data shaped differently from the data it was trained
on, and no one notices for three weeks because nothing is watching. The model
didn’t fail because it was a bad model. It failed because it was never built to
be anything more than a model.

This is the gap this book is about. Not the gap between a mediocre model and
a great one (there are shelves of excellent books for that). The gap between
code that produces a result and code that holds up as a system: reproducible,
readable, tested, deployable, and observable once it’s live. That gap is not
made of statistics or mathematics. It is made of software engineering. And it
is the single most common reason data science work dies on the way to pro-
duction: when researchers surveyed published case studies of machine learning
deployments, they found reported failures and struggles at every single stage of
the path from data to a monitored service, most of them engineering problems
rather than modeling ones (Paleyes et al., 2022).

Why so much of it fails
It would be easy, and wrong, to read the paragraph above as a complaint about
data scientists. The people writing this code are not careless or unskilled. They
are, overwhelmingly, smart practitioners who were trained to do something gen-
uinely difficult (frame a problem, choose a method, fit a model, defend a result)
and trained to do it in an environment that actively rewards the habits that
later cause production to collapse.

Think about how the field teaches itself. The notebook is the native medium:
state held in memory, cells run out of order, the environment a personal accident
no one else can reproduce. The reward is the result at the bottom of the page.
Nobody grades the seed you forgot to set, the function you never tested, the
config you hard-coded, or the log line that would have told you the model was
drifting.

Most data science curricula spend their hours on modeling (believe me, I know
this, that thesis didn’t write itself) and almost none on version control, packag-
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ing, testing, deployment, or monitoring. The practitioner emerges able to train a
model and unable to ship one, and then is surprised (reasonably) when the thing
that earned them praise in a notebook earns them an incident in production.
This is not just a curriculum complaint: when Microsoft researchers studied
data scientists embedded in software teams, the engineering side of the job (val-
idating code, integrating it, keeping it running) surfaced as one of the field’s
defining challenges, precisely because nothing in the training pipeline prepares
people for it (M. Kim et al., 2018). And when the same company studied its
own ML-heavy teams, the practices that mattered most were the ones wrapped
around the model, not inside it (Amershi et al., 2019).

The research community has measured how deep this runs. When Sculley and
colleagues at Google looked closely at real machine learning systems, they found
that the model code (the part everyone obsesses over) is a small box in a much
larger diagram (Sculley et al., 2015). Around it sits configuration, data collec-
tion and validation, serving infrastructure, and monitoring, and that is where
the systems actually break and where the long-term cost accumulates. Studies
of reproducibility tell the same story from another angle: across hundreds of
published machine learning papers, almost none documented everything needed
to reproduce them, and most documented only a fraction (Hutson, 2018). If the
people writing the field’s best work can’t reliably reproduce each other’s results,
the average production repository doesn’t stand a chance by accident.

So the failure is systemic, not personal. The bar exists; the training to clear it
does not. This book wants to try to bridge this and create some training.

Production-grade is not a vibe
Here is the claim the rest of the book defends: “production-grade” is not a
compliment you pay to code you happen to admire. It is a bar, and
the bar can be defined.

Every mature engineering discipline has a definition of done: a line between
“it runs” and “it’s ready.” Software engineering has had measurable, multi-
attribute quality models for decades; reliability engineering has service-level
objectives; even machine learning has a precedent most practitioners have never
heard of. Years ago, again at Google, a team published what they called the ML
Test Score: a concrete rubric of tests and monitoring practices, rolled up into
a single number that a team could measure today, improve, and measure again
(Breck et al., 2017). It was modeled on an internal program that did exactly
one clever thing: it turned readiness into a score people wanted to raise.

That is the spirit of this book. Production readiness in data science can be
named, broken into standards, and assessed. Not perfectly (we will be honest,
later, about where assessment is solid and where it is only a useful proxy) but
assessed well enough to tell you where your work stands and what to fix next.
When “production-grade” stops being a feeling and becomes a grade, two things
happen. You can see your own gaps without waiting for them to become outages.
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And you can hold a standard (for yourself, your team, your students) that means
the same thing on Monday as it did on Friday.

Why an engineer is writing this
Most books that try to close this gap are written by data scientists who taught
themselves to code better, and they are written in that voice: here is what
I learned the hard way about engineering. That voice is valuable. It is not
the voice of this book. It can’t be my voice since I did it backwards, I come
from a Biomedical Engineering background, then transitioned into Software
Development, and slowly was brought to Data Science (both baptism by fire in
prod and then a MSc in the area).

So at the end of the day, I am a software engineer, I get paid to code and
generate reliable systems that are used in production environments. I have
spent my career building and operating production systems (APIs, pipelines,
deployments, the unglamorous machinery that has to keep running after the
demo is over) and I came to data science from that side of the house. I have sat
in the review where a model that worked beautifully in a notebook could not be
deployed because nothing about it was reproducible, packaged, or tested, and
I have watched teams of obviously capable people lose weeks to problems that
engineering solved a long time ago. This book is what I wish those teams had
been handed on day one: not how to code a little better, but what the standard
actually is, from someone whose job has always been to meet it.

That difference in vantage point is the whole reason to read this rather than
something else. The engineering practices that make data science production-
grade are not new. They are mature, battle-tested, and well understood, in
software engineering. They have simply never been translated cleanly for the
people who train models. That translation is the work I’m trying to produce
here.

The spine of the book: six standards
To keep the standard from dissolving into a pile of disconnected tips, the entire
book hangs on a single framework. Production-grade data science, in this book,
means meeting six standards. They are not a checklist of topics; they are the
stages a system passes through on its way from a file on someone’s laptop to a
service people depend on. At each stage, there is one question about trust to
answer:

0. Reproducible: can someone else run it and get the same result? (The
environment.)

1. Legible: can someone else read it and follow it? (The code as read.)
2. Structured: is it built so it can change without breaking? (The code as

built.)
3. Proven: does it do what it claims, and keep doing it? (The behavior.)
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4. Shipped: can it run where the users are? (The deployment.)
5. Accountable: would you know within minutes if it broke or drifted? (The

operation.)

Read top to bottom, they are a climb: from running at all, to being understood,
to being correct, to being live, to being trustworthy under real conditions. One of
them, Proven, sits at the top of the book’s priorities, not the bottom. Most data
science content is organized around building a model. This book is organized
around proving one, because verification is where data science most often fails
and where engineering discipline buys you the most. Chapter 3 makes the full
case for why these six, why in this order, and why not five or seven; for now, it
is enough to know that everything ahead is one of these six standards, taught
in depth.

How to read this book
The book follows the standards in order, one part per standard, building toward
a capstone that has to satisfy all six. You can read it straight through to build
the discipline from the ground up, or jump to the standard your current project
is failing and come back for the rest.

Every chapter ends not with a summary but with a verdict: a plain statement
of what meeting that standard looks like and how to tell whether your own work
clears it. The point is not to admire good practice in the abstract; it is to turn
the standard on your own repository and find out where you stand. If you want
that check automated, there is a companion open-source tool, RepoSage, that
can score a repository against the six standards and point at the gaps. It is
available throughout and entirely optional. Every standard in this book can be
met, and assessed, by hand.

A word on what this book is not. It is not a tour of MLOps platforms, a survey
of every cloud, or an introduction to machine learning. The tooling that changes
every year is gathered into a single chapter and treated as exactly what it is: the
current way to meet a standard, not the standard itself. Anything that doesn’t
directly serve one of the six standards has been left out on purpose, because the
fastest way to never finish a production system is to try to cover everything.

Who is this for? Working data scientists and machine learning engineers whose
code has to survive contact with production. Research engineers who have felt
the sting of a result they couldn’t reproduce. Team leads and instructors who
need a standard they can teach and review against, one that means the same
thing every time. If you can train a model and you have ever winced at the
thought of someone else trying to run your code, this book was written for you.

The passing grade
Somewhere in your work right now there is a repository that would not pass.
It runs for you and no one else; or it runs for everyone but proves nothing; or
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it’s tested and shipped but would fail silently the day the world shifts under it.
That repository is not a failure of intelligence. It is a repository that was never
held to a standard, because no one ever wrote the standard down.

This book attempts to write it down. Six standards, one at a time, each with
a clear bar and a way to measure yourself against it. By the end, production-
grade will no longer be a word you use loosely about code you respect. It will
be something you can define, build, and prove: a passing grade you can earn on
purpose.

Let’s begin where every production failure begins: in the notebook.

Further reading
• Sculley et al. on hidden technical debt in machine learning systems (Sculley

et al., 2015): the paper behind the small-box diagram, and the single most
useful thing to read before believing your model is the hard part.

• Paleyes, Urma, and Lawrence’s survey of ML deployment case studies
(Paleyes et al., 2022): a catalogue of where real deployments actually broke,
organized by lifecycle stage; a preview of most of this book’s chapters,
drawn from other people’s incidents.

• Amershi et al. on software engineering for machine learning at Microsoft
(Amershi et al., 2019): what an organization with every resource still had
to learn about wrapping engineering around models.
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